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Preface

The first S.E.R.C. (Science and Engineering Research Council of the Department of
Science and Technology, Government of India, New Delhi) School on Special Func-
tions was sponsored by DST (Department of Science and Technology), New Delhi,
and conducted by CMS (Centre for Mathematical Sciences) for six weeks in 1995.
The second S.E.R.C. School on Special Functions and Functions of Matrix Argu-
ment was sponsored by DST, Delhi, and conducted by CMS for five weeks during
the period 29th May to 30th June 2000. In the second School, the main lectures were
given by Dr. H.L. Manocha of Delhi, India, Dr. S. Bhargava of Mysore, India, Dr.
K. Srinivasa Rao and Dr. R. Jagannathan of Chennai, India and Dr. A.M.Mathai of
Montreal, Canada. Supplementary lectures were given and problem sessions were
supervised by Dr. K.S.S. Nambooripad and Dr. S.R. Chettiyar of CMS, Dr. R.N.
Pillai (retired), Dr. T.S.K. Moothathu and Dr. Yageen Thomas of the University of
Kerala and Dr. E. Krishnan of the University College Trivandrum. Lecture Notes
were brought out as Publication No.31 of CMS soon after the School was com-
pleted. The first two Schools were conducted in Trivandrum (Thiruvananthapuram)
area. Dr. A.M. Mathai was the Director and Dr. K.S.S. Nambooripad was the Co-
Director of these two Schools.

The third S.E.R.C. School on Special Functions and Functions of Matrix Argu-
ment: Recent Developments and Recent Applications in Statistics and Astrophysics,
sponsored by DST, Delhi, was conducted for five weeks from 14th March to 15th
April 2005 by CMS at its Pala Campus, Kerala, India. This time DST, wanted the
lecture notes to be collected from the main lecturers in advance, compiled and dis-
tributed prior to the start of the School. The main lectures for the 3rd School were
given by Dr. Hans J. Haubold of the Office of Outer Space Affairs of the United
Nations, Dr. Serge B. Provost, Professor of Actuarial Sciences and Statistics of the
University of Western Ontario, Canada, Dr. R.K. Saxena of Jodhpur, India, Dr. S.
Bhargava of Mysore, India and Dr. A.M. Mathai of Montreal, Canada. Supplemen-
tary lectures were given by Dr. A. Sukumaran Nair (Chairman, CMS), Dr. K.K.
Jose (Director-in-Charge, CMS Pala Campus), Dr. R.N. Pillai, Dr. Yageen Thomas,
Dr. V. Seetha Lekshmi, Dr. Alice Thomas, Dr. E. Sandhya, Dr. S. Satheesh and
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Dr. K. Jayakumar. Problem sessions were supervised by Dr. Sebastian George and
other lecturers. Extra training in the use of statistical packages, LATEX and Math-
ematica/Maple were given by Joy Jacob, Seemon Thomas and K.M. Kurian of the
Department of Statistics of St. Thomas College, Pala. A special lecture sequence on
Matlab was conducted by Alexander Haubold of Columbia University, U.S.A.

The 4th S.E.R.C. School on Special Functions and Functions of Matrix Argu-
ment: Recent Advances and Applications to Stochastic Processes, Statistics and As-
trophysics, sponsored by DST, Delhi, was conducted by CMS for five weeks from
6th March to 7th April 2006 at its Pala Campus. The main lectures were scheduled
to be given by Dr. Hans Joachim Haubold of the Office of Outer Space Affairs of the
United Nations, Dr. PN. Rathie of the University of Brasilia, Brazil, Dr. S. Bhargava
of Mysore, India, Dr. R.K. Saxena of Jodhpur, India, Dr. K.K. Jose of Pala, India and
Dr. A.M. Mathai of Montreal, Canada. Supplementary lectures were given by Dr. A.
Sukumaran Nair (Chairman, CMS), Dr. K.S.S. Nambooripad (Director-in-Charge,
CMS Trivandrum Campus), Dr. R. Y Denis of Gorakhpur, India, Dr. N. Unnikrish-
nan Nair (former Vice-Chancellor of Cochin University of Science and Technology,
Kerala, India), Dr. Yageen Thomas and Dr. K. Jayakumar. One week was devoted
to Stochastic Processes and recent advances in this area in the 4th School. Problem
sessions were supervised by Dr. Joy Jacob, Dr. Sebastian George and other lecturers.

The 5th S.E.R.C. School in this sequence, titled “Special Functions and Functions
of Matrix Argument: Recent Advances and Applications in Stochastic Processes,
Statistics, Wavelet Analysis and Astrophysics” was conducted by CMS at its Pala
Campus from 23rd April to 25th May 2007. The lecture notes for the 5th School
were assembled by November 2006 and were printed and distributed as Publica-
tion No.34 in the Publications Series of CMS. The main lectures were scheduled to
be given by Dr. Hans J. Haubold (Office of Outer Space Affairs of the United Na-
tions, Austria), Dr. H.M. Srivastava (University of Victoria, Canada), Dr. R.Y. Denis
(Gorakhpur University, India), Dr.R.K. Saxena (Jodhpur University, India), Dr. S.
Bhargava (Mysore University, India), Dr. D.V. Pai (IIT Bombay, India), Dr. Yageen
Thomas (University of Kerala, India), Dr. K.K. Jose (Mahatma Gandhi University,
India), Dr. J.J. Xu (China/Canada), Dr. K. Jayakumar (Calicut University, India)
and Dr. A.M. Mathai (Canada/India). But Dr. H.M. Srivastava, Dr. S. Bhargava and
Dr. Xu could not reach the venue on time due to unexpected emergencies. Supple-
mentary lectures were given by Dr. A. Sukumaran Nair (Chairman,CMS), Dr. R.N.
Pillai (former Head, Department of Statistics, University of Kerala, India), Dr. N.
Mukunda (IISc, Bangalore, India) and the problem sessions were supervised by Dr.
Sebastian George, Dr. Joy Jacob, Dr. Seemon Thomas and the lecturers. For the
2005, 2006 and 2007 Schools, Dr. A.M. Mathai was the Director and Dr. K.K. Jose
was the Co-Director of the Schools.

The participants for the S.E.R.C. Schools are selected on all-India basis. All the
expenses of the selected candidates, total number of seats is 30, including travel,
accommodation, food, lecture materials, local travels etc are met by the DST, Delhi,
Government of India. Foreign participation is allowed under the conditions that the
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participants must come with their own return air tickets and must attend all the lec-
tures, and problem sessions and take all the examinations and tests from the begin-
ning till the end. All their local expenses are met and lecture materials are provided
by the Schools. There is no fee for attending the Schools. The Schools are mainly
research orientation courses aimed at young faculty members in colleges and uni-
versities across India, below 35 years of age, and fresh graduates with M.Sc, M.Phil,
Ph.D degrees below 30 years of age, in Mathematics/Statistics/Theoretical Physics.
In most of the Indian universities rigid compartmentalization is the order and as a
result a M.Sc graduate in mathematics may not have even taken a very basic course
in probability and statistics. Even though basic differential and integral calculus and
matrix theory are required subjects for statistics and physics students, these stu-
dents may have forgotten these subjects because they teach the compartmentalized
topics in their own areas and do not usually do research even in their narrow ar-
eas of their own fields. For maintaining their jobs and getting regular increments in
their salaries and all other monetary and other benefits, research work and further
reading and learning process are not required of them. As a result, the quality of
teaching and the information passed on to the students go down from year to year.
In order to remedy this situation a little bit, S.E.R.C. Schools in various areas were
started by DST, Delhi. Dr. A.M. Mathai was asked to run S.E.R.C. Schools in math-
ematics. For taking up a challenging research problem in any applied area a good
background in basic mathematics, probability and statistics is required. In order to
give the basic ideas in probability and statistics and to bring a number of topics in
the area of Special Functions and Functions of Matrix Argument and their appli-
cations to the current research level, these S.E.R.C. Schools on Special Functions
were established. The current sequence of five Schools really achieved the aim and
almost all the participants in the first four Schools have become research oriented
towards a career in research and teaching, and the participants of the 5th School are
also expected to follow the same footsteps of their predecessors.

Chapter 1 introduces elementary classical special functions. Gamma, beta, psi,
zeta functions, hypergeometric functions and the associated special functions, gen-
eralizations to Meijer’s G and Fox’s H-functions are also examined here. Discussion
is confined to basic properties and some applications. Introduction to statistical dis-
tribution theory is given here. Some recent extensions of Dirichlet integrals and
Dirichlet densities are also given. A glimpse into multivariable special functions
such as Appell’s functions and Lauricella functions is also given. Special functions
as solutions of differential equations are also examined here.

Chapter 2 is devoted to fractional calculus. Fractional integrals and fractional
derivatives of various kinds are discussed here. Then their applications to reaction-
diffusion problems in physics, input-output analysis and Mittag-Leffler stochas-
tic processes are examined here. Chapter 3 deals with g-hypergeometric or basic
hypergeometric functions and Chapter 4 goes into basic hypergeometric functions
and Ramanujan’s work on elliptic and theta functions. Chapter 5 examines the topic
of Special Functions and Lie Groups.
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Chapters 6 to 9 are devoted to applications of Special Functions to various ar-
eas. Applications to stochastic processes, geometric infinite divisibility of random
variables, Mittag-Leffler processes, a-Laplace processes, density estimation, order
statistics and various astrophysics problems, are dealt with in these chapters.

Chapter 10 is devoted to Wavelet Analysis. An introduction to wavelet analysis is
given here. Chapter 11 deals with the Jacobians of matrix transformations. Various
types of matrix transformations and the associated Jacobians are given here. Chapter
12 is devoted to the discussion of functions of matrix argument. Only the real case
is considered here. Functions of matrix argument and the pathway models, recently
introduced by Mathai (2005), are also discussed here, along with their applications
to various areas.

In all the S.E.R.C. Schools conducted under the Directorship of Dr. A. M. Mathai
a serious effort is made so that the participants absorb the materials covered in the
Schools. The classes started at 8.30 am and went until 6.00 pm. The first lecture
of 08.30 to 10.30 was followed by a problem session from 10.30 to 13.00 hrs on
the materials covered in the first lecture. The second lecture of the day was from
14.00 to 16.00 hrs followed by problem session from 16.00 to 18.00 hrs. At the
end of every week a written examination was conducted, followed by a personal
interview of each participant by the lecturer of that week in the form of an oral
examination. Cumulative grades of such weekly examinations appeared in the final
certificates distributed to them. The main aim was to inculcate in them a habit of
long and sustained hard work, which would help them in their careers whatever
they may be. During the first week the participants, especially the teachers from
colleges and universities, found it difficult to adjust to the routine of long hours of
hard work but starting from the second week, in all the Schools, the participants
started enjoying, especially the problem sessions, because for the first time, they
started understanding and appreciating the meanings and significance of theorems
that they learnt or memorized when they were students.

The lecture notes are written up in a style for self-study. Each topic is developed
from first principles with lots of worked examples and exercises. Hence the material
in this book can be used for self-study and will help anyone to understand the basic
ideas in the area of Special Functions and Functions of Matrix Argument and they
will be able to make use of these results in their own problems in applied areas, espe-
cially in Statistics, Physics and Engineering problems. Applications in various areas
are illustrated in this book. Insights into recent developments in the applications of
fractional calculus, in the developments in various other topics are also given in the
book so that the readers who are interested in any of the topics discussed in the book
can directly go into a research problem in the topics.

Several people have contributed enormously for the success of the S.E.R.C. Schools
and in making the publications of four Lecture Notes and this final publication of
summarized lecture notes possible. Dr. B.D. Acharya, Advisor to Government of
India and Dr. Ashok K. Singh of the Mathematical Sciences Division of DST, New
Delhi, are the driving force behind the re-energized mathematical activities in India
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now. They were kind enough to pursue the matter and get the funds released for
running the Schools as well as for the preparation of various publications, including
this one. Since the basic materials for this publication are supplied by various
lecturers in the form of their lecture notes, there will be some overlaps. Very obvious
inconsistencies are removed but some overlapping materials are left there to make the
discussions self-contained. Dr. R.K. Saxena, Dr. S. Bhargava, Dr. H.J. Haubold, Dr.
P.N. Rathie, Dr. K.K. Jose, Dr. K. Jayakumar, Dr. H.L.. Manocha, Dr. R. Jagannathan,
Dr. K. Srinivasa Rao, Dr. K.S.S. Nambooripad, Dr. Serge B. Provost, Dr. Yageen
Thomas, Dr. D.V. Pai, and Dr. A.M. Mathai are thanked for making their notes
available in advance for the S.E.R.C. Schools. Most of the material was typeset
at CMS office by Miss K.H. Soby, Dr. Joy Jacob, Seemon Thomas, Dr. Sebastian
George, Dr. K.K. Jose and Dr. A.M. Mathai. Part of the material was typeset by
Barbara Haubold of the United Nations, Vienna Office, fully free of charge as a
voluntary service to the Schools. Notes and programs for a series of lectures on
Matlab were supplied to CMS by Alexander Haubold of Columbia University, USA.
Those notes are not included in this book to keep the materials within the focus of
the book. Dr. Sebastian George, Dr. Joy Jacob, Dr. Seemon Thomas, K.M. Kurian,
Jaisymol Thomas and Ashly P. Jose, who spent a lot of time in running problem
sessions, in running separate sessions on the use of statistical packages and Maple
program, use of LATEX etc and for checking the typed materials, are thanked. CMS
would like to thank each and every one who helped to make S.E.R.C. Schools on
Special Functions a grand success and who helped to make this publication possible.

The authors would like to express their sincere thanks to the Department of
Science and Technology, Government of India, New Delhi, India, for the financial
assistance under the project No. SR/S4/MS:287/05 titled “Building up a Core Group
of Researchers/Faculty and Facilities at CMS, Trivandrum and Pala Campuses”,
which enabled the collaboration on this book project possible. We express our sin-
cere gratitude to the Management and especially to Dr. Mathew John K. (Principal),
St. Thomas College Pala, Kerala, India, for providing all facilities in the College
during the preparation of this book.

Pala, Kerala, India A.M. Mathai
1%" February, 2007 H.J. Haubold
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Chapter 1

Basic Ideas of Special Functions and Statistical
Distributions

[This chapter is based on the lectures of Professor A.M. Mathai of McGill University, Canada
(Director of the SERC Schools).]

1.0 Introduction

Some preliminaries of special functions and statistical distributions are given here.
Details are available from the following sources, which are accessible to the partic-
ipants of the SERC Schools:

1.

2.
3.

Notes of the 2"¢ SERC School. (Publication No 31 of the Centre for Mathemat-
ical Sciences (CMS)), 2000.

Notes of the 3" SERC School. (Publication No 32 of CMS), 2005.

Notes of the 4™ SERC School. (Publications No 33,33A of CMS), 2006.
Mathai, A.M. (1993). “A Handbook of Generalized Special Functions for Sta-
tistical and Physical Sciences”, Oxford University Press, Oxford, U.K.
Mathai, A.M. and Saxena, R.K. (1978). “The H-Function with Applications in
Statistics and Other Disciplines”, Wiley Halsted, New York.

Mathai, A.M. and Saxena (1973). “Generalized Hypergeometric Functions
with Applications in Statistics and Physical Sciences”, Lecture Notes No 348,
Springer-Verlag, Heidelberg, Germany.

Notation 1.0.1. Pochhammer symbol

(b), =b(b+1)---(b+r—1), (b)o=1,b#0. (1.0.1)

For example,

(

D=4 =5 =00 -0

(;)4 (;) <; n 1) (;H) (; +3>= %:—10:(7)0 — 1;(0)5 = not defined.



2 1 Basic Ideas of Special Functions and Statistical Distributions

The following general property holds for m,n non-negative integers

(@) min = (@)m(a+m), = (a)n(a+n)y. (1.0.2)
Notation 1.0.2.  Factorial n or n factorial
n!'=(1)(2)---(n), 0! =1 (convention ). (1.0.3)

For example,

1
5! = not defined; (—5)! = not defined; 1! = 1;0! = 1 (convention);
31=(1)(2)(3)=6; 41=(1)(2)(3)(4) = 24.

Notation 1.0.3. Number of combinations of » taken r at a time

< ) = number of subsets of r distinct objects from a set of n distinct objects
r

nn—1)---(n—(r—1)) nn—1)--(n—r+1) n!
- r! r! :r!(nfr)!’ Osr<n.

For example,

<T> ) % B (3) - 0!(4410)1 - 122!) - (j> - % =1

()=n=0) = = ()= ()

1/4
( { ) = not defined as a combination;

(_23> = not defined as a combination; 2) = not defined as a combination;
n\ nmn—1)---(n—r+1) (=1)(-n)(—n+1)---(—n+r—1)
r) r! B r!
—1)"(—=n),
_ GV (1.0.5)
r!

If (f) is interpreted not as the number of combinations but as in equation (1.0.5)
then one can give interpretations when 7 is not a positive integer. For example

() 5h- ) )43
(1/2) _ C* <_;>2 _ =1 (_1> <_1+1> . iﬂ _ L

2 2! 2! 2
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1.1 Gamma Function

Notation 1.1.1. TI'(z) = gamma z

A gamma function I'(z) can be defined in many ways. I'(z) exists for all values of
z, negative, positive and complex values of z, exceptatz=0,—1,—2,---. Also I'(z)
has an integral representation for R(z) > 0 where R(-) means the real part of (-).
Thus we may note for example that I'(5) exists; F(—%) exists; F(%) exists; I'(0)

2)

[N

does not exist; I'(—3) does not exist; I'((—3) exists. Some of the definitions of T
are the following:

—

Definition 1.1.1.

I'(z) = —o 2#0, =1, =2, (1.1.1)

Definition 1.1.2.

Iz = z1ﬁ<1+i>z<1+i>l. (1.1.2)

n=1

Definition 1.1.3.
B <1+Z) (1.1.3)
I'(z) ot I k) o

Definition 1.1.4.
1 = Z z
_ = 1z — n
) ze | | [(1+n)e ] (1.1.4)

n=1

where 7 is the Euler’s constant, defined as follows:

Notation 1.1.2. Euler’s constant y

I 1 1
Y= lim {1 + 5+§ +-~~—|—; —lnn} ~ 0.577215664901532860606512.  (1.1.5)

Definition 1.1.5.

() = pf / T e PG R(p) > 0,%(2) > 0. (1.1.6)
0
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Definition 1.1.6.

1 | feti
= = 7= t el dr 0,R 0,i=v-1 1.1.7
I—-(Z) 27171 l_im € k) c > ) (Z) > ) L ( )

where 7 is the mathematical constant,

7T~ 3.141592653589793238462643. (1.1.8)

1.1.1 Some basic properties of gamma functions

From all the definitions of I'(z) it is not difficult to show that
I(@)=(z-Dl(z-1) (1.1.9)

whenever the gammas are defined. It is obvious from the integral representation in
(1.1.6). Take p = 1 and integrate by parts by using the formula

/udv:uv—/vdu

and by taking dv = e ™" and u = ¢*~!. If the integral representation is used then we
need the conditions R(z) > 0,R(z— 1) > 0 which means R(z) > 1. This restriction is
not needed for the Definitions 1.1.1 - 1.1.4. [Verification and derivation of the result
in (1.1.9) by using the Definitions 1.1.1 - 1.1.4 are left to the reader]. Continuing the
process in (1.1.9) we have the following:

I'z)=(z—1)(z=2)---(z—r)(z—7r) (1.1.10)

whenever the gammas exist. As a consequence of (1.1.10) we may note that for
n = 1727 ...

I(n)=mn-1)n-2)-1T1)=mn-1)n-2)-1=@n-1)1 (1111

since I'(1) = 1. Thus, I'(z) can be looked upon as a generalization of (z— 1)!. Thus
for example,

- -amsses 1) - Q) )3)- ()
B-EEE-20
(- ()
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Thus whenever I'(z) is defined we can write it in the form
I'(z) = (a few factors) ['(a), 0 < a < 1. (1.1.12)
But I'(ex) for 0 < o < 1 is extensively tabulated. Hence for computational purposes
we may use the formula in (1.1.10) and the extensive tables for T'(¢t) for 0 < o < 1
Example 1.1.1. Evaluate I’ (%) r (—%)
Solution 1.1.1: By using (1.1.10) we have the following:
1 1 3 27 27
f(3)=(2)(3)(-3)(5)

_ (=D"WE)--27) 1“(—27) N

B 214 2
"(-5) - =)
"(3)-(3)E)-6)rG)
Hence

r<521> r<—227> _ (49)(47)...(272)5525)...(1) ri) (1)(3)2'1"*'(27) r(é)

) ()]

21 2

Direct computation of this quantity will overflow in the computer. Hence take log-
arithms, simplify and then take antilogarithm to obtain the exact result. It can be
shown that I (%) = /7 where 7 is the mathematical constant and hence one may
use (1.1.8) while computing I" ().

Example 1.1.2. Show thatT'(3) = VT .

Solution 1.1.2: A simple proof can be given with the help of the integral repre-
sentation for gamma functions.

O] ) [ e

:/oo oox_%y_%e_(””dx/\dy.
o Jo
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Put x=rcos? 0, y=rsin’ 0,0 < r<eo, 0<8 < Z. Then the Jacobian is 2rsin cos 6.
Then,

2 T

1 = 4
[r(zﬂ :/ /2 (rcos? 8) 3 (rsin® ) 32rcos O sin Be~"dr A dO

r=0.J6=0

_ (2/0%9) (/Owe’dr) :n:>1"(;> -V (1.1.13)

where dr A d@ denotes the wedge product or skew symmetric product of the differ-
entials dr and d6.
Also one can give a representation of the Pochhammer symbol in terms of gamma

functions . I )
a-t+n
(a)n = ) (1.1.14)

whenever the gammas exist.

1.1.2 Wedge product and Jacobians of transformations

Notation 1.1.3. A = wedge product, dx A dy = wedge product of dx and dy.

Definition 1.1.7.
dxAdy = —dyAdx = dxAdx = —dxAdx=0.

Thus, a wedge product is a skew symmetric product. As a consequence of Def-
inition 1.1.7 we can evaluate the Jacobians when transforming a set of variables to
another set of variables. As an example, let us consider two scalar functions of two
real scalar variables x| and x;. Let

yi = fi(x1,x2) and y2 = fo(x1,x2).

Then 5 5 5 5
dy; = idxl + idxz and dy, = ﬁdxl + ﬁdxz
ox) dxy ox dxy
J

where 5. denotes the partial derivative operator. Then

d d d d
dy; Ady, = idxl‘f'ld)Cz A ﬁdxl—‘rﬁdxz
dxi dxp ox) oxa

_9hdf 9fi0fs
- 8x1 8x1 dXI AdX] + 8x1 aXQdXI /\dxz
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I o2 I o2
+ aX2 axl dJC2/\dJC1 + 8x2 adeXZ/\dxz

:0+ %%d}ﬂ /\de_A'_%%de/\dxl +0
8x1 (9)62 (9)62 8)61

since dx; Adx; =0and dx, Adxy, =0
—— == — —=— ==l dx; Adxy = Jdx; Adx>

since dxy Adx; = —dx; Adxo

where J is the Jacobian given by the expression

dx; dxy
J_9fidf 9fidfy |7 Rl (1.1.15)
3)61 8)C2 8x2 8x1 fr df

Observe that a 2 x 2 determinant is evaluated as

2o = @@ -©o),

where |[.]| denotes the determinant of the matrix [.].

Example 1.1.3. Evaluate the Jacobian in the transformation y; = x; +x, and
Y2 = X1.

Solution 1.1.3: The Jacobian J is given by

9 9N

aX] axz ]1
J= S OCRUGE
9h 9fh
aX] axz
where
ofi 9 9 9 v 9
e Tl(xl+x2)—178762(xl+x2)—1>87q(x1)—178762(’“1)—0

Example 1.1.4. Evaluate the Jacobian in the transformation x = rcos’6, y =
2
rsin” 6.
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Solution 1.1.4: The partial derivatives with respect to r and 6 are the following:

d 0 d d
3—): = cos’ 0, £ = —2rcos0sin0, a—z = sin’ 0, % =2rsinfcosH.
ox dx
J— Ir 98| lcos?@ —2rcosOsinf
" 1oy ay| |sin?6 2rcos@sin6
dr 90
= cos® 0[2rcos 6 sin 0] + sin” B[2rcos O sin 6]
= 2rcos 0 sin B[cos” O + sin® O] = 2rcos Hsin 6.
This means,

dxAdy=JdrAd6 =2rcosBsin6 drAdo. (1.1.16)

Note that the various steps in the solution of Example 1.1.2 are done with the help
of (1.1.16).

1.1.3 Multiplication formula for gamma functions

I'(mz) = (27r)12 m’”z_%l“(z)l"<z+nl1> -~F<z+ m;l>, m=1,2,--- (1.1.17)

For m = 2 we obtain the duplication formula for gamma functions, namely,

T(2z) = (2n)12222zir(z)r(z+ ;) = nizzzlr(z)r<z+ ;) (1.1.18)

We may simplify gamma products with the help of (1.1.17). For example,
1 o1 1 1 _1 (1 1
= = ) | — —+— | =xm2I( = ~ =
eraerfa( D] etz (D)e(h ) cwte(2) r(D) v
1 =3 11 2 1 2 2
1=I(1)=T|3[{z)|=(2 rf- |z I(1 r-ry=|)=—.
w=rp(3)] e =G )r(Ero=r()r(E) - G

By using the product formulae for trigonometric functions we can establish the fol-

lowing results:

['(z)I'(1 —z) = 7 cosecnz (1.1.19)

=
—~
N
~
-
—~
|
N
~—
I

T
——COSec Tz (1.1.20)
z

1 1
F<2+Z>F<2—Z> =T secTmz. (1.1.21)
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1.1.4 Asymptotic formula for a gamma function

For |z| — e and « a bounded quantity, it can be shown that

1 1
InT'(z+ @) :Eln(Zﬂr) + <z—|— o — 2) Inz—z

S (=D)B (@)
- a)|<m—e,e>0 1.1.22

where By (@) is a Bernoulli polynomial. A brief description is given here and for
more details see Mathai (1993).

1.1.5 Bernoulli polynomials

Notation 1.1.4.

B,(ca) (x) = generalized Bernoulli polynomial of order k

B]((] ) (x) = Bi(x) = Bernoulli polynomial of order &
B(0)

B; = Bernoulli number of order k

Definition 1.1.8.

tOCexl oo tk
CENCh yB/Ea)(XL || < 2m; (1.1.23)
rev =k
= X B, Il <2m; (1.124)
k=0""
, -
o7~ LB ll<2m (1.1.25)
k=0

1.1.6 Some basic properties of generalized Bernoulli polynomials

BY (x) = 4 (1.1.26)
B () = 1; (1.1.27)
k o

For computational purposes we need the first few Bernoulli polynomials. These will
be listed here.



10 1 Basic Ideas of Special Functions and Statistical Distributions

1.1.7 The first three generalized Bernoulli polynomials

o a3a—1)
Bg)a)(x) = l;B(la)(x) =x— E;Bga)(x) =x>—ax+ — 0 (1.1.29)
From here one has the Bernoulli polynomials and Bernoulli numbers:
1 1
Bo(x)zl,Bl(x):x—E,Bz(x):xz—x—i—g (1.1.30)
1 1
By=1 Bi=—=, By =—. 1.1.31
o=1, B 5 Ba=¢ (1.1.31)

The first part of (1.1.22) is known as Stirling’s approximation for a gamma function,
namely,

T(z+ ) ~ (2m) 274 177 (1.1.32)
for |z] — e and o a bounded quantity.
For example, taking z =90 and & = 0.5 we have

(90.5) ~ vV271(90)*° e,

For o and 8 bounded and |z| — oo we have

Fz+a)  (2m) FHoetet 5

2
~ = . 1.1.33
Fz+a+B)  (am)igtathe— ¢ ( )

Example 1.1.5. Evaluate the following integrals:

o0 o oo 1
(1) / e dy (2) / e Max; (3) / e ™ dx.
0 —oo 0

Solutions 1.1.5:
(1): Putu =8 :>x*u8 =dx= 8u8 ldu x4fu7

g 1/°° 11, 1_/5

dx = — 278 du=-T1[ =

/Oxe 80u u 3 <8
(-

(2): Since the integrand is an even function, f(x) = f

/ 672\x|dx — 2/ efzxdx — / eiydy, (Zx = y) =
oo 0 0

3): Puty:2x%:>x:%:>dx:24—ydy:%dy.

7);2 1 7!
/0 e = 43/yeydy_2(4)r(8):2(43)

_3is
s

x), we have
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Exercises 1.1.

1.1.1.  Evaluate the following whenever they exist:
@ (3 ®Emm @0 @ o
4

1.1.2. Evaluate the following, interpreting as the number of combinations, when-
ever they exist:

ONEYE (b) (3): (©) (5): (@) (); (&) (3)-

1.1.3. Evaluate the following in terms of I'(ex),0 < o < 1.

(a) D(=3); (b) T(=3): () T(3): (d) (7).
1.1.4. Evaluate the following:
(a) T(3)T(3): (b) T(5)I(3) -

1.1.5. Prove that Definitions 1.1.3 and 1.1.4 are one and the same.
1.1.6. Prove that zI'(z) = I'(z+ 1) by using Definitions 1.1.1 and 1.1.2.
1.1.7. Evaluate the following integrals:

(a) f(;”x%e’3x5dx; (b) fomxa’le’“"adx (state the conditions).
1.1.8. Evaluate the following integrals:

(a) [~ e 3Mdx; (b) [, |x|* e’ dx (state the conditions).

1.1.9. Show that for R(ar) > 0, R(B) >0,
I(a)T(B) :r(a+/3)/01xa*1(1 —x)ﬁ’ldx:F(a+ﬁ)/01xﬁ’1(1 —x)% dx.
1.1.10. Show that for R(a) > 0, R(B) > 0,

I(a)l(B)=I'(a+p) /waa_l(l+x)_(°‘+5)dx: r(a+ﬁ)/Omxﬁ—l(lﬂ)—(wﬁ)m
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1.2 The Psi and Zeta Functions

The logarithmic derivative of a gamma function is the psi function and successive
derivatives give generalized zeta functions.

Notation 1.2.1. y(z): psiz

Definition 1.2.1.

w(g) = imr() Ld%r(z) (12.1)

(2)
InT'(z /1//

By taking logarithm and then differentiating one can obtain many properties for psi
functions from the corresponding properties of gamma functions. For example, from
(1.1.10.) we have

1 1

1
W(Z)_Z—il—'_ziz—’— +7+W(Z_r) (1.2.2)

The following are some further properties:

1 > 1
v(z)=—7— 2 +zk; e (1.2.3)
o 1
y(l)= (1.2.5)
w(;) — —y—2In2 (1.2.6)
v(z) —y(l —z) = —mcotnz (1.2.7)
1 1
l[/(2—|—z>—l,l/<2—z) = Ttan7z (1.2.8)

where 7 is the Euler’s constant.

1.2.1 Generalized zeta function

Notation 1.2.2.

C(p,a) : generalized zeta function
{(p) : Riemann zeta function
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Definition 1.2.2.

R |
C(p,a) :kg;)(kﬂz)P’ Rip)>1,a#0,—1,-2,-- (1.2.9)
> ]
Ep) =Y 5> Rlp)>1. (1.2.10)
k=1

For p < 1 the series is divergent. Successive derivatives of (1.2.4) yield the following
results:

d d =1
@lnl"(z) = d?"'@ = kgb e £(2,2) (1.2.11)
r r—1 Y(z), for r=1
& o = Ly =
& dz (=1)"(r—1)'¢(r,z), for r>2
. =]
=(-1) (r—l)!k;O(Hk),. (1.2.12)
Explicit evaluations can be done in a few cases.
N
() =¢en=Y 5=7%¢ (1.2.13)
k=1
C(4):C(4,1):ii:ﬂ—4 (1.2.14)
=kt 90
B B < 1 B (71)r+1(27£)2r
¢(2n) =¢(2n,1) = k; Eae W&, (1.2.15)

where By, is a Bernoulli number. For these and other results see Mathai (1993).
Exercises 1.2.

1.2.1.  Prove formula (1.2.4) by using (1.1.10).
1.2.2. Prove formula (1.2.3).

1.2.3.  Prove formula (1.2.6) by using the duplication formula for gamma func-
tions.

1.2.4. Show that

1 1
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1.2.5. Evaluate y(—3).

1.2.6. Evaluate y(5).

1.2.7. Iflnl(z+1)=ao+a1z+---+ay7"+--- evaluate a,, n=0,1,2,---
1.2.8.  Show that {(k, 1) = (2¥ = 1){ (k).

1.2.9.  Show that { (k,—3) = (—1)F (2¥) [1 + ;k] +¢ (k,3).

1.2.10. Show that

1.3 Integral Transforms

Basic integral transforms are the Mellin transform, the Laplace transform and the
Fourier transform. Once the transforms are given, the unique functions which are
recovered from these transforms are known as the inverse transforms such as in-
verse Mellin transform, inverse Laplace transform and inverse Fourier transform
respectively. Depending upon the kernel function in the integral transform we have
many other transforms such as the Bessel transform, Whittaker transform, Hankel
transform, Stieltjes transform, Laguerre transform, hypergeometric transform, K-
transform, Y-transform, G-transform, H-transform etc.

1.3.1 Mellin transform

Notation 1.3.1. M/ (s) : Mellin transform of f(x) with parameter s

Definition 1.3.1. The Mellin transform of a real scalar function f(x) with parame-
ter s is defined as

My (s) = /Omxf—lf(x)dx (1.3.1)

whenever M (s) exists.



1.3 Integral Transforms 15

It is a function of the arbitrary parameter s. Existence conditions for the Mellin
and inverse Mellin transforms are available from books on complex analysis. Some
detailed conditions are given in Mathai (1993). Since the participants of the School
are a mixed group it is unwise to go into the theory of integral transforms and the
details of existence conditions. We will introduce the basic transforms and illustrate
how to use these transforms to solve practical problems.

Example 1.3.1. Evaluate the Mellin transform of the function f(x) =e* for
x> 0.

Solution 1.3.1:
My(s) = /WxS*le*"dx:r(s) for R(s) >0 (1.3.2)
0

from the integral representation of the gamma function in (1.1.6).

Thus given M(s) = I'(s) what is that function which gives rise to this M(s).
We know that one such function, if there exists many functions, is e *. Under the
conditions of uniqueness for the existence of the inverse, the inverse function is
uniquely determined as e™*. The formula for the inverse Mellin transform is the
following:

1 o
flx) = - /LMf(s)x ds,i=+—1 (1.3.3)

and L is a suitable contour, usually L = {¢ — ioo,c + ico} for some real c. Let us
evaluate the inverse transform for My (s) in Example 1.3.1.

Example 1.3.2. Given Ms(s) =T'(s) evaluate f(x).

Solution 1.3.2: From equation (1.3.3), f(x) is given by the formula

! CHOOF —d 134
f(x)—z—m/ﬁiw (s)x*ds. (1.3.4)
This is a contour integral or an integral in the complex domain. The poles of the
integrand I'(s)x™* are coming from the poles of I'(s), which are at the points s =
0,—1,—2,---. (see Definition 1.1.1). By the residue theorem in complex analysis,
f(x) in (1.3.3) is available as the sum of the residues of the integrand at the poles
s=0,—1,-2,---. The residue at s = —V, denoted by R, is given by

R, = SEI‘PV(S +V)[[(s)x"].

Since direct substitution will give an indeterminate quantity we may seek help from
the property of gamma function in (1.1.10). That is,
(s+v—1)---sT(s) I(s+v+1)

(S+V)F(S):(S+V) (S+V_1)"'S :(S_’_v_l)...s.




16 1 Basic Ideas of Special Functions and Statistical Distributions

Now, direct substitution is possible and hence

R — fi LAV D) (-nY ,
Vv (s+v—1)-s (=1)(=2)---(-v) V!

Hence the sum of the residues is given by

[ agk

1%

EK(V) _ io (_1!)va —e ¥

v=0

which is the inverse function recovered from My (s) = I'(s). We may also observe
from (1.3.4) that the poles are at s = 0, —1,—2,--- and hence if a straight line con-
tour ¢ — oo to ¢+ ico is taken with any ¢ > 0 then all the poles of the integrand in
(1.3.4) lie to the left of the contour. Then an infinite semi-circle can enclose all these
poles and the residue theorem applies immediately.

Definition 1.3.2. Residue at z = a. If the scalar function ¢(z) in the complex
domain has a pole of order m at z = a then the residue at z = a, denoted by R, is
given by the following:

Rum — lim{(l [ ! (za)mq)(z)] } (13.5)

z—a | (m—1)! | dzm!

=1lim[(z—a)¢9(z)] for m =1 or for a simple pole at z = a.

z—a

For example,
5

z
e )
has simple poles or poles of order 1 at z = 1 and at z = 3, whereas
e*Z
02() = (z—=2)3(z+1)
has a simple pole at z = —1 and a pole of order 3 at z = 2. The residue of ¢;(z) at
z=11s then
-1)7° > 1° 1
Ri—tim—C= D 2 —

zﬂl(z—l)(z—:;) —17—3 1-3 2

and the residue of ¢ (z) at z = 3 is given by,
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The residue at z =2 in ¢ (z) is given by the following:

oo =i {3 [ -2 ]
2 e %
‘li“%{l [izm]}
llz{ {e_z<zi1*(sz“(zflﬁ)”

1.3.2 Laplace transform

Notation 1.3.2. L,(r) : Laplace transform of f with parameter 7.

Definition 1.3.3. The Laplace transform of a real scalar function f(x) of the real
variable x, with parameter ¢, is defined as

Ly(t) = /: e () dx (13.6)

whenever Ly (1) exists. The inverse Laplace transform is given by

1
flx)= %/LLf(t)e”‘dt, i=v—-1 (1.3.7)

where L is a suitable contour. Thus (1.3.6) and (1.3.7) are known as the Laplace
inverse Laplace pair.

Example 1.3.3. Evaluate the Laplace transform of the following

yo-1 7x
flx)= F(Oc)e , x>0,R(a) >0 and f(x) =0 elsewhere.
Solution 1.3.3:
o0 o—1,—x oo O—1a—(1+1)x
L:(t) = —fxud_x:/ de
7(1) /0 T o I(a)

=(1+1)"% for 14+1>0.

The Laplace transform in (1.3.6) need not exist always. But if 7 is replaced by it

i=+/—1, then

e ™ =costx—isintx and e~ = |costx —isintx| = 1.
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Hence

[ e < [ 17wl

Therefore, if f(x) is an absolutely integrable function in the sense 7 |f(x)|dx < oo
then %7 e ™ f(x)dx always exists. This is known as the Fourier transform of f(x),
denoted by Fy(r). That is,

Ff(z)z/;e*”)‘f(x)dx, i=+/—1. (1.3.8)

More aspects of the basic transforms will be discussed after introducing statistical
densities.

Exercises 1.3.

1.3.1. Convolution property for Mellin transform. Let
1 u
gu)= [ —filv)f2 (7) dv. (1.3.9)
0 v v
Then show that the Mellin transform of g(u) with parameter s, denoted by #(s),
is the product of the Mellin transforms of fj(x) and f>(y) respectively. That is,

h(s) = hi(s)ha(s), hi(s) = [o"x " filx)dx, ha(s) = [5"y* " f2(y) dy.
1.3.2. Show that

e T L a1, L(@)(B)
/Ox L1 —x)P ldx—./o V(1 —y) 1dy—m, R(a) > 0,R(B) > 0.

1.3.3.  Show that

1.3.4. By using Exercise 1.3.2., or otherwise, evaluate the Mellin transform of
the function

S0 = m”‘“—xw 0<x<l,

R(ar) > 0,R(B) >0 and f(x) =0 elsewhere.
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1.3.5. By using Exercise 1.3.3., or otherwise, evaluate the Mellin transform of
the function
INa+pP)

9= Nar(p)
x>0,R(ex) >0,R(B) >0 and f(x) =0 elsewhere.

xafl (1 _;'_x)*(a*B)’

1.3.6. Evaluate the Laplace transform of the function in Exercise 1.3.4. if it exists.
1.3.7. Evaluate the Laplace transform of the function in Exercise 1.3.5. if it exists.

1.3.8. Convolution property of Laplace transforms. Let

g(u) = /O ufl (u—x) f2(x)dx. (1.3.10)

Then the Laplace transform of g(u) is the product of the Laplace transforms of fj (x)
and f>(x) respectively, whenever the Laplace transforms exist.

1.3.9. Let f(x) be a real scalar function of the real and positive variable x.
Consider the transformation y = — Inx. Then show that the Mellin transform of f(x)
with parameter s is the same as the Laplace transform of the corresponding function
of y with parameter s — 1 when the transforms exist.

1.3.10.  Evaluate the inverse Laplace transform of

L 1
s(1) = (1+20)(1+31)°

1.4 Some Statistical Preliminaries

A random experiment is an experiment where the outcomes are not deterministic.
If the purpose of an experiment is to see whether a gold coin will sink in water
then the outcome is predetermined. The coin will sink in water. It is not a random
experiment. Consider an experiment of throwing a coin. Call one side of the coin
“head” and the other side “tail”. If the aim is to see whether head or tail will turn
up when the coin is thrown once then the outcome is not predetermined. There is a
chance that the head may turn up. There is also a chance that the tail may be the one
turning up. This is a random experiment. If we assume that the coin will not stand on
its edge and that it will fall head (H) or tail (T) for sure then there are two possible
outcomes in this random experiment. The outcome set, called “sample space”, is
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then {H,T}. If a die ( a cube with the six faces marked 1,2,3,4,5,6) is rolled once
then either 1 may turn up or 2 may turn up, - - -, or 6 may turn up. The sample space
here is the set {1,2,3,4,5,6}.

An event is a subset of the sample space. In the case of the die the event of
rolling a number between 3 and 5 (inclusive) is the set {3,4,5}. The event of rolling
an even number is the set {2,4,6}. In the case of throwing a coin once the event
of getting a head A = {H} and the event of getting a tail B = {T}. The “chance”
of the occurrence of the event A is called the probability of A, denoted by P,(A)
or simply P(A). Let us assign a number between 0 and 1 to measure P(A). In the
experiment of throwing a coin once the event of getting two heads is impossible
or it is a null set, denoted by O. The event of getting either a head or tail when
the coin is thrown once is sure to happen. It is a sure event, denoted by S. Let us
assign the number zero to the impossible event O and the number one to the sure
event S. Then any event C C S (subset of S) has the probability 0 < P(C) < 1. In
the random experiment of throwing a coin once the events A = {H} and B = {T'}
are mutually exclusive because when A occurs B cannot occur or their intersection
is null or AN B = O. In this experiment the union of these two events is the sure
event itself, that is AUB = S. In the experiment of rolling a die once consider the
following events: Ay = {1},A> = {3,5},A3 = {4},A4 = {2,6}. Then A;NA; = O for
alli# jand A| UAy UA3UA4U = S. These events are then called mutually exclusive
(intersections are null sets) and totally exhaustive (union is the sure event). The
probability of an event will be defined by using the following postulates. For any
sample space S of a random experiment let A be an event, A C S, with probability of
A denoted by P(A). Then P(A) is assumed to satisfy the following postulates:

(i) 0<P@A)<1
(i) P(S)=1 (14.1)
(i) P(AJUA2U---)=P(A1)+P(A2)+--- whenever Aj,As,---

are mutually exclusive.

The above postulates will not help to evaluate the probability of an event in a
given situation. What is the probability that it will rain at 12 noon tomorrow over
this lecture hall? There are two possibilities: A = event that it will rain, B = event
that it will not rain. These are mutually exclusive and totally exhaustive and hence

1= P(S) = P(AUB) = P(A) + P(B)

from postulates (ii) and (iii) and we know that 0 < P(A) < 1. Since there are only two
possibilities A and B we cannot conclude that P(A) = % These two events obviously
do not have equal probabilities. A meteorologist will be able to give a good estimate
for P(A).

In the case of throwing a coin once what is the probability of getting a head? If
the events are A = {H } and B = {T'} then as before we can come to the equation

1 =P(A)+P(B) with 0 < P(A) < 1.
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We cannot say that P(A) = % claiming that there are only two possibilities. In the
case of rain we have seen that probabilities cannot be assigned by simply looking
at the number of possibilities. If there is no way of preferring one event to another
or if there is symmetry in the outcomes of the random experiment then one way is
to assign equal probabilities. If there is symmetry with respect to all characteristics
of the coin then we say that the coin is balanced. In this case we will assign equal
probabilities P(A) = 1 and P(B) = 3.

Example 1.4.1. If a “balanced” coin is tossed twice the possibilities are {HH },
{HT}, {TH}, {TT} where the first letter denotes the outcome in the first trial.
Since we assumed symmetry in the outcomes we assign equal probabilities to the
events P(A1) = 1, P(Ay) = 1, P(A3) = %, P(A4) = } where A| = {H,H}, A, =
{H,T}, A3 ={T,H}, Ay = {T,T}. Let x denote the number of heads in the indi-
vidual outcomes. Then x can take the values 2, 1,0. Thus x is a variable. Further, we
can assign probabilities to the values x takes. Probability that x = 2 is the probability
of the event A|. But x = 1 means either A, or A3 has occurred with probabilities %
each. Hence we have the following probability function for x , denoted by f(x)

%, forx =2

%, forx=1
fw=1"

7, forx=0

0, elsewhere.

This is an example of a discrete random variable, discrete in the sense of taking
individually distinct values, such as 2, 1,0, with nonzero probabilities. Observe also
that we can define a function of the following type F(y) = probability that x is less
than or equal to y, or written as

F(y) = Pr{x < y},cumulative probabilities up to y

for all real values of y. In our example above, F(y) = 0 for all y such that —eo < y < 0.
But at y = 0 there is a probability % and there is no probability for the interval

0 <y < 1.Butaty =1 there is another probability of % and no probability over the

interval 1 <y < 2 and then % at y =2. Thus F(y) is a step function of the following
form:

1
IFo ¢T4
0, —o<y<O0 ¢1_2
X L
1 o<y<t 4
F(y)= ‘31 = T T T
7, 1<y<2 o 1 2 —

1, 2<y<oo. Fig. 1.4.1 A distribution function
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X l

P C Q
Fig. 1.4.2 Random cut

Example 1.4.2. Random cut. A child played with scissors and cut a string of
length / into two pieces. Let one end of the uncut string be denoted by P, the other
end by Q and the point of cut by C. Let the distance PC be denoted by x. Note that x
is a variable and we can also make probability statements on x. A convenient way to
assign probabilities to x is to assign “relative lengths” as probabilities. What is the
probability that the cut C is between 8.2 and 9.4, when [/ = 10.

Then 94-82 12

0~ 10" 0.12
is the probability that x falls between 8.2 and 9.4 or that C falls between 8.2 and 9.4.
What is the probability that the cut is between 11 and 11.5. This, of course is zero
because it is an impossible event. What is the probability that C is on an interval of
length Ax over the closed interval [0, 10]? The answer is obviously %. Then we may

associate a function f(x) with this random variable x that

1
f(x):{w, 0<x<10

Pr{82<x<94}=

0, elsewhere.

This x is defined on a continuum of points with nonzero probabilities and hence it
is called a continuous random variable as opposed to a discrete random variable. In
this case what is the probability that x = 2.3 ? The length is zero here and hence

23-23
10

In this example also one can look at the cumulative probability function.
Let

Pr{x=23}= 0.

F(y) = Pr{x <y}
0, —eo<y<0
— 1 _
1, y>10.

Fig. 1.4.3 A distribution function

Definition 1.4.1. A random variable. A real variable x for which a probability
statement of the type Pr{x < y} makes sense for all real y, —co < y < oo, is called a
real random variable.
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If x takes individually distinct values with nonzero probabilities (as in Example
1.4.1) then x is called a discrete random variable whereas if x takes a continuum of
points with nonzero probabilities (as in Example 1.4.2) then x is called a continuous
random variable.

Definition 1.4.2. The distribution function or cumulative probability function.
For any random variable x, F(y) = Pr{x <y} is called the distribution function
associated with x.

If x is discrete then F(y) will be a step function as in Figure 1.4.1. In general,
whether x is discrete or continuous or mixed, F (y) satisfies the following conditions:

(i) F(=e0)=0
(i) F(eo)=1
(iii) F(a) < F(b)fora <b. (1.4.2)

If F(x) corresponds to a continuous random variable and if F(x) is differentiable

then d
=—F 143
) = £F () (143)
is the density function for the continuous random variable x. If F(x) is a step func-
tion then the probability function f(x) of the discrete random variable x is available
by taking successive differences. A density or probability function satisfies the fol-

lowing conditions:

(i) f(x)>O0forallx (1.4.4)

(i) /:o f(x)dx = 1if xis continuous, and ¥ £(x) = 1 (1.4.5)

—o0

if x is discrete, where X denotes a sum.

Example 1.4.3. Check whether the following are density functions correspond-
ing to a continuous real random variable x.

(a) f(x)=Ae ™ x>0,1>0and f(x) = 0 elsewhere.

a—1,"F
(b) f(x)= )ﬁ x>0,0>0,8>0 and f(x) = 0 elsewhere.
() flx)= bia’ a<x<b,a<b and f(x)=0elsewhere.

Solution 1.4.1:
(@) Is f(x) > 0 for all x ? Obviously it is true. Is the total integral 1?

/ " f)de =0+ / T e Mrdy = / e dy, (y = Ax)
Lo 0 0
=1.
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Fig. 1.4.4 Probability of an event

Hence it is a density function. This density is known as the exponential density.
What is the probability that x takes values between 2 and 5.7 in this case?

5.7
Pr{2<x<5.7}= / Ae Mdx
2

— area under the curve between the ordinates at x =2 and x = 5.7.

In the continuous case, in general when a single real random variable is in-
volved, the probabilities are the areas under the curve and the total area = total
probability = 1.

It is obvious that f(x) > 0 for all x. Is the total integral 1?

/f )dx = 0+/w;a;a /wya leiy (y=;>

=—==1.
[(et)
Itis adensity. This is called a gamma density or a two parameter gamma density.
It is a density whatever be the values of o > 0 and 8 > 0. Such unknowns in a
density function, or in a probability function, are called parameters. Here there
are two parameters and in the example (a) above there was one parameter A.

The first condition is obvious and hence we check the second condition.

b
X } b a_,

/:cf(x)dx:O—i-/a.bbladx: {ba a_ b—a

This is called a uniform density in the sense that the probability is uniformly
distributed over the closed interval [a, b] in the sense that the probabilities, which
are areas under the curve, over intervals of equal lengths are equal wherever be
the intervals taken from [a, D).
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L |

a b

Fig. 1.4.5 Uniform density

Example 1.4.4. Check whether the following are probability functions corre-
sponding to some discrete random variable x.

(a) f(x)= <n>px(1 —p)"*x=0,1,2,---,n, 0 < p < 1 and f(x) = 0 elsewhere.
X

X

(b) f(x)="Ze*x=0,1,2,---, 4 >0and f(x) = 0 elsewhere.
X.

Solution 1.4.2:

(a) The first condition is obvious. Hence we check the second condition.

if(x) =0+ i <Z)Px(1 —p)"F=p+(1-p"=1"=1.
- x=0

Hence it is a probability function. It is called the binomial probability function
and x here is called a binomial random variable because the probability function
f(x) is the general term in the binomial expansion [a + b]" where a = p,b =

1—p.

(b) The first condition is obvious. Consider

0 X

Zf(x):O—kZ;e’L:e* S =¢ At =1.
— x=0 x=0

This is known as the Poisson probability function, named after its inventor
S. Poisson, a French mathematician. Note that we have only probability masses
at individual points x = 0,x = 1, - - -. For example,

A0 A A /’Ll A A
Pr{x:O}:ae* =e ", Pr{le}:ve* =Ae™ ",

and so on.

Example 1.4.5. Poisson arrivals. Consider an event taking place over time ¢, such
as the arrival of telephone calls to a switchboard, arrival of customers at a check-
out counter, arrival of cars for repair in a repair garage, occurrence of earth quakes
at a particular locality, and so on. Let the arrivals be governed by the following
conditions: (i) The probability of an arrival in time interval ¢ to ¢ + At is proportional
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to its length, say AA¢.  (ii) The probability of more than one arrival in this interval
of length Ar is negligibly small, we take it as zero for all practical purposes.  (iii)
Arrival or non-arrival in [¢,7 4+ Az] has nothing to do with what happened before.
Under these conditions, what is the probability of getting exactly x arrivals in time ¢.
Let us denote this probability of x arrivals in time ¢ by f(x,#). Then f(x,z+ Ar) is the
probability of x arrivals in time # + Af or in the interval [0,z + Ar]. This can happen
in two ways: exactly x arrivals in [0,7] and no arrivals in [t,7 + Az] or exactly x — 1
arrivals in [0,7] and one arrival in [f,7 + A¢]. These are mutually exclusive events
also. Hence,

FOt+Ar) = f(x,0)[1 — AAt] + f(x— 1,1) LAt (1.4.6)
That is,

f(x7t+At) 7f(xat)
At

=Af(x=1,0) = f(x.1)].
Taking the limit as A+ — O we have the difference-differential equation
d
S F () = =ALf(nn) = fe= L), (147)

This can be solved successively by noting that at x = 0, f(x — 1,7) = 0 since the
number of arrivals has to be zero or more. Thus,

d
5, /0.0) = =2f(0.1) = f(0.0) =e ™.
Solving successively (the reader may also verify ) we have,
At)*
f(x,t):%e”l’,l>O,t>0,x=0,1,2,-~~. (1.4.8)

and zero elsewhere, or we have a Poisson probability law with parameter Az.

Exercises 1.4.

1.4.1. Bernoulli probability law. Show that f(x) = p*(1—p)'*,x=0,1,0< p< 1
and f(x) = 0 elsewhere is a probability function.

1.4.2. Discrete hypergeometric law. Show that

flx)= (i) (nfx)/(a:b),xzo,l,--. nora;

b, a positive integers, is a probability function.



1.4 Some Statistical Preliminaries 27

1.4.3. Bose-Einstein density. Show that
1) :
X) =
c[—1+exp(o+ Bx)]

is a density where c is the normalizing constant (in the sense that ¢ will make the
total integral unity). Evaluate ¢ also.

,0<x <o, >0

1.4.4. Cauchy density. Show that

0= =

is a density where c is the normalizing constant. Evaluate ¢ also.

—co < x< o0, A>0

1.4.5. Fermi-Dirac density. Show that

1
flx) = c[l+exp(o+ Bx)]

is a density where c is the normalizing constant. Evaluate ¢ also.

0<x<oo,a#0,8>0,

1.4.6. Generalized gamma (gamma, chisquare, exponential, Weibull, Rayleigh etc
special cases). Show that

flx)= cxo‘_le_‘”ﬁ, o>0,a>0,6>0,0<x<oo.
is a density function where c is the normalizing constant. Evaluate ¢ also.
1.4.7. Helley’s density. Show that
flx)= (%) e me)/(KT) " x5 0,m>0,g>0,T >0

is a density function.

1.4.8. Helmert density. Show that

nxz

(n—1) X \n—2 *(72)
n 2 = e 2o
flx)= ki , 0<x<o0,0>0,
o2 I(%)

n a positive integer, is a density function.
1.4.9. Normal or Gaussian density. Show that
,l(ﬂy
f(x)=ce 208 ) [ —co < x < oo, —c0 < [l < o0, 0>0

is a density. Evaluate the normalizing constant c.

1.4.10. Maxwell-Boltzmann density. Show that

flx) = %ﬁ%x e P 0<x<o0,f>0

is a density.
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1.5 Some Properties of Random Variables

A few essential properties of random variables will be given here so that the rele-
vance of special functions can be appreciated.

Notation 1.5.1. E[y/(x)] : Expected value of y(x)

[ vrwar (15.1)

when x is continuous with density function f(x)

Definition 1.5.1.

=L V(S (1.5.2)
when x is discrete with probability function f(x).

Example 1.5.1. Evaluate the expected value of x” when x has an exponential
density
f(x)=2Ae™™, x>0,1 >0 and f(x) = 0 elsewhere.

Solution 1.5.1:

0+/ 7’lxdx=}f’/ y ey, y = Ax
0
=ATT(r+1)=rA™"

by evaluating with the help of a gamma function. For example, the expected values
of x in this case is
E(x) = —.
(W)=

Example 1.5.2. Evaluate the expected value of a Poisson random variable x with
parameter A.

Solution 1.5.2:

oo )Ux a Aw X
(x):0—|—x§6x—!e =e ;xF

oo 1
AT e reh

’IZ et =A.

The expected value of the Poisson random variable is the parameter itself.

(x—1)!
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Definition 1.5.2. /= E(x") is called the 7" moment of x and E (x — E(x))" = U,
is called the " central moment of x.

uy =E(x)
is also called the mean value of x or the centre of gravity in x. When x is discrete,
taking values x1,- - - ,x; with the corresponding probabilities py,---, px, pi > 0,i =
1,---,k, p1+---+ pr =1 then

k k

Y1 pixi
E(x)=Y pixi = = (1.5.3)
i=1 Yiipi

This can be considered to be a phys- v v o
ical system with weights pi,---,p; at P P P
X1, ,x; then E(x) is the center of grav-

ity of the system.

Fig. 1.5.1 Centre of gravity

o = Ex— E()]* = E[* —xE(x) + [E(x))?]
= E(x*) — [E(x)]? = Var(x) (1.5.4)
is called the variance of x and the positive square root 6 = / Var(x) is called the
standard deviation of x. Observe that ¢ can measure the spread or dispersion in
x from the point E(x). In a physical system , can also represent the moment of

inertia of the system. Observe that from the definition of expected value it follows
that

Elay(x)+ D] = aE[y(x)] +b, (1.5.5)
where a and b are constants.
E[e™] =M(t); M(—1)=Ly(1), (1.5.6)

is called the moment generating function of x. Observe that when ¢ is replaced by
—t and when the variable is continuous with density function f(x) for a positive
random variable x then M(—t) is the Laplace transform of f(x). When 7 is replaced
by it,i = v/—1 we obtain the characteristic function of x and when it is replaced by
—it we obtain the Fourier transform of the density of x.

Example 1.5.3. Evaluate the variance of the random variable x having the density
function

x, 0<x<1
f(‘x): 2_-x7 1§X§2
0, elsewhere.
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Solution 1.5.3:
0+/ dx+/ (2 —x)dx
1 2
:m +[22_33L:1.
o+/ dx+/ 2(2— x)dx 2
Var(x) = E(2) ~ [E@P = L 17 = ¢

Example 1.5.4. Evaluate the moment generating function for the Gaussian or
normal density

2
,—o0 < x < oo, —oo Ll <o0,0>0.

M(t)=E(e") = e’“E[et("_“)] since e'*is a constant

=t /°° et ! e 205 ) 4y,
—o0 21

Puty = ’% = dx = ody. Then for z = (y—10)/V2

)
00 alOy—73Y 252 oo z
e 2 t“c
M(t) =e* dy=¢*"2 / —=dz
—oo \/27‘[ —oo \/ﬁ
242
=t

The last part is evaluated with the help of a gamma function.

_2 2
1) e Z 00 Z
/ =2 / dz due to evenness

\/ﬁ VT
:/w W%_leiwdw w=2z
0 ﬁ ’ '
VT f '

1.5.1 Multivariate analogues

A function f(xy,- -+ ,x;) of k real variables (xj,---,x;) is a probability function or a
density function if it satisfies the following conditions:
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(i) f(x1,--+,x,) >0 forall xj, - ,x
() [Z - [ f(xr, e yxk)dxg A< Adxg = 1if xp,- -+, x; are continuous and

oo =

Zn-Zf(th ,xg) = Lif xp,- -+, x; are discrete. (1.5.7)

—o0 —o0

For mixed cases when some variables are discrete and others continuous sum up the
discrete ones and integrate the continuous ones.

One popular multivariate (many variables case) discrete situation is the multino-
mial probability law given by the probability function

n!

f(xla"'7xk): p)lq'”p)[zkapi>07iz]a"'ak7

x1!~oxk!
P1+"'+Pk:1a x,-:O,l,---,n, l:l7ka X1+"'+Xk:n.

This is a k — 1 variate probability function. Since x| + --- 4 x; = n there are only
k — 1 free variables.

For any multivariate probability density function we can define expected values,

product moments, joint moment generating function, joint characteristic function
etc.

M(l] Lo atk) — E[et1x|+...+zkxk]

:/ / e f () A Ady (15.8)

if x1,- - ,x; continuous with density f(xj,- - ,x¢)

=YY e f () (1.5.9)
if xp,---,x; are discrete, is the joint moment generating function of xy,---,x;. If
t; is replaced by —¢; for i = 1,---  k then we obtain the Laplace transform of the
density f(xi,---,x¢) forx; >0, i=1,--- k. If t; is replaced by —itj,i = v/—1 for
Jj=1,---,k we have the Fourier transform of f(x;,---,x;) for x; continuous for
j=1,- k.

1.5.2 Marginal and conditional densities

If f(x1, -+ ,x) is the joint density of the random variables xj, - - - , x; then if we inte-
grate out a few of the variables we obtain the joint marginal density of the remaining
variables. For example
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fi (xl) =/ / f(X1,X2,X3)dX2 Adxs (1.5.10)
is the marginal density of x; when f(x1,xp,x3) is the joint density of x1,x, and x3.
If x1,- -+, x; have the joint density f(xy,---,x¢) and if x1,- -+ ,x, and x4 1, , Xk
have the joint marginal densities g (xj,---,x,) and ga(x,41,---,x;) respectively
then the conditional density of xj,---,x, given X,4| = dp4+1,--- ,Xx = a, where
Qry1-+ - ,a; are given numbers, is given by a(xy, - -+, Xp|Xp41 = dpg1 -+, X = ag)
x DY x
:Matxr+1:ar+lf“axk:ak (1.5.11)
82(Xri1,0 0, Xk)

provided g (agy1, - ,ax) # 0.

Example 1.5.5. Evaluate the marginal densities of x; and x, and the conditional
density of xj given xp = % from the function

S, %) =x14+x2,0<x; <1,0<x <1and f(x1,x) = 0 elsewhere,
provided it is a joint density function. Check whether it is a joint density.
Solution 1.5.5: Let the marginal densities be denoted by fi(x;) and f>(x2) re-
spectively.

1

1
fl(xl):/x f(x17x2)dx2:/0 (X1+X2)dx2:X1+§

1
fz(X2):/x fxr,x)dx :/0 (x1 +x2)dx) ZX2+%

f(x1,x2) > 0 for all x; and x,. Further,

w oo 1l 1 1
/ / f(xl7x2)d~xl/\dx2:0+/0 /O(x1+xz)dx1/\dxzi/o (x1+2>dx11.

Hence f(x1,x2) is a joint density and the marginal densities are as given above. The
conditional density of x| given x, = % is given by

1 f(xl,xg) 1

h = — | = —~ at =
(xl 2 3) flm) 7
X1 tx x1+3 6 ( 1

x1+3>70§x1§]

and h(xi[x; = 1) = 0 elsewhere.
Observe that the notation for x;|x; ( x; given x; ) is a vertical bar after the first
set of variables, and not a division symbol.
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Exercises 1.5.

1.5.1. Evaluate the conditional density of y given x and (1) the conditional ex-
pectation of y given x, denoted by E(y|x), (2) the conditional variance of y given x,
denoted by Var(y|x) if the following is a joint density function of x and y. Verify that
it is a joint density.

1

1 y-2-3x2
f(x,y)zi2 > e 275 >,f°°<y<<>0, 1<x<e0,06>0
pade) T

and f(x,y) = 0 elsewhere.

1.5.2.  If the joint density is the product of the marginal densities then the random
variables are said to be independent or independently distributed. Show that in (i)
below the variables are independently distributed whereas in (ii) the variables are
not independent.

(i) flxi,x2,x3) = 6671722735 0 < x; < 00,0 < xp < 00,0 < x3 < o0, and
F(x1,x2,x3) = 0 elsewhere.
(i) flx,y)=x4+y, 0<x<1,0<y<1 and zero elsewhere.

1.5.3. Evaluate the conditional density of x; given x, and x3, denoted by g
(x1]x2,x3) in (i) of Exercise 1.5.2 and the conditional density of x given y, de-
noted by ga(x|y) in (ii) of Exercise 1.5.2. Evaluate the conditional expectations
E(x1|x2 = 5,x3 = 10),E(x|y = 2) and show that E (x| |x2,x3) = E(x;) and E (x|y) #
E(x). [When the variables are independently distributed the conditional expectation
is the same as the marginal expectation or it is free of the conditions imposed on the
conditioned variables].

1.5.4. Letx; have the gamma density

(Xj*l X
fj(xj):m’e Pixj20,0;>0,B;=p>0
Y

and fj(xj) = 0 elsewhere, for j = 1,2. Assume that x| and x, are independently dis-
tributed [the joint density is the product of marginal densities when independent].

Consider u = x1 +xp,v = Xlﬂxz and w = % Show that (i) u and v are independently

distributed [ Hint: Consider the transformation x; = rcos? 0,x; = rsin? 0], (i) u is
gamma distributed (¢ has a gamma density ), and (iii) evaluate the densities of v
and w.

1.5.5.  Evaluate the joint moment generating function in Exercise 1.5.2 (i) and
show that it is a product of the marginal (individual ) moment generating functions
due to independence of the variables.
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1.5.6.  Evaluate the joint moment generating function in Exercise 1.5.2 (ii) and
show that it is not the product of the marginal (individual ) moment generating func-
tions.

1.5.7.  The covariance between two random variables x and y, denoted by
Cov(x,y), is defined for non-degenerate random variables (Var(x) # 0, Var(y) # 0 ).
It is a measure of joint variation in (x,y) and it is defined as

Cov(x,y) =E[x—EX)][y—E(y)]

and the linear correlation in (x,y) is defined as p = % = p(x,y). Show
ar(x) Var(y

that whatever be the non-degenerate random variables x and y,—1 < p <1 and
p ==+l ifand only if y =a+ bx,b # 0,a,b constants.
1.5.8. Show that

(i) Cov(x,y) =E(xy) - E(x)E(y)
(i) p(x,y) =p(ax+b,cy+d), a>0,c>0,a,b,c,d constants.

1.5.9. Evaluate Cov(x,y) and p(x,y) in the joint density in Exercise 1.5.2 (ii)
1.5.10. Show that the following is a joint density of x and y:

f(x,y) =2,0<x<y<1 and zero elsewhere.

For this joint density evaluate Cov(x,y) and p(x,y).

1.6 Beta and Related Functions

Notation 1.6.1. B(a,[3): Beta function

Definition 1.6.1.

B(ayﬁ)zlm,%(abo,ﬂt(ﬁ) >0. (1.6.1)

One can give several types of integral representations for the beta function.
1
Blo.p)= [ x

o—
0

1
:/0 Y1 —y)* Tdy.

1 —x)PTdy, 0<x <1, R(a) > 0,R(B) >0,  (1.6.2)

These are known as type-1 integral representations of a beta function. We can also
show that
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Ba,B) = [ 4% (1) (P
:/Owyﬁ_1(1+y)_<a+ﬁ>dy, R(ax) > 0,R(B) > 0. (1.6.3)

These are known as type-2 integral representations of a beta function. The deriva-
tions of these integral representations can be done starting from the definition of a
gamma function. Consider the integral representation

I(o)T(B) = / x* e dx / yPledy = / / X IyP e ) gy A dy
0 0 0 Jo
for R(a) > 0,R(B) > 0. Make the transformation
x = rcos’ 0,y= rsin’ 0 = dxAdy =2rsinfcos0 drAd6.

Then

r'(B) / / reB=1e="(cos? 0)% ! (sin® )P~ 2sin 6 cos O dr A d6
r=0.J6=

/2
:/ r'”f"*le*’dr/ (cos>0)% (sin 0)P~12sin O cos 6 6.
0 6=0

1
:F((x+[3)/ u* ' (1—u)P~'du, [u=cos’® 6 = du=—2cos Osind6).
0

Hence
Lo - (a)L(B)
o—11 _ \B-1 _
/Ou (1)~ = AP R(@) > 0.K(B) > 0. (1.6.4)
1
= [ VPra—v)*lan v =1-u.
0
Put
u w
w 1 (1+W)2dw du,u—m
Then

1 -
/ua—l(l—u)ﬁ—ldu:/ w1 w) @ Pldw, R(a) > 0,R(B) >0
0 0

= /wzﬁ”(l +1)" @By [ = l]. (1.6.5)
0 w

With the help of type-1 and type-2 beta functions we can define the corresponding
beta densities.

Definition 1.6.2. Type-1 beta density

1 o
= gap”

and fi(x) = 0 elsewhere.

Ta-x)P T o<x<1, R(@)>0,RB)>0  (1.6.6)



36 1 Basic Ideas of Special Functions and Statistical Distributions

Definition 1.6.3. Type-2 beta density
1 o

—x

B(a,B)

and f>(x) = 0 elsewhere.

Hlx) = 14" P R(a) > 0,R(B) >0,x>0  (1.6.7)

Note that both fj(x) and f>(x) satisfy non-negativity with the total integral being
unity.
Example 1.6.1. Evaluate the h-th moment of x if x has

() a gamma distribution with density

ocflefx

I'a)

(i) atype-1 beta distribution with density

X

filx) = x> 0,R(a) > 0,R(P) >0, and fi(x) = 0 elsewhere;

Hx)= mxal (1—x)P~1 0<x<1,R(a) >0, and f> (x) =Oelsewhere;

(iii) a type-2 beta density

falx) = mﬂlu +x)7@B) 0 < x < o0, R(a) > 0,R(B) >0

and f3(x) = 0 elsewhere.

Solution 1.6.1:
(i)

h wxhxaflefx L R
E(X") = / dx = / x4 e dx
(") 0 I'a) I'la) Jo
_ I(a+h)
R
Thus the s-th moment exists for negative values of 4 also provided o +h > 0

if ¢ and h are real. In statistical problems usually the parameters are all real.
For h = s — 1 one has the Mellin transform of fj (x).

(ii)

for R(a + ) > 0. (1.6.8)

a+ﬁ) XOH—h 1 . B-1
I (o >r<ﬁ>/o (10" dx
L(a+p) T(ax+hT(p)

C(a)C(B) T(a+ B +h) for R(a+h) >0
Ia+h) T(o+p)

[(a) D(a+B+h)

(1.6.9)
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For h = s — 1 one has the Mellin transform of f>(x). Thus, as an inverse Mellin
transform, f>(x), is available from (1.6.9). That is,

1/c+t°°F(oc+s—1) (a+B) ~sds, (1.6.10)

PO =5 e T T@) T@tpis- 1)

i = +/—1. Evaluating this contour integral as the sum of the residues at the
poles of I'(a + s — 1) one obtains f>(x) as given in the example.

(iii)

E() = /()""xhll:((g;r(%))x (1 )@y

_T(@4B) [P annotgy @ Bon)

(a)F(B)/ (1+x)" dx
_ D(a+B) T(a+hnI(B—h) i
(@T(B)  Tlarp)  Lor Retn>0R(pE-h>0
(a+h) T(B -
la)  T(B)

Thus, only a few moments satisfying the condition —a < i < 3 can exist when
o and f3 are real.

"J

"J

F

") for —R(a) < R(h) < R(B). (1.6.11)

1.6.1 Dirichlet integrals and Dirichlet densities

A multivariate integral, which is a generalization of a beta integral, is the Dirichlet
integral. We looked at type-1 and type-2 beta integrals. Here we consider type-1 and
type-2 Dirichlet integrals and their generalizations. Analogously we will also define
the corresponding statistical densities.

Notation 1.6.2. Dirichlet function: D(¢, -, 0y; 0441 ) (real scalar case)

Definition 1.6.4.

C(o)C(0n) - T(ogi1)
Lo+ -+ 0gp)

D(Otl,-",Otk;Othrl): fOI‘EK(OCj)>0,j=1,~--,k—|—1.
(1.6.12)

Note that for K = 1 we have the beta function in the real scalar case. Consider the
following integral:

D1:/ -u/xf‘l*l-- XNy = )% T g A Ay (1.6.13)
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where Q = {(xy, -, x)[0<x; < 1,i=1,--+ k,0<x;+---+x < 1}. Since 1 —

x;—---—x; >0 we have 0 <x; <1—x2—---—x;. Integration over x| yields the
following:
1—xp—-—xp o —1
/ o xll (1*351 7.x27"'7.x1()ak+1_1dx1:(lfxzf"‘7Xk)ak+l_l
X]=

1—xy—-—x, Oy —1
O AR TR )
x1=0 l—xp—- —xx

Put, for fixed xo,- -, xg,

X1

Y1 :mid)ﬂ :(1—X2—"'—xk)dy1.
Then the integral over x; yields,
1
(1_x2_..._xk)0‘1+0‘k+1*1/0 y?]il(l—yﬂak“fldyl
= (1—)62—---—)6;{)0’1*“"“71%
[(o + ogq1)

for R(oy) >0, R(ag+1) > 0. Integral over x; yields,

T(a)C(ogr1) T(o)T (o + o) T(on)T(0)T(0y1)

Flar+0gi) T(om+m+oy) T(o+o+ogy)
Proceeding like this, we have the final result:

(o) (o) T(0gy1)
C(og 4+ 0gep1)

D1:D(a1,---,ak;ock+1): ,EK(OC]')>O,]':1,“',]<+1.

(1.6.14)
Here, (1.6.13) is the type-1 Dirichlet integral. Hence by normalizing the integrand
in (1.6.13) we have the type-1 Dirichlet density.

Definition 1.6.5. Type-1 Dirichlet density f; (xj,--- ,x).

1 o —1 oy —1 o1 —1
Silxr, - x) = X e (= xy ==y e
(1) D(ou, -, 043 0441) ! e ) 7

0<x;<l,j=1,-k,0<x;+---+x < I, R(;) >0, (1.6.15)
j=1,--- k+1,and fi(x1,---,x;) = 0 elsewhere.

Consider the type-2 Dirichlet integral

D2:/ / x?lil---x]?kil(l+X1—‘r--~—|—xk)7(a‘+'"+ak+1)dx1/\---/\dxk.
(1.6.16)
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This can be integrated by writing
X1
I+xp+-+x;

and then integrating out with the help of type-2 beta integrals. The final result will
agree with the Dirichlet function

(I+xi 4+ +x)=14+x2++x) |1+

D> :D(al,---ak;ak+1). (1.6.17)
Thus, we can define a type-2 Dirichlet density.

Definition 1.6.6. Type-2 Dirichlet density.

1 o —1 o —1 _
S Xp) = 1dx{ 4 -+ (o1 + +0‘k+1>’
F(x Xi) Dl k+1)xl X (1 +x Xx)

and f>(x1,- -+ ,x;) = 0 elsewhere.

It is easy to observe that if (x;,---,x;) has a k-variate type-1 Dirichlet density
then any subset of r of the variables have a r-variate type-1 Dirichlet density for
r=1,--- k. Similarly if (x,---,x;) have a type-2 Dirichlet density then any subset
of them will have a type-2 Dirichlet density.

Example 1.6.2. Evaluate the marginal densities from the following bivariate den-

sity:

Clog+o+03) o-1

X1,%) = x

J02) = g o))
0<xi+x+x3 <1, R(aj) >0,j=1,2,3, and f(x1,x2) = 0 elsewhere.

B (1w =)0 <y < 1j=1,23,

Solution 1.6.2: Let the marginal densities be denoted by f1(x1) and f>(x2) re-
spectively.

I'(oy +O£2-|-063) xal,l
T(ou)T(0p)T (o)

fl(x1)=/ fxr,x)dx =
x)
X/17XI_xa271(1_x _ o3 —1
5 1 —x2)B 7 dx
x=0

Clar+o+03) o-1 a_l/l_)“ al[ X2 r(}]
= X 1—x1)% X2 1 — dx;.
AN CANCIRRI W :

Put, for fixed xi,

X2

2 :>dx2:(1—x1)dy2.

:l—xl
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Clog+om+03) o1

1
= 1— %+%‘{/ L2711 —y,)% Ldy,.
fl(xl) F(al)F(az)F(a3)x1 ( xl) 0 Vs ( yZ) Y2
Evaluating the y,-integral with the help of a type-1 beta integral we obtain %m.

Hence,

C(o + o0+ 03) Lol
F(OC])F(OCQ + 063) 1

and zero elsewhere. From symmetry,

(1 7xl)062+063—1,0 le S 17

filxr) =

(o + o+ o3) Lo
()Mo + 03) 2
and zero elsewhere. Thus, the marginal densities of x; and x, are type-1 beta
densities.

flx) = (1—x)®t®B=10<x, <1,

Example 1.6.3. Evaluate the normalizing constant c if the following is a density
function:

fox) = 1 —x)P2 (1 —x)® 1 0<x; <1,  (1.6.19)
0<xi+x<1,j=12, R(e;) >0, j=1,2,3and f(x1,x) = 0 elsewhere.

Solution 1.6.3:  Let us integrate out x; first.

1=x on—1 oz—1
X0 (1 =x1 —x2)B 7 dxp
.x2:0

X
17)(1

1
=(1 —M)aﬁarl/o Y (1 =yp) % dys,yy =

=(1 —xl)az+a3lm’ R(a) >0, R(az) > 0.

Now, integrating out x; we have,

C(o)T(B1 + 0+ 3)
F((Xl + o+ 03 +/31)

-1
/O x‘lxlfl(l _xl)B]+(12+05371dx1 —

SR(OC]) >0, 9{([31 + 0 + 063) > (0. Hence

Il +o3)T(a) + o+ 03+ Bi) .
= , R(ej)>0,7=1,2,3,R(az + 03+ f1)>0.
= FlanT(@) (@) + o 1 By ) >0 (005 +51)

A generalization to k variable case is one of the generalizations of type-1 Dirichlet
density and the corresponding type-1 Dirichlet function.
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Example 1.6.4. Evaluate the normalizing constant if the following is a density
function:

fx1,x0,x3) = cx‘lxl_l(xl Jr)cz)/32 x‘zxz_l(xl +x +X3)33 x?rl(l — X1 — X fx3)°‘4_1,
0 le ++xj S 17 J: 17273543 ER(aj) > 07 J: 17253a4a
(1.6.20)

R(og+---+oj+B+---+B;)>0,j=1,2,3,4
and f(x1,x2,x3) = 0 elsewhere.

Solution 1.6.4: Let u; = x1, up = x| +xp, uz3 = x; +x2 +x3 and let the joint
density of u,uy,u3 be denoted by g(uy,uz,u3). Then

g(uy,up,uz) =c u?l_lugz(uz - ul)a2_1u§3 (uz —u2) B 1 (1 —u3)™ 1,

0<u <up<uz <1.

Note that 0 < uy < uy. Integration over u; yields the following:

ap—1
up up
-1 _ ~1 ~1 uj
u® Ny —uy) 2 duy = u? u®t 1—— du;
1 2 1
u1=0 u1:O up
u

1
-1 -1 — 1
=uyit® ,/)$ (1—y)%2 tdy, y1 = —
0 i

. uoc1+oc271 F(O{])F(O!z)

=u5 FWVHM’%WO>Q%Wﬁ>O

Integration over u; yields the following:

/1,43 MOC1+062+ﬂ2—1 (MS . uz)a3_1duz — u(X1+062+lX3+ﬂ2—1 r(a3)r(a1 + 0+ Bz)
=0 > 3 (o + 0+ 03+ )
for R(og) > 0,R(at; + a2 + PBa) > 0.

Finally, integral over u3 yields the following:

/1 ua1+0¢2+053+32+53—1(1 _ u3)a4_1du3 _ C(ou)C(0n + 0 + 05+ o+ B3)
=0 " Flon +-+ou+Po+PB3)
R(oy) > 0,R(oy + oz + 0o+ Bo+ B3) > 0.
Hence
T(ar+ o0+ B)
Lo+ o+ o3+ Br)

C(ay +0n + 03+ B+ B3)
Iy +or+os+os+ P+ B3)

= (o) (on)T(03) (o)

fOI‘EK((Xj) >0,j=1,2,3,4, SR(al—"_—i_aj—’_ﬁ2"'_—"_ﬁj) >0,j=2,3.
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Note that one can generalize the function in (1.6.20) to a k- variables situation. This
will produce another generalization of the type-1 Dirichlet function as well as the
type-1 Dirichlet density. Corresponding situations in the type-2 case will provide
generalizations of the type-2 Dirichlet integral and density.

Exercises 1.6.

1.6.1. Let f(x1,x2,x3) = cx?‘_l(l —|—x1)’(°‘1+ﬁ1)x(212_1(1 +x +xz)7(a2+ﬁ2)x§‘37]
(14x1 +x2+x3)"(@4h3) 0 < xj <oo,j=1,2,3 and f(x1,x2,x3) = 0 elsewhere. If
S (x1,x2,x3) is a density function then evaluate ¢ and write down the conditions on
the parameters.

1.6.2. Generalize the density in Exercises 1.6.1 to k-variables case, evaluate the
corresponding ¢ and write down the conditions.

1.6.3.  Write down the k-variables situation in Example 1.6.3 and evaluate the
normalizing constant, and give the conditions on the parameters.

1.6.4. Write down the general density corresponding to Example 1.6.4 and evaluate
the normalizing constant, and give the conditions on the parameters.

1.6.5. By using the gamma structure in the normalizing constant in Exercise 1.6.4
show that the joint density in Exercise 1.6.4 can also be obtained as the joint density
of k mutually independently distributed real scalar type-1 beta random variables,
and identify the parameters in these independent type-1 beta random variables.

1.7 Hypergeometric Series

A general hypergeometric series with p upper or numerator parameters and g lower
or denominator parameters is denoted and defined as follows:

Notation 1.7.1.
pFy (ar, - apsbi, - bgiz) = pFy((ap); (bg)iz) = pFy(2)

Definition 1.7.1.

pFy(2) Zi)Mi, (1.7.1)

where (a;), and (b;), are the Pochhammer symbols of (1.0.1). The series in (1.7.1)
is defined when none of the b; ’s, j=1,---,q, is a negative integer or zero. If a
b; is a negative integer or zero then (b;), will be zero for some r. A b; can be zero
provided there is a numerator parameter a; such that (ay ), becomes zero first before
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(b;) becomes zero. If any numerator parameter a; is a negative integer or zero then
(1.7.1) terminates and becomes a polynomial in z. From the ratio test it is evident
that the series in (1.7.1) is convergent for all z if ¢ > p, it is convergent for |z] < 1
if p=g¢g-+1 and divergent if p > g+ 1. When p =g+ 1 and |z| = 1 the series can
converge in some cases. Let

)4 q
B=Yaj—Y b
j=1 =1

It can be shown that when p = g+ 1 the series is absolutely convergent for |z| = 1 if
R(B) < 0, conditionally convergent for z = —1if 0 < R(B) < 1 and divergent for
|zl = 1if 1 <R(P).

Some special cases of a ,F;, are the following: When there are no upper or lower
parameters we have,

oFo (s +2) = i &2 _ e (1.7.2)

Thus oFy(.) is an exponential series.
oo r
7l

Fo(o:2) = Y (@), i =(1—2)%for |z < I. (1.7.3)

This is the binomial series. | F(.) is known as confluent hypergeometric series or
Kummers’s hypergeometric series and F;(.) is known as Gauss’ hypergeometric
series .

Example 1.7.1. Incomplete gamma function. Evaluate the incomplete gamma
function

b
y(a,b) = / x* e ™*dx, b < oo
Jo
and write it in terms of a Kummer’s hypergeometric function.

Solution 1.7.1:  Since b is finite we may expand the exponential part and inte-

grate term by term.
i ( 1) i / o+r—1 d)C
—0 r!
o

y(a,b>jﬁbx“-1{

r r! r=0
I C i Y
= ot oatr as ot (atl),
ba
— iFi(a+ 1), (1.7.4)

Hence the upper part

[(a,b) :/wa“’le’xdx:l“(a)—y(a,b). (1.7.5)
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Example 1.7.2. Incomplete beta function. Evaluate the incomplete beta function

1
b(a,ﬁ;t)=/0 W1 =B ldy g < 1

and write it in terms of a Gauss’ hypergeometric function.

Solution 1.7.2: Note that since 0 < x < I,

(1—x)f'=01—-x" Z
r=0
Hence,
- (11— ﬁ)r/ atr—1 i
b(o, Bit) = ldx =
(@ Bst) Z(’) r! Z r! o+r
* S (1-B) () 1" 1%
= — — = —F(l-B,0;00+ 1;1).
ocr;') (a+1), r! aZI( B, +151)
Hence the upper part,

Bla,pir) = /tlx‘H(l —x)Pldx = D(@)(B) —b(a, Bst).

Example 1.7.3. Obtain an integral representation for a Fj.

Solution 1.7.3: Consider the integral,

1
/ (1 = )" (1 = zx)Pd, for [2] < 1
0

=7, T(a+rT(c—a)

1
(b)r/ x=1(1 — x)¢7% ldx, (expanding (1 —
0

(1.7.6)

(1.7.7)

)P

-X S0 e (oY using a type-I beta integral)
_ F(“>FF((:)‘ @) i) % (bzzgf)’ (by writing T(a+ ) = (a),T())
_ F(“)ll: ((Cc>_“ 2Fi(a,b;c2)
That is,
2Fi(a,bic;z) = 1"(a)rr((cc)—a)/01xa_l(1 —x)747 (1 — zx) "Pdx (1.7.8)

for R(a) >0, R(c—a) >0z| < 1.
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This is the famous integral representation for ,F|. From the integral representation
note that when z = 1 one can evaluate the integral with the help of a type-1 beta
integral. That is,

2F (a,b;c;1) = I(e) 3 /lxafl(l _y)emablgy

(@
I'(c) T(a)T(c—a—Db)
I'a)'(c—a) I'(c—b)
_ I'(c)l'(c—a—Db)
T(c —a)l'(c—0b)

(1.7.9)

when the arguments of all the gammas are positive. This is the famous summation
formula for a » F series.

1.7.1 Evaluation of some contour integrals

Since the technique of Mellin and inverse Mellin transforms is frequently used for
solving some problems in applied areas we will look into the evaluation of some
contour integrals with the help of residue theorem. We will not go into the theory of
analytic functions and residue calculus. We will need to know only how to apply the
residue theorem for evaluating some integrals where the integrands contain gamma
functions. In order to illustrate the technique let us redo a known result.

Example 1.7.4. Evaluate the contour integral, which is also an inverse Mellin
transform,

fx) =

L [T Ty (1710

27i Je—ioo T(by —5)---T(by —s)
as the sum of the residues at the pole of I'(s).

Solution 1.7.4: Thepolesarecats =—v,v=0,1,---. The residue at s = —V is
given by the following:

Ry = ngv{<s+ V)T (s) ?EZ _3 . ?EZZ _g (—z)“} .

By using the process in Example 1.3.2 we have,

5, (D' Tl@r+v)--Tla, +v)

) ( Z)V

vl T(by+V)---T(bg+V)
{H, 1F<a,>} (@r)y-(ap)y 2¥
(

M7, T®,) [ Gy (o) V!
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Hence the sum of the residues is given by,

o o v
Z Z ) *—Kqu(a17"'7ap;bl7"'7bq;Z)
v=0 v=0 Q) v!
where K is the constant »
T (a))
_i1L(b))

Thus + % times the right side in (1.7.10) is the Mellin-Barnes representation for a gen-
eral hypergeometrlc function. If poles of higher orders are involved then one may
use the general formula. If ¢(z) has a pole of order m at z = a then the residue at
z = a, denoted by R, is given by the following formula:

m—1
SKa,mzlim{l d(z—a)m¢(z)]}. (1.7.11)

z—a | (m—1)! [dzm*l

Some illustrations of this formula will be given when we solve some problems in
astrophysics later on.

1.7.2 Residues when several gammas are involved

Let
¢(z) =T (b1 +2)-T(bm+2)x*
= h(z)x * with
hz)=T(b1+2z2) - T(by+2).
Depending upon the values of by, --- , b, one can expect poles of orders 1,2, ...,m if

the b;’s differ by integers. Let z = a be a pole of order k for ¢(z). Then the residue
of ¢(z) at z = a is given by the following:

k—1
Roa=tim{ s e atora )

z—a

k—1
-t oo 1)

Note that a convenient operator can be used to take x~* outside. Consider the oper-

ator PR
) SN N
[az—s—(—lnz)} -¥ ( } )( 1 2 (17.12)
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Then
k1
;Zk—l [(z—a)*h(z)x ]
k—1
=x° {;Z + (lnx)] [(z—a)*h(z)]
) L
Let ;
B(z) = (z—a)*h(z) and A(z) = a—zlnB( ).
Then
o arfl p]
5780 =5 {&B(Z)}
r—1
- B
B =l /e (r—1-r) )
_,.Zo( n )A @B () (1.7.13)

where, for example,
am

The above recurrence relation can be used when computing the residues. Thus

x ¢ k—1 k—1 ey r—1 r—1 (r—1—r1)
va=go g () g ()4

‘=0 r1=0

rl—l

rp—1 ri—1-r
<Y < 1r2 )Agl ) By (1.7.14)

ry=0

where
Bo = lim B(z) and A" = lim A" (7). (1.7.15)
Z—a Z—a
For convenience of computations the first few terms of the differential operator
d

{aZJr(lnx)}vB(z) =Hy,(2)B(2) (1.7.16)

will be listed here explicitly, where

AD A A" =[A(R)]", A
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is the m-th derivative of A(z),A(z) = L 1nB(z).

—4
Ho =
Hy =(—Inx)+A
Hy =(—1Inx)>+2(—Inx)A + A1) + A2
Hy =(—1Inx)® +3(—Inx)?A +3(—Inx)(A) +4?)
(AP 43404447, (1.7.17)

Exercises 1.7.

1.7.1. For a Gauss’ hypergeometric function »Fj derive the following relation-
ships:
Z

2Fi(a,b;c;7) = (1 —z)fb 2F1(c—a,b;c;—1—_1),z7'é 1

B z
= (1 _Z) ¢ 2F1(a,c—b;c;—17_z),z# 1

(1—2)"9"P,F(c—a,c—b;c:z2).

1.7.2. Let x| and x; be independently distributed real scalar gamma random vari-
ables with the parameters (a;,1) and (0, 1) respectively. Let u = xx,. Evaluate
the density of # by using Mellin transformation technique when ¢ and o, do not
differ by integers or zero.

1.7.3. Let x; and x, be independently distributed real type-1 beta random variables
with the parameters (a;, 1) and (@, 2) respectively. Let u = x;x,. Evaluate the
density of u by using Mellin transform technique if o; and oy do not differ by
integers or zero.

1.7.4. Repeat the problem in Exercise 1.7.3 if x| and x; are type-2 beta distributed,
where o —ap #+A,A=0,1,---B1— P #+tVv,v=0,1,2,---.

1.7.5. Let f(x) = 2%1 / Ccfif: I'(a—s)I'(s)x*ds. Evaluate f(x) as the sum of residues
at the poles of I'(s). Then evaluate it again at the poles of I'(a — s). Then compare
the two results. In the first case we get the function for |x| < 1 and in the second
case for |x| > 1.

1.7.6. Evaluate the integral

10 =5 [ 06

2T Je—ioo
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where
r3+s-1) TI(3) Tr@2+s—1) T
rc3) r(Z+s-1) T2 T@+s—1)

o(s) =
for R (% +s) > 0.

1.7.7. Evaluate the integral

_ L e DGH)TEs)
R T rgr(Zee)" &

=[N

for ¢ > —%,i:\/—1,0<x< 1.

1.7.8. Evaluate

L gl =54
f(x)_B\/ﬁﬁ/H-m (3+5) <2+s)x s,

for x > 0,c > —%.

1.7.9. Evaluate

1 1 oo
= —— r S)I(4+s)x5d —3.
f(x) l442m’/c_,-oo (B3+s)I'(4+s)x *ds,x>0,c> -3

1.7.10. Prove that

1 /C+i°° D(a+s—Dl(a+s—1) .
b X \)
27i Je—io T(@+B+s—1)I(a+P+s—1)
2t 12
= X (1 —x2 ﬁ_l,
rep’ )

0<x<1,R(a) >0,R(P)>0,c>-R(a—1).

1.8 Meijer’s G-function

A generalization of the hypergeometric function in the real scalar case is Meijer’s
G-function. It is defined in terms of a Mellin-Barnes integral.

Notation 1.8.1.

Gy (el ] = Gy [alan | = Grao) = 6.
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Definition 1.8.1. G-function.

a1 AT I T -0 ) s
Gyl b1,....,bq]_27ri/L{ 7:m+lr(1_bj_s)}{H?:nJr]F(aj‘i‘S)} (1.8.1)

where L is a contour separating the poles of I'(bj +s), j=1,---,m from those of
I'(l —aj—s), j=1,---,n. Three types of contours are described and the condi-
tions of existence for the G-function are discussed in Mathai (1993). The simplified
conditions are the following: G(z) exists for the following situations:

i) g>1,gq>p,forall z,z#0

() g>1,g=p,for|z] <1
(iii) p>1,p>gq, forall z,z#0 (1.8.2)
(iv) p>1,p=gq, for|z| > 1.

Example 1.8.1. Evaluate
7o) =68 a5

Solution 1.8.1:  As per our notation,m=1,n=0,p=1,g= 1.

T(a+s)
Gl x0T = xVds.
““ 2m Tatptrits) &

As per situation (ii) above we should obtain a convergent function for |x| < 1 if we
evaluate the integral as the sum of the residues at the poles of I'(a + s). The poles

areats = —a —V,v=0,1,--- and the sum of the residues
oo oo V4o —1 v1—~ +1
ya, -y 0 x T +1-v)= T ED
v=0 v=o V- ﬁ +1- ) (_ﬁ)v
G| 2P = i Y 9P <1 (183)
1,1 o ﬁ+1 = 71—*(ﬁ+1> ) -0.

for R(B+1) > 0.

Example 1.8.2. Letu =xx;---x, where x{,--- ,x, are independently distributed
real random variables with (1) : x; gamma distributed with parameters (a;,1),j =
L,---,p; (2) :x; type-1 beta distributed with parameters (¢, 3;),j=1,---,p;(3):
x; is type-2 beta distributed with parameters (¢t;,3;), j=1,-- -, p. Evaluate the den-
sity of « in (1),(2) and (3).

Solution 1.8.2: Taking the (s — 1)/ moment of u or the Mellin transform of the
density of u we have the following:
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E@ ™) =E(x-x,) = E( o ) =BT E(xg )
due to independence

P PT( —1
=[1es H (& & S) )%(aj+s—1)>0,j:1,~~,p
aj

=] =1

for case (1)

P Fa,+s—1) I(aj+ B))
o)) I(oj+Bj+s—1)

,%((Xj+$*1)>07j:1,“~’p

:1

for case (2)

IP_[F (XJ+S_1 (ﬁj—s—i—l) ER(aj‘F )>09{(ﬁ —S—|—1) >0,
j=1

o)) I'(B))
j = 1,--- p forcase (3).
Let the densities be denoted by gj(u),g2(u) and g3(u) respectively. They are

available from the respective inverse Mellin transforms which can be written as
G-functions as follows:

1 c+ico P F(OCJ' -1 —l—S) .
gl(u):—,/ ————~ Su ’ds
27[1 Jc—joo {]IJI F(OC])
1

{7 r(@)}

0 .
g’p[u|aj71’j:17_'_7p], foru>0,R(ej) >0,j=1,--,p

(1.8.4)
and zero elsewhere.
1 C+ico P T o -1 (o .
SRR 8 | LU MR TR
27 Jeio |y Tloy)  T(o+Bj+s—1)
B T(a+B)) 07y HBi= 11

= ————= S G u| T ] O<u<l, (1.8.5)

{lel F(aj) p.p |(X/71] 1,
R(aj) >0,R(Bj) >0,j=1,---,pand zero elsewhere .

1 et f 2 T(aj+s—1)T(Bj—s+1) | _,
g3(”):%/c_,-m {,I;Il ;(%) JF(ﬁj) }u ds (1.8.6)

1

e} "
R(aj) > 0,R(Bj) >0,j=1,---, pand zero elsewhere.
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Example 1.8.3. Evaluate the following integral, a particular case of which is the
reaction rate integral in astrophysics.

I(a,a,b,p) = / e 4y 4> 0,6 >0,p > 0. (1.8.7)
0

Solution 1.8.3:  Since the integrand can be taken as a product of positive inte-
grable functions we can apply statistical distribution theory to evaluate this integral
or such similar integrals. The procedure to be discussed here is suitable for a wide
variety of problems. Let x; and x, be two real scalar random variables with density
functions f(x;) and f>(x2). Let u = x1xp and let x; and x; be independently distrib-
uted. Then the joint density of x; and x,, denoted by f(xj,x2), is the product of the
marginal densities due to statistical independence of x; and x;. That is,

JFlx1,x) = fi(x1) f2(x2).

Consider the transformation u = x;x; and Vv = x; = dx; Adxy, = %du Adv. Hence
the joint density of u and v, denoted by g(u, V), is available as,

glu,v) = %fl(v)fz (%) : (1.8.8)

Then the density of u denoted by g (u), is available by integrating out v from
g(u,v). That is,

g1(u) = /V %fl(v)fz (%) dv. (1.8.9)

Here (1.8.8) and (1.8.9) are general results and the method described here is called
the method of transformation of variables for obtaining the density of u = xjx».
Now, consider (1.8.7). Let

fi(x1) = cixfe™ ™ and fr(xp) = cze_z"g,O <x1 <00,0<x) < o0 (1.8.10)

a>0,z> 0, where c; and c; are the normalizing constants. These normalizing con-
stants can be evaluated by using the property.

- /Omf1 (r1)dx; and 1 — /waz(xz)dxz.

Since we do not need the explicit forms of ¢y and ¢; we will not evaluate them here.
With the f} and f> in (1.8.10) let us evaluate (1.8.9). We have

o0 1 u o0 -,
g1(u) = c]cz/ —ye e Uy dy = clcz/ yo-lgmave—(P)vP gy,
v=0V v=0

(1.8.11)
Note that with b = zuP, (1.8.11) is (1.8.7) multiplied by ¢; and c,. Thus, we have
identified the integral to be evaluated as a constant multiple of the density of u. This
density of u is unique. Let us evaluate the density through Mellin and inverse Mellin
transform technique.
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E(™)=E( HEX ™)

due to statistical independence of x; and x,. But

E(x) :cl/o Xl dy) = c1a @I (a+5), R(a+5) >0 (1.8.12)

and
1y R G . s ya_ C2 s
By =aa [ te =20 [ ey = _2or(2) i) >0
(1.8.13)
Hence "
e () s
E ) =crier (az) F(a+s)F<p>. (1.8.14)

Therefore, the density of u, denoted by g;(u), is available from the inverse Mellin
transform.

a® 1 etie s 1L\
0 :C]CZTﬁ/c_iw T(a+s)T (p) (azpu) ds. (1.8.15)

Now, compare (1.8.15) with (1.8.11) to obtain the following:

oo _ —a C+ioo —5
/ v(x—le—ave—(zup)v pdv — LL/ r‘(a+s)r‘ (S> (az%u) ’ ds.
0 p 27iJe—iw p

(1.8.16)
On the right side in (1.8.15) the coefficient of s in F(%) is % # 1. Hence (1.8.15)
is not a G-function but it can be written as an H-function, which will be considered
next. In reaction rate theory in physics, p = % and then

P S

by using the duplication formula for gamma functions. Then the right side of
(1.8.16) reduces to

1 1 C+ioo 1 1/p\ —P
: —/ F(Oc+s)F(s)F(s+ ) (auz ) ds
2pa%m? 270 Je—ioo 2 4

1 3.0 auz'/P
|: 4 ‘%07% ,M>O.

= 2paaﬂ:% 0,3
But ' ’
auz'’?  ab'/P
b=l = —— =
u 1 2
Hence, for p = %,
© el —av—bv- 1 abl/P 1
/ Y le av—bv Pdv: 1G37(3)|: ) |a,0,1:| for p:5
0 2pa®m? )
1 3.0 ab?
B EG% {4|a,0,5 su>0. (1.8.17)
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Exercises 1.8.

Write down the Mellin-Barnes representations in Exercises 1.8.1 - 1.8.5 where the
series forms are given. Here is an illustration.

= r = r

- ﬁ ZLM /:Hm I(o —5)T(s)(—x"")ds.

The last expression is the Mellin-Barnes representation for the series form | Fy(t; ;x).

1.81. oFR(;—2)=e*=Y", <7z) (Exponential series)

1.82. Fi(a,bic;z) =Y, (“gzgf)’i! (Gauss’ hypergeometric series)

1.83. F(abiz) =YY", Ea;:%: (Confluent hypergeometric series)

1.84. Y=, (-1 rFZ(QrH) ( Bessel function Jy(z))

V+2r .
1.8.5. Z?:o% ( Bessel function 1y(z)).

Write the series form from the Mellin-Barnes representation in Exercise 1.8.6 and
list the conditions for convergence and existence also.

71”‘/) e-2/2gv+h L petie DODGHV—p—s) (—z)~*ds (Whittaker function

1.8.6. F(%( ) 2mi Je—io T(1+2v—s)

Mu,V(Z))

Represent the following in Exercises 1.8.7 to 1.8.10 as G-functions and write down
the conditions.

18.7. P(1+az®!
1.88. P(1+az%)7
1.89. (a) sinz; (b) cosz; (c) sinhz; (d) coshz

1.8.10. (a) In(1+z); (b)In(1£).

1.9 The H-function

This function is a generalization of the G-function. This was available in the litera-
ture as a Mellin-Barnes integral but Charles Fox made a detailed study of it in 1960’s
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and hence the function is called Fox’s H-function. The Mellin-Barnes representation
is the following:

Notation 1.9.1. H-function

m,n (a )ses(ap,ap) m,n ((a ) m,n
Hyy <l s | = Hy Elrany | = Hya () = HE).

Definition 1.9.1.
m,n (ay,00),+(a 0‘) _ —s
Hy4 { 2l (o ) bpﬁq' 2m/¢ ds,

{szl L(b; JFﬁjs)} {H7:1 F(l—aj— O‘J'S)}

¢(s) = ,
{H'}zmﬂ L(1—b;— ﬁjS)} {Hﬁ-’zm [(aj+ %’S)}
(1.9.1)
where oy,---, 0, B, -, B, are real positive numbers (integers, rationals or irra-

tionals), a;’s and b;’s are, in general, complex quantities, i = v/—1 and the contour
L separates the poles of I'(b; + B;s),j=1,--- ,m from those of I'(1 —a; — ajs), j =
1,---,n. Three paths L, similar to the ones for a G-function, can be given for the
H-function also. Details of the existence conditions, various properties and applica-
tions may be seen from Mathai and Saxena (1978) and Mathai (1993). A simplified
set of existence conditions is the following: Let

P q o q —B;
:Z Z ajand p={ [[o $ITIB 7 b (1.9.2)
= =1 =1 =1

Q

The H-function exists for the following cases:

(i) ¢g>1,u>0,forallz,z#0
(i) g>1,u=0,for |z <p~!
(i) p>1,u<0,forallz,z#0
(iv) p>1,u=0,forlz,z>p". (1.9.3)

Two special cases, which follow from the definition itself, may be noted. When
oy =1=---=o, =P =1=--- = f, then the H-function reduces to a G-function.
When all the ;’s and f3;’s are rational numbers, that is ratios of two positive integers
since by definition the &;’s and B;’s are positive real numbers, we may make a trans-
formation § = s; where u is the common denominator for all the o, j = 1,---,p
and B;,j=1,---,q. Under this transformation each coefficient of s; in each gamma
in (1.9.1) becomes a positive integer. Then we may expand all the gammas by using
the multiplication formula for gamma functions. Then the coefficients of s in every
gamma becomes 41 and then the H-function becomes a G-function. An illustration
of this aspect was seen in Example 1.8.3.
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Example 1.9.1. Evaluate the following reaction rate integral in physics and write
it as an H-function.

I(a,a,b,p):/ X lem @b gy
0

Solution 1.9.1: From (1.8.16) in Example 1.8.3 we have

oo _ -a C+ico —
/ X le—ax=bx7P g Li/ I'(a+s)C <S> (abl/p) YdS. (1.9.4)
0 P 2Wi Je—ieo P

Writing the right side with the help of (1.9.1) we have the following:

1

” a—1_—ax—bx P _ 2,0 1
/Ox e dxfp?Hm [abP|(a7l)’(07é)} (1.9.5)

Example 1.9.2. Let x;,---,x; be independently distributed real scalar gamma
random variables with the parameters (;,1),j=1,--- k. Lety1,---, % bereal con-
stants.

Let

— N T Yk
U=X] X" Xy

Evaluate the density of u.

Solution 1.9.2:  Let us take the (s — 1)’ moment of u or the Mellin transform
of the density of u.

EW ) =E [x}ll ~~-x,7(/"]sfl =F (x}’l(s_w) -E {xzk(s_l)}

due to independence. But for a real gamma random variable, with parameters
(aj, 1), the [y;(s — 1)]"* moment is the following:

i(s—1 (o +7y(s—1 I(aj—7vi+7s
E[x}l’( )}: (@ + s =) _ Ty = y])for‘ﬁ(aj—&—jg(s—l))>0.

I'(e) [(e;)
(1.9.6)
Then

k REPVRTIP
E(us—l)nr(a]r‘(z;lj;_% )

The density of u, denoted by g(u), is available from the inverse Mellin transform.
That is,

N S
{H’}:1 F(%‘)} 2mi

1 k,0
= mHo,k [u|((xj—y,~,yj),j:1,---,k]

0, elsewhere.

g(u)

c+ico k
/ [1T(e;—vi+7v)s) pu*ds
c j=1

,u>0,
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This is the density function for the product of arbitrary powers of independently
distributed real scalar gamma random variables.

By using similar procedures one can obtain the densities of products of arbitrary
powers of real scalar type-1 beta and type-2 beta random variables or arbitrary pow-
ers of products and ratios of real scalar gamma, type-1, type-2 beta or other such
positive variables and write in terms of H-functions. Some details may be seen from
Mathai (1993) and Mathai and Saxena (1978). The existence conditions may be seen
from the existence condtions of the corresponding (s — 1)th moments, as seen from
(1.9.6).

Exercises 1.9.

1.9.1. Prove that

m,n (a,00),(ap,ap) ] _ (1=by,B1),,(1—bg.By)
Hpq [Z‘(blﬁl) (bq,ﬁq ] |: l (117061 l —dp, O!p):| :

1.9.2. Prove that

GHm n [ ’(“170‘1)7"'7(”17-,%1)} — gmn |:Z|(“1+0'U‘1-al)s"‘»(“p+5apaap):|
P:a [ *1(by,Br), - (bg,By) (by+0P1.Pr),(bg+0Bg.Bg) |
1.9.3. Evaluate the Mellin-Barnes integral
1 et T(s)T(1—s) _
E =— ———— 2 (—z)°d 1.9.7
«(2) =35 /Hx, Ti—ay) 9 & (1.9.7)

and show that E(z) is the Mittag-Leffler series

oo Zr

1.9.4. Evaluate the Laplace transform of E(z%) of Exercise 1.9.3, in (1.9.8), with
parameter p.

1.9.5. A generalization of Mittag-Leffler function is Eg g(z) = ¥ m
Evaluate the Laplace transform of tﬁ’lE(XY p(z%).

1.96. Ifa=mm=1,2,---in (1.9.8) show that

m—1 1 2 m—1 z 1
En(z)=(2m) T m ZOFm 1( T ;> F(L 2y... 1y*

m’'m m m"

1.9.7. Write E4(z) as an H-function.
198. Ifoa=m,m=1,2, - write down Ey(z) as a G-function.
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1.9.9. Let x; and x, be independently distributed real gamma random variables
with the parameters (e, 1), (& + 3, 1) respectively. Let u = x;x,. Evaluate the den-
sity of u and show that the density of u, denoted by g(u), is given by the following:

22a -1

I'2a)

1
a—1_,—2u?2

glu) =

,u >0 and zero elsewhere.

1.9.10. Let x;,xp,x3 be independently distributed real gamma random variables
with the parameters (e, 1), (a+1,1), (a+ %, 1) respectively. Let u = xjxox3. Evalu-
ate the density of « and show that it can be written as an H-function of the following
type, where g(u) denotes the density of u.

glu) = Hy) 27u| ,u > 0 and zero elsewhere.

1.10 Lauricella Functions and Appell’s Functions

Another set of multivariable functions in frequent use in applied areas is the set of
Lauricalla functions, and special cases of those are the Appell’s functions. Lauri-
cella functions fy, f5, fc, and fp are the following:

Definition 1.10.1. Lauricella function f;

f (Cl b17.“ bn;cla"' Cn;xla"',xn)
o § ey B
my=0 my =0 Cl)ml" (Cn)mn my!---my!

for |xi| 4+ 4 |x,| < 1.
Definition 1.10.2. Lauricella function f3

fB(ala"' anvbla'” bn;C.xla'” xn)

B Sy oM PR s

mi=0 g ( )ml+'”+mn ml'mn'

for x| < 1, |xa] < 1, |xs| < L.

Definition 1.10.3. Lauricella function f¢

fela,bser,--+ iy, i i "”+ iy (B)my ey XY
n
0,01, sCns Ay )X = = )ml (Cn)mn m]!mn'
(1.10.3)

for [\/X1| 4+ |[/Xa| < 1.
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Definition 1.10.4. Lauricella function fp

fD(aabl7'” 7bn;c;~xl;"' 7xn)

= i i (a)m|+~-~+m,l(bl>m] """" (bn)mn 'xl ...x?n (1'10‘4)

o o (€)my 4ot myleomy!
for [x1] < 1,|x2| <1, ,|x,| < 1.
When n = 2 we have Appell’s functions Fi, F>,F3,F;. Also when n =1 all these

functions reduce to a Gauss’ hypergeometric function > ;. We will list some of the
basic properties of Lauricella functions.

1.10.1 Some properties of f

1 1 b1
/ / u1]7 .__uanl(l_Ml)leblfl___(1_Mn)Cn*bn*1
0 0

X (1—wupx; — - —upxy) “ dug A+ Aduy
" T(bi)(c;i—b;
= Hw fA(a,bl,"',bn;C17"',Cn;)Cl,"',xn),
j=1 (cj)
(1.10.5)
for %(bj) >0, R (Cj—bj) >0,j=1,---,n.
The result can be easily established by expanding the factor (1 —ujx; —- -+ —u,x,) ¢
by using a multinomial expansion and then integrating out u;, j = 1,--- ,n with the
help of type-1 beta integrals.
/ Cittail 1Fi (b] 1C1 ;xlt)lF] (bz;CZ;le) - F (bn;Cn;xnl‘)dt (1.10.6)
0

:r(a)fA((l,bl,"' ,bn;Cl,"’ 3 Cns X1y 7-xn), fOI'EK(a) > 0.

This can be established by taking the series forms for ;Fj’s and then integrating
out 7.

1 / ‘T(a+t+-+t,)0(by+11) - T(by+1y,)
(2mi)" Llcr+n)--T(cn+1tn)

XT(—t1) - T(=t,)(=x1)" -+ (=x,)" dty A--- Adty, (1.10.7)

L(b1)---T'(ba)

=L@ gy @b bt iy )i = VL
n

This can be established by evaluating the integrand as the sum of the residues at the
poles of I'(—#;),--- ,I'(—1,), one by one.
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1.10.2 Some properties of fp

/ / R B (1.10.8)

X (1—11x1) 720 (1= tyx) P dey A -+ Ady

T(a))---T(a)(c—aj—-—

= (al) (a")r((cc) 4 an)fB(a1,~~,an,b1,-~~,bn;c;x1,~~-,xn),
for R(a;) >0,j=1,---,n,R(c—a;—---—a,)>0,t;>0,j=1,---,n, and
-ty — =1, >0.
This result can be established by opening up (1 —#;x;)~%,j = 1,---,n by using
binomial expansions and then integrating out ¢,---,#, with the help of a type-1
Dirichlet integral of Section 1.6.

/ / R Y I i e (1.10.9)

X oF1 (o381t + <+ 4 SptuXy) dsp Ao Adsy Adty A+ Adty,

n
= {Hr(al)r(b])}fB(al 7aﬂ7b17“' ,bn;C;X1,"' ,Xn),
j=1
for R(aj) >0, R(bj)>0,j=1,-,n

First, open up the oF} as a power series in (s1#1x; +- -+ s,,t,,xn)k. Since k is a posi-
tive integer open up by using a multinomial expansion. Then integrate out sy, - - -, s¢
and 71, - ,#; by using gamma functions, to see the result.

/ / (a1 +11) - -T(an+1,)T (b1 +11) - T(by + 1)
2m Clc+t+---+1)
X T(—t1) - T(—ty) (—x1)" - (—x)" dty A= Adty, i = /1

- {QW}fB(al7 A, biy bpiesxy e 7~xl’l)'

(1.10.10)

Assume that a; —b; # £v,v =0,1,---. Then evaluate the integrand as the sum of
the residues at the poles of I'(—1#;),- -+ ,I'(—t,) , one by one, to obtain the result.

1.10.3 Some properties of fc

/ / sl le s R Gersxyst) -« oF1 (5ensxpst)ds Adt (1.10.11)
Jo
=T(a)T(b)fc(a,bict, - scnsxt,- - X), for R(a) > 0,R(b) >0

Open up the oF7’s, then integrate out ¢ and s with the help of gamma integrals to see
the result.
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a+t1+ A t)D(b+ 114 +1,)
C] +t1)-~~l"(cn+tn)
C(—t1) - T(=t)(—x1)1 -+ (—xp)dty A -+ Adty

C(a)T'(b
- F(Cl()a')"(r()cn)fC(a7b;cl7“' SC3 X1y Xy )y 1 = V—1.
(1.10.12)

Evaluate the integrand as the sum of the residues at the poles of I'(—#;),--- ,['(—t,),
one by one, to obtain the result.

1.10.4 Some properties of fp

/ /bl Lo (1 — g — e gy )b (1.10.13)

X (L —wuyxy — -+ — tpxy) “dug A--- Aduy,
(b)) --I'(by)T(c—by—---—>
- ( 1) ( n)r((c) ! ")fD(a7b1,---,bn;c;x1,~--,xn),for
O<u; <1, j=1,n0<ur+ - +u, <1, 0<xup+- +xu, <1,
R(b;) >0, j=1,---,n, R(c—by —---—by) >0.
Open up (1 —ujx; — - — uyx,) ¢ by using a multinomial expansion and then inte-
grate out uy,--- ,u, by using a type-1 Dirichlet integral of Subsection 1.6.1
1
/uafl(l—u)f*“”(l—uxl)*”l.--(1—uxn)*”ndu (1.10.14)
0
1—‘ 1—‘ S
= W fola,byr,-- ,bysc;xy, - ,x,) for R(a) >0, R(c—a) > 0.
c
Expand (1 —ux;) "%/, j=1,--- n by using binomial expansions and then integrate
out u by using a type-1 beta integral to see the result.
/ / = b”il e ™ l”lFl(a;C;xltl—‘r-~~—|-xnl‘n)dl‘1/\~--/\dt,1
(1.10.15)

=T(b1)---T'(bn)fpola,br,--- ,buscixi, -+, Xy), for R(b;) >0,j=1,---,n

Expand | F; as a series, then open up the general term with the help of a multinomial

expansion for positive integral exponent, then integrate out 1, - - - ,, to see the result.
t t)l(b1 +11)---T'(bp+1
/ / (1+]+ +n> ( 1+ l) ( n+ n) (11016)
(2mi)" e+t +-+1t,)

) T(=t1) - T(—t) (—x1) -+~ (—x) ey, A+~ Adlty

[(a)C(b) T (b,)

F(C) fD(a;blv"'7bn;c;x17"'7xn)7i: V_l'
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Follow through the same method of evaluation of the contour integrals as in fy, fp
and f¢ to see the result.

fola,by,-- byscsx,-- ,x) =2F 1 (a,by + -+ by; c;x). (1.10.17)
Use the integral representation in (1.10.14) and put x; = - - - = x;, = x to see the result.
I'(c)'(c—a—by—---—by)

fD(a;bla"' 7bn;C;171"' 71) =

T ey —"— (1.10.18)

Evaluate (1.10.17) at x = 1 to see the result.

There are other functions in the category of multivariable hypergeometric func-
tions known as Humbert’s functions, Kampé de Fériet functions and so on. These
will not be discussed here. For a brief description of these, along with some of
their properties, see for example Mathai (1993, 1997) and Srivastava and Karlsson
(1985).

Example 1.10.1. Show that

fala,by, -, bn;C1,--~ ChsX1ye 5 Xn) (1.10.19)
Z Z m1+ My 1(b) 1"'(bn)mn
my=0 my,_1=0 (a)ml ”(cn)mn
xml M1
Xl,inl,zFl(a+m1+ sy, by i), x| e ] < 1.
mypo---mMuy—1-

Solution 1.10.1:  This can be seen by summing up with respect to m, by ob-
serving that (a)m, +...4m, = (@+my +---+my,_1)m,. Then the sum is the following:

e 2Fl (a+m1 +"'+mn717bn;cn;xn)-

i (a+my+ - +my_1)m, (bp)m, X™
=0 (Cn)m,, my!

Example 1.10.2. Show that

a a+1
()fc< —5 C1,~~-,cn;x1,~~-,xn) (1.10.20)

o 2 2
1 - 1°x1 1°x,
= [ e oF e —= ) oF | cp: —2 ) dr.
/0 e01(61 4> 01(Cn 4>

Solution 1.10.2: Expand the oF}’s. Then the right side becomes,

i Z f ta+2m1+ 2my—1 [x’i"l x:ln,, 1 ”
2o o (c)my - (cn)m, 4mi 4 gy omy, !

Integral over ¢ yields



1.10 Lauricella Functions and Appell’s Functions 63
/ tll+2m1+~-.+2mn—le—fdt :F(a+2m1 ++2mn)
0

Expanding I'(a +2my + - +2m,) = T'[2(§ +my +--- 4+ m,)] by using the duplica-
tion formula, we have,

1—[2<Z+m1+.“+mn>:| ﬂ—%2a+2m]+~~+2mn—ll—~(;+m1+...+mn)

a+1
xI' T+m1—|—-~~+mn

1
-ter(3)(23)
2 2
(9, (), e
2 my+-+mp 2 my+-+mp

:F(Cl> (a) (a+ 1) (4)m|+~-~+mn
2 my ety 2 my ety

(duplication formula is again applied on I'(a) = I'[2(§)] ). Now, substituting and
interpreting as a f¢ the result follows.

Example 1.10.3. Show that fg(aj, - ,an,b1, - ,by;cix1, 1 Xn)

I'(c B
:F(dl)---F(aln)r((c)—dl—---—dn)/"'/“[111 ! (1.10.21)
X (L—uy — - —1ay) D7l
X 2Fi(ay,brydysuixy) -2 Fi (an, byy dysunxy )duy A Aduy,
for R(d;))>0,j=1,---,n, Rlc—di—--—dy)>0,]x;| <1,j=1,--,n.

Solution 1.10.3: Expand the product of 5 F}’s first.

2F1(ar,byydiyuixy) -2 Fi(an, by dys upxy) (1.10.22)
_ i o i (al)ml e (an)m,, (b1>m1 s (bn)m,l (M1X1)m1 e (u,,x,,)’""
m=0  m,=0 (dl)ml Tt (dn)m,, my .. mn‘ ’
Now, evaluate the integral over u, - - ,u, by using a type-1 Dirichlet integral.
[ [ (1 ) iy A
o (dy+my)---T(dy+my)T(c—dy— - —dy)
C(c+my+---+my)
_ Cle—di = =d)T(d1) - T(dn) (d1)m, - (dn)m, (1.10.23)
I'(c) (S FE———
for R(d;) >0,j=1,---,n,R(c —dy —--- —dy,) > 0. Now, substituting (1.10.23)

and (1.10.22) on the right side of (1.10.21) the result follows.
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Exercises 1.10.

1.10.1. Establish the result in (1.10.5)
1.10.2. Establish the result in (1.10.6)
1.10.3. Establish the result in (1.10.7)
1.10.4. Establish the result in (1.10.8)
1.10.5. Establish the result in (1.10.9)
1.10.6. Establish the result in (1.10.10)
1.10.7. Establish the result in (1.10.11)
1.10.8. Establish the result in (1.10.12)
1.10.9. Establish the result in (1.10.13)
1.10.10. Establish the result in (1.10.14)

1.11 Special Functions as Solutions of Differential Equations
and Applications

[This section is based on the lectures of Professor P. N, Rathie of the Department of Statistics,
University of Brasilia, Brazil']

1.11.0 Introduction

Certain special functions occur often in fields like physics and engineering. We
study these functions (exponential to Mejer’s G-functions) as solutions of differ-
ential equations because the behavior of a physical system is generally represented
by a differential equation. A powerful method for solving differential equations is
to assume a power series solution.

1.11.1 Sine, cosine and exponential functions

The sine, cosine and the exponential functions are the most elementary special func-
tions. The following example illustrates how sine and cosine functions are obtained
as solutions of a differential equation in a mathematical physics problem.

Example 1.11.1. Motion of an elastically bound particle in one dimension. The
position x of a particle of mass m that moves under the influence of a force

F = —mw’x (1.11.1)



1.11 Special Functions as Solutions of Differential Equations and Applications 65
is given at time 7 by

x=bsin(wt + ¢) (1.11.2)
where b and ¢ are constants. By Newton’s second law of motion,

d2
F:mé. (1.11.3)

If the particle obeys Hooke’s law, then (1.11.1) is valid with w as a constant. Thus
(1.11.3) and (1.11.1) yield

d2
d—f+w x=0. (1.11.4)

Assuming the power series solution
=Y au**" (1.11.5)
n=0

where the a,, are constant coefficients to be determined, we obtain

s(s—=1)ap=0 (1.11.6)
(s+1)sa; =0 (1.11.7)
(s+n+2)(s+n+ a2 +w?a, =0. (1.11.8)

Solution 1.11.1: (1.11.6) and (1.11.7) are satisfied for s = 0. With this choice
(1.11.8) gives

—1 n/2,.n
a, = ( )‘ s ap, for n even (1.11.9)
n!
1 (n—1)/2,,n—1
an = ()—'Wal for n odd. (1.11.10)
n!

Thus, the general solution of (1.11.4) is given by

n/2 whh > (] (nfl)/Zanltn
) =ap Z ——— ta Zl (=1 - (1.11.11)
n:even nn::)dd

S (=DFwn)*ar & (=D ()t
k:OW ;k:()w

= agcos(wt) + a sin(wt).
w

Thus the general solution of the second-order differential equation (1.11.4) is the
sum of two linearly independent solutions. The constants ay and a; are determined
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from the initial conditions. For example, for t = 0, x(0) = xo and % =y =y then
ap = xo and a; = vg. Thus

x(1) :xocos(wt)—i—v—w(})sin(wt) (1.11.12)
= bsin(wr + @)

with b = 1 /x3 + (vo/w)? and ¢ = tan~" (xow/vp).

Exercises 1.11.

1.11.1. Find the solution of the differential equation

d{id(;) —y(x)=0.

1.11.2. Obtain the solution of Eq. (1.11.4) for the following cases

(H s=1,
(2) s=-—1.

1.11.2 Linear second order differential equations

Any linear, second-order, homogeneous differential equation can be written in the

form
2

d d

d—zzu(z)+P(z)d—Zu(z)+Q(z)u(z) =0. (1.11.13)
Assuming u(z) and d%u(z) at z = zo and successive differentiations, we can get the
Taylor series for u(z) as

L i)
u(z) = ZdZT(z—zo)". (1.11.14)
n=0 :

If the series in (1.11.14) has a nonzero radius of convergence, then the solution ex-
ists. If u(z) and d%u(z) can be assigned arbitrary values at z = 7o, then we say that
the point zg is an ordinary point of the differential equation (1.11.13), otherwise it
is a singular point. Consider the differential equation,
2
2 d

d
z d—zzu(z) +azd—zu(z) +bu(z) =0

where a and b are constants. For z = 0 we see that if #(0) has any value other than

d22 u(0) must be infinity and the Taylor series for u(z) cannot

- d
zero, either g-u(0) or
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be obtained around z = 0. If P(z) or Q(z) has a singularity (not a branch point) at
Z =z so that g—;u(zo) cannot be obtained to construct the Taylor series of u(z), then

the differential equation has a regular singularity if and only if both (z — z9)P(z)
and (z — 20)?Q(z) are analytic at zo. Otherwise, the singularity is irregular.

1.11.3 Hypergeometric function

The Gauss hypergeometric differential equation is given by

a2 d
21—2)— +[c—(a+b+ 1)z — —abu=0 (1.11.15)
dz? dz
or
d
[6(6+c—1)—z(0+a)(6+b)u=0, where & =g (1.11.16)
z
Assuming the solution
u(z) =Y apd"* (1.11.17)
n=0
we get from (1.11.15), the following relations,
s(s+c—1)ap=0 (1.11.18)
and
b b
gy = DS ntstatb)rab (1.11.19)
(n+s+1)(n+s+c)

The trivial solution u(z) = 0 is obtained if we assume ag = 0. For the nontrivial
solution we assume ag # 0. Equation (1.11.18) yields s =0 or s = 1 —¢. For s =0,
the solution of (1.11.15) is given by

=) b;
(@)n( )lzn = ag2Fi (a,b;c;2),|2) < 1 (1.11.20)
= nl(c)a

u(z) = agp
where (a), stands for the Pochhammer symbol.
Example 1.11.2. From (1.11.20), it is easy to see that
2Fi(1,b;b;z) = i 7', |z) <1 (geometric series)

n=0

and
2Fi(—=s,b;b;z) = (1 —2)°,]z| <1 (binomial expansion).
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The general solution (for ¢ # an integer) consists of two linearly independent solu-
tions,

u(z) = cru (z) + caua (2) (1.11.21)
where 1 (z) is given by (1.11.20) and u»(z) corresponding to s = —c+ 1 is given by
w(z) =2 F(14+a—c,1+b—c;2—c;2). (1.11.22)

The arbitrary constants c¢; and ¢, are to be determined by the boundary condi-
tions.

We may observe the following:

(1)The Gauss hypergeometric equation (1.11.15) has three singularities at 0, 1
and oo,

(2)If ¢ is an integer, uy(z) is not a new solution. For example, ¢ = 1, u; (z) = uz(z). If
neither a nor b is zero or a negative integer, two linearly independent solutions are

2Fi(a,b;15z) (1.11.23)
and (logarithmic solution)
S WL TS S S
a I Wt
2 2) = Sati—1 Hbti-1 Hi
(1.11.24)

Example 1.11.3. Simple pendulum

A simple pendulum consists of a point mass m attached to one end of a massless
cord of length /, and the other end fixed at a point such that the system can swing
freely under gravity. Let 77 be the tension in the cord when it is inclined at an angle
0 with the vertical. Then by Newton’s second law, we have

2
Tl—mgcos.e:% (1.11.25)
d2
—mgsin0 = mes (19) (1.11.26)
The equation (1.11.25), takes the following form
d’6
£ sing =0. (1.11.27)

a7
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de
Multiplying (1.11.26) by T gives us

2
411 (4o 8 cosh| =
dr |2\ dt )

1 /do\?
2<dt> —%cose

de
is a constant. Let 6 = 6y when T 0 (pendulum at rest). This gives the value of

which implies that

constant as %cos 6 so that

de 2
e \/ lg (cosO —cos ).

Integration gives the period of oscillation as

[ 11 6y
roam [ (L (2)). 11129

Thus, we see that the period of oscillation of a simple pendulum depends on the
amplitude of the oscillation. Note that if the amplitude 6y is small, then the period

is given by
T=2m !
8

Exercises 1.11.

1.11.3. Write down the general solution of the differential equation
d? 5 3
(1—1)dz u(z) + 1721 —u(z)+1u(z):0.

1.11.4. Find the general solution of the differential equation
L) L)+ Ay =0
Rl ) y(x) =

where A and p are constants. Discuss the conditions to be imposed on A and L.

1.11.5. Solve the differential equation

2

d d
X P+ 2 ) () =
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by series method. Is it possible to write the solution in terms of elementary special
functions?
1.11.6. Find the general solution of the differential equation

2

(1 =2)S30(2) + (1 =) ) + ) =0,

where U is not an integer. Is one of the solutions a polynomial?

1.11.7. Show that
y(z) =z %19, (a,b;c;h(z))

satisfies the second order differential equation:

h((]/]l,l/)zl)y”Jr{h((};/):) (ZOZCh Jr2f/h/h//) + (aerZ/l)hC}yl

f(8r) (leblioe) Moy Tala 1 20

—I-f//h/—I-(f)zh/ ?/ fh”]—l— b} —0.

1.11.4 Confluent hypergeometric function

The confluent hypergeometric differential equation is

@ d =0 1.11.29
x@u(x)—i—(c—x)au(x)—au(x)— (1.11.29)

or
[6(6+c—1)—z(6+a)]u(x)=0, 6:Z£. (1.11.30)

dz

This can be obtained from Gauss hypergeometric equation (1.11.15) by taking
x = bz and then making b — oo. This equation has singularities at x = 0 and x = co.
A merged (confluence) of the singularities of equation (1.11.15)atz=1 and z =
has occurred. The singularity at x = 0 is regular and at x = oo, irregular. To get the
general solution of (1.11.29), substitute

x) =Y autt (1.11.31)
k=0

so that

s(s—14c)agp=0. (1.11.32)
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Thus the nontrivial general solution to (1.11.29) is given by

u(x) =A1Fi(a;c;x) +Bx'"F (I+a—c;2—c;x). (1.11.33)

Exercises 1.11.

1.11.8. Show that
y=2"%""9F (a;¢;h(z))

satisfies the second order differential equation
20th hh"’ a
hy” + {+2f/h— - —hh’+ch’}y’+ {h’ ( +f’> (c—h)
Z Z

Th |:(X((XZZ 1) +2af’ +f//+(f/)27%,: <a+fl):| a(hl)Z}yO

Z <

1.11.5 Hermite polynomials

The differential equation

d? d
dfyzf(y) - 2yd—yf(y) +2nf(y) =0 (1.11.34)

is known as Hermite’s equation. For z = y?, (1.11.34) takes the following from

d? 1 d
zdfzzf(zH (2z> d—zf(z)Jrgf(z):O. (1.11.35)

This is of the form of confluent hypergeometric equation (1.11.29) yielding the two
solutions for (1.11.34) as

—1)""/2p1
f(Y)Z(l(),,),mlFl (—Z;;;)@) for n even (1.11.36)
oL
=H,(y)
and
—1)(1=m/22p —13
f(y)=()(n_1),ny1F1 (—”2 ;2;y2) for n odd (1.11.37)
T .
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Exercises 1.11.
1.11.9. For what values of s the substitution u(z) = z*f(z) in

&

(@) 2 pu2) + eu(z) =0

Z

will result in confluent hypergeometric equation. Write the general solution for u(z).
1.11.10. For what value of a the substitution u(z) = e* f(z) in

d2

apu(@) + (1 fSZ)d%u(z) +6zu(z) =0

will result in confluent hypergeometric equation. Find the solution.

1.11.11.  Find the solution of the type u(x) = v(x)w(x) for the differential equation

d? d 1

@u(x) - au(x) a2 [a(a—2)+2ax]u(x) = 0.

Choose v(x) so that w(x) satisfies the confluent hypergeometric equation. Find the
general solution u(x). Show that a particular solution reduces to x*/2e*.

1.11.6 Bessel functions

The differential equation

d? d
XQJZ +xau+(x2—v2)u20 (1.11.38)
(v need not to be an integer) is called Bessel equation. There are two singularities
at x = 0 (regular) and x = oo (irregular). The general solution of (1.11.38), when v
is not an integer, is given by

. 1 1
ux)=e™ [AvxvlFl <v+ 5;2‘/ + 1;2ix> +Byx V1F (—v+ E;—Zv—l— 1;2ix)]

(1.11.39)
where Ay and By are arbitrary constants. Using the relation
e ¥ (x/2)Y 1 ,
J =———1F|Vv+=;2v+1;2ix ), 1.11.40
v(x) Tv+1) 11 +2 +1;2ix ( )

where Jy(x) is Bessel function of the first kind, the solution of (1.11.38) may be
written as

u(x) = ayJy (x) + byJ_v(x) (1.11.41)
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where ay =2"T'(v+1)Ay, by =27VT'(—v + 1)By. It may be noted that J, (x) is
regular at x = 0, whereas J_, (x) is irregular at x = 0. The function
_ Jy(x)cos(vm) —J_y(x)

M) sin(vr)

, (1.11.42)

which is known as Bessel function of the second kind ( or Newman’s function), is
also a solution of (1.11.38) and is linearly independent of Jy (x). The function Ny (x)
is irregular at x = 0. Thus the general solution of (1.11.38) may also be written as

u(x) = aJy(x) +bNy (x) (1.11.43)

where a and b are arbitrary constants. Two functions frequently encountered in phys-
ical applications are

HM (x) = Iy (x) + iNy (x) (1.11.44)
and
H (x) = Iy (x) — iNy (x) (1.11.45)

which are known as Bessel functions of the third kind (or Hankel functions). If v is
zero or a positive integer, then the two independent solutions of (1.11.38) are Jy (x)
and a logarithmic solution which has a complicated expression.

Exercises 1.11.

1.11.12. Letu(x) = Z ;X" be the solution of the Bessel equation
k=0
d*u  du
2 22y,
X @‘f‘Xa—F(x -V )M—O
Show that for k > 1 the coefficient ¢ satisfies the equation
{(k+s5)*=v?}ex+cxn =0.

For v? #* %, verify that, if ¢y # 0, then ¢; = 0 and vice versa. Obtain the solutions
of the Bessel equation.

1.11.13. With the change of dependent variable w(x) = e”* f(x) show that the dif-

ferential equation
2

d d
x@w(x) +2A &w(x) +axw(x) =0
can be transformed into the confluent hypergeometric equation. Write down the
general solution expressed in terms of Bessel functions.
1.11.14. Transform the differential equation
d2

@u(x) +Axu(x)=0

(A = constant, s = a real positive number) into Bessel equation by using u(x) =
xP f(x) and z = bx?. Find the values of b, p and g. Write down the differential equa-
tion for f as a function of z. Find the general solution to the original equation.
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1.11.7 Laguerre polynomial

The Laguerre polynomial

i"l—’—a—”_x) (1.11.46)
Sil(n—i)!(1+a);

is a solution of the differential equation
d?y d B
x@—&-(l—i-a x)dxy—I—ny—O. (1.11.47)

Laguerre polynomial (1.11.46) is connected to confluent hypergeometric function
by the relation

(I1+a),

L) =

VFy(—n; 1+ asx). (1.11.48)

1.11.8 Legendre polynomial

The Legendre’s equation is

a2
(l—x)ajzf—ng—i-m(m—Fl)f 0, m=0,1,... (1.11.49)

which has its solution as
1
Pn(x) =2F (—m,m+l;l;2(1—x)> (1.11.50)

which is a polynomial of order m.

Exercises 1.11.

1.11.15. Show that the Legendre equation

2
(1—x )ix—];—ng—&-n(n—H)f 0

has a solution
)= /2 1)k (20 — 2k) 112
YT L k(- 2k (n— k).

where n is either even or odd.
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1.11.16. Show that the differential equation
5. d%y dy

has three regular singularities.

1.11.17. Obtain the general solution to the differential equation
d?y d
(125 —3xay +n(n+2)y=0
in terms of hypergeometric functions. Show that one of the solutions
if n is an integer (n # —1).

1.11.9 Generalized hypergeometric function

The homogeneous linear differential equation

q p
6H6+b—1 H5+a )=0

j=1

where § = zd%,

(a)is of order max(p,q+ 1),

75

is a polynomial

(1.11.51)

(b)has singularities at z = 0 (regular) and z = oo (irregular) for p < g+ 1,

(c)has regular singularities at z = 0, 1 and o when p = g+ 1.

The g+ 1 linearly independent solutions of (1.11.51) for p < g+ 1 near z =0 when
no two b;’s differ by an integer or zero, and no b; is a negative integer or zero, are

given by

un(z) = Apz' P, Fy(14+ay — by, 1+ap —bys 1 +bo—by,..., 1 +by— by32)

(1.11.52)

for h=0,1,...,q, bo = 1, with the term 1 +b; —b;, j =0,1,...,g omitted where

Ap, h=0,1,..., g are arbitrary constants. Thus

LtO:A() qu(al,...,ap;bh...,bq;z)

u=Aq Zliblqu(]—l—Cl]—bl,...,1+ap—b1;2—b1,]+b2—b1,...,

ury=~A, ZlfthFq(l—i-al—bz,...,1+ap—b2;1+b1—b2,2—b2,
1+b3*b2,...,1+bq7b2;2)

etc

14 by— b1;2)

(1.11.53)
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Solution 1.11.2: Substitution of
2)=Y '™ (1.11.54)
n=0

in (1.11.51) yields

oo

4q )4
Z { s+n)[[s+n+b;—1)"=[[(s+n+a ”“} =0. (1.11.55)
n=0 j=1 i=1

Equating the coefficient of ¢ to zero gives the indicial equation roots as s, = 1 — by,
h=0,1,...,q. For the root s;,, we find from (1.11.55) that

o 17, (sn + ai)co
" (s DnITi (sn+Dj)n

Thus (1.11.56) and (1.11.54) yield (1.11.53). If p > ¢+ 1 and no two of the a;’s
differ by an integer or zero, then there are p linearly independent solutions of the
equation (1.11.51) near z = oo:

(1.11.56)

vp(t) = thiuh,ﬁ_]Fp_l(] +ap—by,....,1+a,—by;
1+ah—a1,...,1+ah—ap;(—1)q+lfp/z),

h=1,2,...,p, where B, h =1,..., p, are arbitrary constants.

1.11.10 G-function

The G-function

(@) =Gy

a]a --»dp
2. J)q] (1.11.57)

satisfies the homogeneous linear differential equation
P q
()" P [ (6 —ai+1) = [[(8— b)) | y(z) =0 (1.11.58)
i=1 j=1
where § = zd%. This equation

(a)is of order max(p,q),
(b)has singularities at z = 0 (regular), z = oo (irregular) when p < ¢,
(c)has regular singularities at z = 0, .o and (—1)""""? if p =¢.
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In view of

1
Z

ay,...,ap — G
b],...,bq

m,n
Gl’;q q;p

I=bp.d=bg| (1
l—al,...,l—ap ’ gr=4ag Z
(1.11.59)

it is enough to consider p < g. The g functions

m+n—p+1)

_ in(m+n—p+1)by ~1,p —im
i(z) = Ape™ ) 'Gplq |z (

ay,...,ap
bh7b17-~~7bh717b/’l+17"'7bq ’
(1.11.60)

h=1,2,...,q for A, arbitrary constant, form linearly independent solutions for
(1.11.58) around z = 0 provided that no two of b;, j = 1,...,m, differ by an in-
teger or zero. Equation (1.11.60) may be written as

i D1+ by — )
7:1r(1 +b, —bj)
X qu_1(1+bh—a17.. S 1+by—ap; 1+bh—b1,...7l+bh—bq;(—l)m+n7pz)7

yi(z) = Az (1.11.61)

where p < g—1or p=gand |z| <1 and | +bj, — b;, term is omitted. When two or
more b;’s differ by an integer or zero, the corresponding independent solution may
involve log, psi and/or zeta functions. The solution of (1.11.58) in the neighborhood
of z = oo (irregular singularity) are rather lengthy to obtain.

Exercises 1.11.

1.11.18. Show that u(z) = ,Fy(ai,...,a,;b1,...,by;z) satisfies equation (1.11.51).
1.11.19. Show that (1.11.57) satisfies (1.11.58).
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Chapter 2

Mittag-Leffler Functions and Fractional
Calculus

[This chapter is based on the lectures of Professor R. K. Saxena of Jai Narain Vyas University,
Jodhpur, Rajasthan, India.]

2.0 Introduction

This section deals with Mittag-Leffler function and its generalizations. Its
importance is realized during the last one and a half decades due to its direct
involvement in the problems of physics, biology, engineering and applied sciences.
Mittag-Leffler function naturally occurs as the solution of fractional order dif-
ferential equations and fractional order integral equations. Various properties of
Mittag-Leffler functions are described in this section. Among the various results
presented by various researchers, the important ones deal with Laplace transform
and asymptotic expansions of these functions, which are directly applicable in the
solution of differential equations and in the study of the behavior of the solution for
small and large values of the argument. Hille and Tamarkin in 1920 have presented
a solution of Abel-Volterra type integral equation

A o) B
¢(x) — )/0 ( dr = f(x), 0<x<1

(o x—t)l-a
in terms of Mittag-Leffler function. Dzherbashyan (1966) has shown that both the
functions defined by (2.1.1) and (2.1.2) are entire functions of order p = é and type
o = 1. A detailed account of the basic properties of these functions is given in the
third volume of Batemann Manuscript Project written by Erdélyi et al (1955) under
the heading “Miscellaneous Functions”.

2.1 Mittag-Leffler Function

Notation 2.1.1. E,(x): Mittag-Leffler function

Notation 2.1.2. E, g(x): Generalized Mittag-Leffler function

79
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Note 2.1.1:  According to Erdélyi, et al (1955) both Eq(x) and E, g(x) are
called Mittag-Leffler functions.

Definition 2.1.1.

o k
Z
Definition 2.1.2.
oo k
Z
Eqp(2) 7;;)1“(7445)’ a,BeC,R(a)>0,R(B) > 0. (2.1.2)

The function Ey(z) was defined and studied by Mittag-Leffler in the year 1903. It is
a direct generalization of the exponential series. For o = 1 we have the exponential
series. The function defined by (2.1.2) gives a generalization of (2.1.1). This gener-
alization was studied by Wiman in 1905, Agarwal in 1953, Humbert and Agarwal
in 1953, and others.

Example 2.1.1. Prove that E;5(z) = =L

Z

Solution 2.1.1: We have

k oo k o k+1
1 1
L (1)

5, :
RS VY~ ey R MY vy DY

Definition 2.1.3. Hyperbolic function of order n.

oo nk+ r—1

_ 7 1 _
h,(z,n)—z (nk+r71) E, (7", r=1,2,... (2.1.3)

Definition 2.1.4. Trigonometric functions of order n.

k kn+r 1
=7 B, (—2"). (2.1.4)

Ey = e erfe(—z), (2.1.5)

i kn—|—r—1
L

where erfc is complementary to the error function erf.

Definition 2.1.5. Error function.

2 00
erfe(z) = — / e du=1—erf(z), zeC. (2.1.6)
Zz

T2
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To derive (2.1.5), we see that Dzherbashyan (1966, P.297, Eq.7.1.) reads as
w(z) = e erfe(—iz) 2.1.7)
whereas Dzherbashyan (1966, P.297, Eq.7.1.8) is
- (i2)"
w(z) = . (2.1.8)
)

From (2.1.7) and (2.1.8) we easily obtain (2.1.5). In passing, we note that w(z) is
also an error function (Dzherbashyan (1966)).

Definition 2.1.6. Mellin-Ross function.

(v,a)=1" Z v+k+1) =t Eyy11(at). (2.1.9)

Definition 2.1.7. Robotov’s function.
g ﬁktk(aJrl)

Ro(B,t) =1t* ;)r((1+a)(k+ 1)

k

=1%Eq 1041 (Bt*). (2.1.10)

Example 2.1.2. Prove that £} 5(z) = €51

Solution 2.1.2: We have

o Zk 1 & Zk+2
E = = —
13(2) k:ZOr(k%) z2,§o(k+2)!
1
= S(E-z-1)

Example 2.1.3. Prove that

AN AURNLED JUR ol QR
L,(z)fzril efza ,r=1,2,....

The proof is similar to that in Example 2.1.2.

Revision Exercises 2.1.

2.1.1. Prove that
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and write the right side in terms of a generalized Mittag-Leffler function.

2.1.2. Prove that
d A —~AA)
aHi’zl {X|EZ,A;,(O,1)} = { ’(Z AA), )}-

2.1.3. Prove that

k+l—a
A

L [ 1 (—aa), 10 S (=D
H2,yl |:‘( —A 1];0 (

2.2 Basic Properties of Mittag-Leffler Function

T(1— (k+1—a)/A)

As a consequence of the definitions (2.1.1) and (2.1.2) the following results hold:

Theorem 2.2.1.  There hold the following relations:

. 1
(i) Eqp (z) = ZEq o1 p (2) + m
(1) Eep (2) = BEecp1(2) + G- 12

—m)>0,m=0,1,....

Solutions 2.2.1: (i) We have
k oo k+1

Z Z
Eap(z) = ,;)F(ockJrﬁ) - k; T(a+ B+ ok)
= Eoaip(3) + g7 KB >0

(i1)) We have

o (ak+B)F > bl
_Z (

E
) (2) [ B )] = B ),
(8

2.2.1)

(2.2.2)

(2.2.3)

(2.2.4)
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(iii)
d\" = Zak+ﬁ71
LHS =(—
(dz) ,;)F ok+P)
oo Zak+ﬁfm71
= , R(B—m) >0,

kgof(ak—i—ﬂ—m) ( )

since

y <d>m (BT = i I'(ak+B) L0kt Bm—1
i=oT(

=\ dz I'(ok+ B —m)
=P "By (2%), m=0,1,2,...
=R.H.S.

Following special cases of (2.2.3) are worth mentioning. If we set @ = %, m,n =
1,2,... then

k=04 "y —m)
for R(B —m) > 0, (replacing k by k+ n)
m(k+n)
_ _B-m—1
=z
k;n B+n}11k)
n Zimfk
=P Ew g () 4Py —— 1,2
z mp(zn)+z ,mn=12.3
x L

—m

d\"r 4 _ z
“ B—1 my | _ B—1 m _
(dz> [z Enp(z )} P )+ gy RB-m >0 226)
Putting z = ¢ in (2.2.3) it yields
m n d 1\ 1\
(#1 '"dt> (P08 En ()] =1~ DEEw (1)

RB-m)>0, mn=12,.... (22.7)

When m = 1, (2.2.7) reduces to

tlnd . 1 7nn
- dt[(ﬁ 1) Elﬁ()} (B, (1)1 BD Y o
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for R(B) > 1, which can be written as

1 d n
il {tw*l)"E}?ﬁ(t)} =P E () +P Y RB)>1. (22.8)

ik
ndt Srp-5)’

2.2.1 Mittag-Leffler functions of rational order

Now we consider the Mittag-Leffler functions of rational order o@ = § with p,g =
1,2, .... relatively prime. The following relations readily follow from the definitions
(2.1.1) and (2.1.2).

d\?
W (dz> Ep(2") = Ep(2") (2.2.9)
.. d\?’ 4 4 -] Zkgip

qg=1,2,3,.... We now derive the relation

(iii) E (

1_,
1+ Z ’Z)] (2.2.11)
k=1 a

l
q
where ¢ = 2,3, ... and (o, z) is the incomplete gamma function, defined by

4
}/(a,z):/ e “u® 'du
0

To prove (2.2.11), set p =1 in (2.2.10) and multiply both sides by e™* and use the
definition of y(a,z). Thus we have

q-1 -

dr .. 1 .
&[e Eé(zé)}:e kgré_g) (2.2.12)

e

Integrating (2.2.12) with respect to z, we obtain (2.2.11).

2.2.2 Euler transform of Mittag-Leffler function

By virtue of beta function formula it is not difficult to show that

1
[ #1197 Eapleiaz=Tohw [0, ] @219
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where R(a) > 0,R(B) > 0,R(o) > 0,7 > 0. Here 2y is the generalized Wright
function and , B,p,0 € C.

Special cases of (2.2.13):
(i) When p =,y = «, (2.2.13) yields
I
/0 P11 -2)7 Ey p(x2%)dz =T(0)Eg 6.5 (x), (2.2.14)
where o > 0; 3,6 € C,R(B) > 0,R(c) > 0 and,

(ii) ;
/0 (1 =2)P Eg plx(1 - 2)%dz = T(0)Eq 16 (), (2.2.15)
where o > 0; 8,0 € C,R(B) > 0,%(c) > 0.

(iii) When oo = 8 = 1 we have
1
p,] _ o—1 Y _ (p77>*(171)
./o & (1=2)7 explazl)dz = [(0)2 v {x’u,wﬂp.w}
— (o) v [x}giﬁw)} , (2.2.16)

where y > 0,p,0 € C,R(p) > 0,R(c) > 0.

2.2.3 Laplace transform of Mittag-Leffler function

Notation 2.2.1. F(s) = L{f(¢);s} = (Lf)(s) : Laplace transform of f(z) with
parameter s.

Notation 2.2.2. L '{F(s);t} : Inverse Laplace transform

Definition 2.2.1. The Laplace transform of a function f(z), denoted by F(s), is
defined by the equation

F(5) = (L)) = L{fWis} = [ e s, (2.2.17)
where R(s) > 0, which may be symbolically written as

F(s) = L{f(t):s} or f(r)=L""{F(s)it},

provided that the function f(¢) is continuous for # > 0, it being tacitly assumed that
the integral in (2.2.17) exists.
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Example 2.2.1. Prove that

ey 70
L {S p}_r(p)v

It follows from the Laplace integral

R(s) >0, R(p) >0. (2.2.18)

/we*“ﬂ’*‘dt _ l? R(s) >0, R(p) > 0. (2.2.19)
JO S

Example 2.2.2. Find the inverse Laplace transform of o) . a,o0 > 0; where

R(s) > 0, F(s) = LLf(1):s).

Solution 2.2.1: Let

. r—oc ocr a
— 1.
6l5) = —— =Y (- <

Therefore,
L{G(5)) = gle) =L { i<_a>rsaw}

=1 Eq o(—at®). (2.2.20)

Application of convolution theorem of Laplace transform yields the result

L—l{ F(s) ;t} :/Ox(x*t)a_lEa?a(fa(xft)a) F(1)de (2221

a+s%
where R(a) > 0.

By the application of Laplace integral, it follows that

—a 1 X (1,0),(p,
/0 e E,, 5 (x2)dz = a—pm[ |Eﬁ’;)(" ”], (2.2.22)

where p,a,0,B € C,R(ax) > 0,R(B) > 0,R(y) > 0,R(a) > 0,R(p) > 0 and
| 5| < 1. Special cases of (2.2.22) are worth mentioning.

(i) Forp =B,y=a,R(ax) > 0, (2.2.22) gives

a® P

/0 e P By g (x2%)dz = , (2.2.23)

where a,a, B € C,R(ax) > 0,R(B) > 0,]%| < 1.

a%* —x
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When a = 1, (2.2.23) yields a known result.

e 1
/0 efzzﬁflEa_ﬁ (xz%)dz = 1= |x| <1, (2.2.24)

where R(ot) > 0,R(B) > 0. If we further take § = 1, (2.2.24) reduces to

< 1
/0 e ‘Eq(xz%)dz = m,|x| <1

(ii) When 8 = 1, (2.2.23) gives

e By (x:%)dg = 2 2225
/0 e “Eq(x")dz =5, ( )
where R(a) > 0,R(a) >0, %[ < L.
2.2.4 Application of Lalace transform
From (2.2.23) we find that
B—1 a SaiB
L{x""Eqpg(ax®)} = g (2.2.26)
where R(ct) > 0,R(B) > 0. We also have
y—1 a s*7
L{x" " Eqy(—ax")} = wia (2.2.27)
Now
S‘X—ﬁ sa_y Sza_(ﬁ'H/) )
o L"‘ HJ = g for R(s’) > R(a). (2.2.28)

By virtue of the convolution theorem of the Laplace transform, it readily follows
that

t
/O wP T Eqy g (au®)(t —u)' ' Eqy(—a(t —u)*)du = tPT7 Eyy g, (aP7%),

(2.2.29)
where R(B) > 0,%R(y) > 0. Further, if we use the identity

1" P ey pao

5= P2 o } (2.2.30)

and the relation
L{tP7 s} =T(p)s P, (2.2.31)
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where R(p) > 0,R(s) > 0, we obtain

gy e O .
/0 Eqp( )[r(zﬁ) Na B 12) du=r1, (2.2.32)

where 0 < 8 < 2,R(a) > 0. Next we note that the following result (2.2.34) can be
derived by the application of inverse Laplace transform to the identity

[ 2B 1 SR i

=, R > L (2.2.33)

520 — 1 2a_1 e
We have
1o ) ) . )
Ty Jy 00 Eaap N = g p () B ),
(2.2.34)
where R(or) > 0,R(B) > 0. If we set B = 1 in (2.2.34), it reduces to
1 X
a) /0 (x— 1) 1 Exq (2*)dt = Eq(x%) — Ezq (x**) (2.2.35)

where R(o) > 0.

2.2.5 Mittag-Leffler functions and the H-function

Both the Mittag-Leffler functions Eq(z) and E4 g(z) belong to H-function family.
We derive their relations with the H-function.

Lemma 2.2.1: Let o € R. = (0,0). Then Eq(z) is represented by the Mellin-
Barnes integral

_ L e —s)(—2)°
Eq(z) = 27ti/L T —as) ds, |argz| < T, (2.2.36)

where the contour of integration L, beginning at ¢ — ieo and ending at ¢ + ieo, 0<c<1,
separates all poles s = —k,k=0,1,2, ... to the left and all poles s = 1 +n,n =0, 1,...
to the right.

Proof. We now evaluate the integral (2.2.36) as the sum of the residues at the
points s =0, —1,—2,.... We find that
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I Tl —s)(—2)" s (s +k)T(s)I(1 —s)(—2) "

E/L F(lfas Z (1 —as) (2.2.37)
> kr (1+k)
Z A+ ak) 2

:Ea(Z),

which yields (2.2.36) in accordance with the definition (2.1.1). It readily follows
from the definition of the H-function and (2.2.36) that E(z) can be represented in
the form

1,1 (0,1)
Ea(@) =H3 | =201 0.0 - (2.2.38)

where H 11 21 is the H-function, which is studied in Chapter 1.

Lemma2.2.2: Letae R =(0,), €C,then

1 [ T(s)T(1 —5)(—2)~
Eap(@)=5— / ()r((ﬁ—()x(s)Z) ds. (2.2.39)

The proof of (2.2.39) is similar to that of (2.2.36). Hence the proof is omitted. From
(2.2.39) and the definition of the H-function we obtain the relation

1,1 (0,1)
Eqp(z) = H) [_zy (0’”’(17&&)} . (2.2.40)

In particular, E(z) can be expressed in terms of generalized Wright function in the
form

Ealz) =191 [2l(17))] (2.2.41)
Similarly, we have
1,1
Eqp(z) =11 [z\éﬁ’o’()] . (2.2.42)

Next, if we calculate the residues at the poles of the gamma function I'(1 —s) at the
points s = 1 +n,n=0,1,2,... it gives

— 1
2mi ). T(1— as) i T(1— as)

(17T )2
N Z n!T( 1, o(l+n))

oo —

(2.2.43)
e 1 —omn)

for ot # 1,2, ---. Similarly for o # 1,2,--- | Eq g(z), gives

I'(l1-s) > "

1 T(s) s
Tm/L T —a) (—z) %ds = n;,r(ﬁ—an)' (2.2.44)
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Exercises 2.2.

2.2.1. Let
(1) = 1P~ En g (i)
Us(t) =tP7E, g(e™)
Us(t) ZI(ﬁfl)%E%./s(f)
Us(t) =P~y 5(0)

Then show that these functions respectively satisfy the following differential equa-
tions of Mittag-Leffler functions when m, n are relatively prime.

I-NEEAR LR
dm ETE- )
R(B) >m,(m,n=1,2,3,...);

Lodm t—mtB-1

(i) G U2() = Ual0) = gy R(B) >mm=1.2,....;

_ad " 1 e K

(iii) (tl mdt) Us(t) — Us(t) = 1P 1),,/;F(ﬁ_%)
mn=1273 .. R(P)>m

iv) — 4 — ! _ By t*

(iv) {dtU‘t(I)} " UL(E) =t kg’ll“(ﬁffj)

2.2.2. Prove that

dt = Eq(Ax*) —1,R(a) > 0.

A% Eg(M®)
F(Oc)/o (x—1)l-@

2.2.3. Prove that

I B ()] =T B (@x®) + (7~ BB (@), B £

2.2.4. Prove that

1 'z
_ B—1/, _ \v—I1 o _ Bt+v-1 o
) [ ) B g () = P B (22%),

R(PB) > 0,R(v) >0,R(x) > 0.
2.2.5. Prove that

ﬁ /OZ(Z —1)% Lcosh(VAL)dt = z%Ey g1 (A2%), R(a) > 0.



2.3 Generalized Mittag-Leffler Function 91
2.2.6. Prove that

1

Z
m/o M (z—1)*"'dr = 2E) 411(A2), R(a) > 0.

2.2.7. Prove that

L/Z(z—t)a*' sith(VAD) 3 _ a1, 5 (A2), R(a) > 0.
0

I'(a) VA
2.2.8. Prove that

oo o

/ ef‘”‘xﬁflEa’B (x%)dx = %,%(s) > 1.
0 s¢—1

2.2.9. Prove that

oo 1
/ CistEa(la>dt = ﬁ,%(é‘) > 1.
0

s—Ss

2.2.10. Prove that

/0 U Eg g (1) (x — )P Eg [z — 1) ¥)du

_ YEapiy0n®) —Bapiy(%) gy
y—z ’

where y,z € C; y #z,¥> 0,8 > 0.

2.3 Generalized Mittag-Leffler Function

Notation 2.3.1. Eg y(z): Generalized Mittag-Leffler function

Definition 2.3.1.
(8)nz"

S _
Eﬁv"(z) N ng’o I(Bn+y)n!’

(23.1)

where 3,7,6 € C with R(B) > 0. For § = 1, it reduces to Mittag-Leffler function
(2.1.2). This function was introduced by T.R. Prabhakar in 1971. It is an entire
function of order p = [R(B)]~".
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2.3.1 Special cases of E g y(z)

(i) Ep(z) =Ep, () (2.32)
(i) Egy(z) = Ep,(2) (2.3.3)
(iii) 9 (7, 8:2) = 1 F1(1:8:2) = [(8)E] (), 234

where ¢ (7, §;z) is Kummer’s confluent hypergeometric function.

2.3.2 Mellin-Barnes integral representation

Lemma 2.3.1: Let f € R: = (0,);7,8 € C,y # 0,%(8) > 0. Then £ _(2) is
represented by the Mellin-Barnes integral

1 1 [(s)I'(6—s ﬂ,
Eg,y(Z) = WZM/LM(_Z) “ds, (2.3.5)

where |arg(z)| < m; the contour of integration beginning at ¢ — ieo and ending at
c+ic0,0 < ¢ < R(D), separates all the poles at s = —k,k =0, 1, ... to the left and all
the poles at s =n+6,n =0, 1, ... to the right.

Proof. We will evaluate the integral on the R.H.S. of (2.3.5) as the sum of the
residues at the poles s = 0,—1,—2,... . We have

1 T —s), =V lim (s+K)T(s)T'(8 —s)(—2)*

2m’./L Fy—ps) 9 ¢ IC;OSL—k T(y—Bs)

o (DN TS +K)

,;0 A F(y+[3k)( 2
k

M6) Y. ey 1~ T8, 0

k=0

which proves (2.3.5).

2.3.3 Relations with the H-function and Wright function

It follows from (2.3.5) that Eg‘ y(z) can be represented in the form

s n_ L i (1-8.1)
Eﬁ#(z) - F(5)H1,2 [_Z|(0,1)7(1,%ﬁ)] (2.3.6)



2.3 Generalized Mittag-Leffler Function 93

where H 11 21 (z) is the H-function, the theory of which can be found in Chapter 1. This
function can also be represented by

1

5 o (6.1)
ES 0 = gy ¥ {z| W)} (2.3.7)

where |y is the Wright hypergeometric function , y,(z).

2.3.4 Cases of reducibility

In this subsection we present some interesting cases of reducibility of the function
E g 7),(2). The results are given in the form of five theorems. The results are useful in
the investigation of the solutions of certain fractional order differential and integral
equations.The proofs of the following theorems can be developed on similar lines
to that of equation (2.2.1).

Theorem 2.3.1. If 3,y,6 € C with R(B) > 0,R(y) > 0,R(y— B) > O, then there
holds the relation

ER(2) =Efy () —Ef, 4(2). (2.3.8)

Corollary 2.3.1: IfB,y € C,R(y) > R(B) > 0, then we have

1
ZEIIM’(Z) =Egyp(2)— Tr—p) (2.3.9)

Theorem 2.3.2. If B,7,0 € C,R(B) > 0,R(y) > 1, then there holds the formula
BEj ,(2) = Egy1(2) + (14 B —V)Ep ,(2). (2.3.10)
Theorem 2.3.3. I[f R(B) > 0,R(y) > 2+ R(P), then there holds the formula
2B (2) = ﬁ [Epy-p-2(2) = (2y =3B —3)Ep y-p-1(2)
+(2B%+ 72 =3By +3B — 27+ 1)Eg , 5(2)]. 2.3.11)
Theorem 2.3.4. If R(B) > 0,R(y) > 2, then there holds the formula

E} () = ﬁwﬁ,%z@ (3436 29)Ep41(2)

+ 2B+ 7 +3B =3By =27+ 1)Ep(2)]. 2.3.12)
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2.3.5 Differentiation of generalized Mittag-Leffler function

Theorem 2.3.5. Let B,7,0,p,w € C. Then for any n = 1,2, ... there holds the for-
mula, for R(y) > n

d n
(dz) [ ER weP)) = 2 (weP). (2.3.13)
In particular, for R(y) > n,
d n
(dz> [ Epy(we)] =" Ep g (w2F) (2.3.14)
and for R(y) > n
d\" r
(clz) o) = r(y(z)n)zyw‘i’(&v—n;wz)- (23.15)

Proof. Using (2.3.1) and taking term by term differentiation under the summation
sign, which is possible in accordance with uniform convergence of the series in
(2.3.1) in any compact set of C, we obtain

(&) e =L ey reey (&) lwl

=E), wi), R(y) >,

which establishes (2.3.13). Note that (2.3.14) follows from (2.3.13) when 6 = 1 due
to (2.3.3), and (2.3.15) follows from (2.3.13) when 8 = 1 on account of (2.3.4).

2.3.6 Integral property of generalized Mittag-Leffler function

Corollary 2.3.2: Ler B,7,0,w € C,R(y) > 0,R(B) > 0,R(5) > 0. Then

SES (uiB)dr = 7ED p 2.3.16
| Py = B (w2 (2.3.16)
and (2.3.16) follows from (2.3.13). In particular,
g4
/ 17 Eg (wiP)dr = 27Ep . (w2P) (2.3.17)
0 : :
and
L st ) 1 .
ot O(y,0;wt)dt = 57 o(y, 0+ 1;wz) (2.3.18)

Remark 2.3.1: The relations (2.3.15) and (2.3.18) are well known.
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2.3.7 Integral transform of E (z)

By appealing to the Mellin inversion formula, (2.3.5) yields the Mellin transform of
the generalized Mittag-Leffler function.

/0"" £ B (—wi)dr = m (2.3.19)

If we make use of the integral

C(3+p+v)T(3—p+v)
I'(l—A+v)

/0 Ve I, (1)dr = (2.3.20)

where R(v £ ) > —1, we obtain the Whittaker transform of the Mittag-Leffler
function

® 1 pP Lps
/Orf’ e Wy (p1)E] (wi®)de = ORE [| Y ;‘ﬂfo‘j‘f (2.3.21)

where 3y, is the generalized Wright function, and R(p) > [R(u)| — 3. R(p) >
0, |p%| < 1. When A = 0 and it = 3, then by virtue of the identity

Wy o) =exp (—%) 7 (23.22)

the Laplace transform of the generalized Mittag-Leffler function is obtained.

* o=l —pt 8 _pP W (8.1).(p.00)
/0 tP=le P Eﬁ,y(wta)dt = mzl’ll L,Oc|(%[3) :| (2.3.23)

1
where R(B) > 0,R(y) > 0,R(p) > 0,R(p) >0, p > |w|¥@ In particular, for p =y
and a = 3 we obtain a result given by Prabhakar (1971, Eq.2.5).

/ e M ER (wiP)dr = pT(1—wp P)70 (2.3.24)
A :

where R(B) > 0,%(7) > 0,%(p) > 0 and p > [w| 7.

The Euler transform of the generalized Mittag-Leffler function follows from the beta
function.

b - I'(b) (8.1),(a.0)
a—1 b—1y50
/0 (-0 ES (a%)dr = (5)21,/2{ s (2.3.25)

where R(a) > 0,R(b) > 0,R(5) > 0,R(B) > 0,R(y) >0,R(ex) >0
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Theorem 2.3.6. We have

- -B
o Pt ok+B—1 (k) _ kp*P
/O E g(at®)dr = (57— (2.3.26)
1
where R(p) > [a| 7@, R(a) > 0,R(B) > 0, and Ely 5 (v) = L1 Eg 5 ().
Proof: We will use the following result:
- 1
/ e*t;ﬁflEa_[s(zta)dt = T \z| <1. (2327)
0 ’ -z
The given integral
dk ~ —pt ﬁ,l o
Ry /0 e PP Ey p(dar®)dr
d prP ki p%—P
" ddk (p*—a)  (p*—a)kt! ,R(B) > 0.
Corollary 2.3.3:
/me*Pttk%]E(k) (av/1)dt = L (2328
0 3.3 o (\/ﬁ_a)kJrl 3.
where R(p) > az.
Exercises 2.3.
2.3.1. Prove that
1 o B
m/o u N1 —u)® lEg#(Zuﬁ)du :Egym(z),i)t(a) > 0,R(B) > 0,%(y) >0

2.3.2. Prove that

g | 0 =7 B =Pl = (e A0

where R(ot) > 0,R(y) > 0,R(B) >0
2.3.3. Prove that forn=1,2,...

EP(2) = 1F(8;A(ns7)sn "),

1
I(y)

where A(n;y) represents the sequence of n parameters £, XL rtnl

n o 7

2.3.4. Show that for R(f) > 0,R(y) >0
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(&) B, = @ES (0

2.3.5. Prove that for R(B) > 0,R(y) >0

(z+6) Ef () =8E} ! (2).
2.3.6. Prove that for R(y) >
(y—Bo~— I)Eﬁ,y(z) —Ef 1 (2)—BSE] ! (2).
2.3.7. Prove that
/0 S (e )Ry w(x— 1)PJES (i)t = XY TEDS, (),

where p, i, 7, v, 0,w € C;R(p), R(u),R(v) > 0.

2.3.8. Find
L! {s}” (1 — SZP)O‘]

and give the conditions of validity.
2.3.9. Prove that
t/'t—l

! {s_l (1 f %)w‘ (1 - Zsz)az] = oo izt o)

where R(A) > 0,R(s) > max[0,R(z;),R(z2)] and @, is the confluent hypergeo-
metric function of two variables defined by

= (b)i(b) ke

Dy (b, b ciu,7) = - (2.3.29)
( ) Ko (C)ey jk! !
2.3.10. From the above result deduce the formula
A—1
1A %y-a] _ 1 .
L [s (1-3) } - r(l)q)(aﬂ,zt), (2.3.30)

where R(A) > 0,R(s) > max[0, |z]].

2.4 Fractional Integrals

This section deals with the definition and properties of various operators of frac-
tional integration and fractional differentiation of arbitrary order. Among the various
operators studied are the Riemann-Liouville fractional integral operators, Riemann-
Liouville fractional differential operators, Weyl operators, Kober operators etc. Be-
sides the basic properties of these operators, their behaviors under Laplace, Fourier
and Mellin transforms are also presented. Application of Riemann-Liouville op-
erators in the solution of fractional order differential and fractional order integral
equations is demonstrated.
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2.4.1 Riemann-Liouville fractional integrals of arbitrary order

Notation 2.4.1. 17, ,D;",n € NUO: Fractional integral of integer order n

afxr»a™~x

Definition 2.4.1.
JE) =D 0 = o [ ) @41)
where n € NUO.

We begin our study of fractional calculus by introducing a fractional integral of
integer order 7 in the form of Cauchy formula.

1

D" fx) = ) /:(x— 1) f()de. (2.4.2)

It will be shown that the above integral can be expressed in terms of n-fold integral,
that is,

DI f(x) = /0 “dn / " / s / " ey, (2.43)

Proof. When n =2, by using the well-known Dirichlet formula, namely

./ubdx/:f (x,y)dy = /ub dy [ bf (x,y)dx (2.4.4)

(2.4.3) becomes

= [ (x—1)f(r)dr. (2.4.5)

This shows that the two-fold integral can be reduced to a single integral with the
help of Dirichlet formula. For n = 3, the integral in (2.4.3) gives

D f(x) = /adeI /:l dxa /ax2 f(t)de

- [ [ [l [ f(t)dt]. (2.4.6)

By using the result in (2.4.5) the integrals within big brackets simplify to yield

D73 () = / “dn [ / M=) f(t)dt} . (2.4.7)

If we use (2.4.4), then the above expression reduces to
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X t X (v —1)2
D2 = [ arf@) [ -nan = [ <x2!’) Flo)dr. (248)
Continuing this process, we finally obtain
—n _# * _ \n—1
D = o, / (x— )" f£(r)dr. (2.4.9)

It is evident that the integral in (2.4.9) is meaningful for any number n provided its
real part is greater than zero.

2.4.2 Riemann-Liouville fractional integrals of order o

Notation 2.4.2. £, <D, % I : Riemann-Liouville right-sided fractional
integral of order c.

Definition 2.4.2. Let f(x) € L(a,b),a € C,R(ct) > 0, then

1 X
) = D 5) = 189 = T / - LA E;)ladt,x>a (2.4.10)

is called Riemann-Liouville left-sided fractional integral of order c.

Definition 2.4.3. Let f(x) € L(a,b),a € C,R(cx) > 0, then

b
AR f(x) =Dy “f(x) = I f(x) = F(la) /x G f)(:))la dr,x<b (2.4.11)

is called Riemann-Liouville right-sided fractional integral of order c.

Example 2.4.1. If f(x) = (x—a)P~, then find the value of ,/%f(x).

Solution 2.4.1: We have

()

If we substitute = @+ y(x — a) in the above integral, it reduces to

AP0 = s [0 - e e

ﬂ(x_a)aﬂi—l
I'(a+B)
where R(B) > 0. Thus
oy f(x) = F(Fa([j)m(x—a)“ﬁl. (2.4.12)
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Example 2.4.2. It can be similarly shown that

A g(x) = r(l;fﬁ)m(b—x)“*ﬁ‘,x< b (2.4.13)

where R(B) > 0 and g(x) = (b—x)B~1.

Note 2.4.1: It may be noted that (2.4.12) and (2.4.13) give the Riemann-
Liouville integrals of the power functions f(x) = (x —a)#~! and g(x) = (b —
X)L R(B) > 0.

2.4.3 Basic properties of fractional integrals

Property: Fractional integrals obey the following properties:
al;? lll)l?¢ = alg+ﬁ¢ = alf alf¢>
JE TP = 1%Fe = 1P 1%, (2.4.14)

Proof: By virtue of the definition( 2.4.10), it follows that

o _ 1 X dr 1 ¢ (u)du
alx aI)E(P_r(OC)/a (x_t)lfa r(ﬁ)/a (l‘—u)l*ﬁ
1 X X dr
B W/a du(P(u)/u (X*t)lfa(tfu)lfﬁ' (2.4.15)

If we use the substitution y = %, the value of the second integral is

1 (x_u)ourﬁfl
T()T(B)(x—u)' =P T(a+p)

which, when substituted in (2.4.15) yields the first part of (2.4.14). The second part
can be similarly established. In particular,

1
/0 Y1 —y)* Ty =

AT = I I fn e N, R(at) >0 (2.4.16)

which shows that the n-fold differentiation
dn

@al;”af(x) = J%f(x),neN,R(a) >0 (2.4.17)
for all x. When o = 0, we obtain
df’l
OF(x) = f(x): o f(x) = o Fx) =™ (x). (2.4.18)

Note 2.4.2:  The property given in (2.4.14) is called semigroup property of frac-
tional integration.
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Notation 2.4.3. L(a,b): space of Lebesgue measurable real or complex val-
ued functions.

Definition 2.4.4. L(a,b), consists of Lebesgue measurable real or complex
valued functions f(x) on [a,b]:

b
Lia,b) ={F: Al ~ [ 170l <o) (24.19)

Note 2.4.3:  The operators .,/ and ,J* are defined on the space L(a,b).
Property: The following results hold:
b b
[ roazgar= [ e (i ax (2420)
a a

(2.4.20) can be established by interchanging the order of integration in the integral
on the left-hand side of (2.4.20) and then using the Dirichlet formula (2.4.4).

The above property is called the property of “integration by parts” for fractional
integrals.

2.4.4 A useful integral

We now evaluate the following integral given by Saxena and Nishimoto [Journal of
Fractional Calculus, Vol. 6, 1994, 65-75].

/ (= @)= (b~ )P (et + d)7dt = (ac + )Y (b— a) B!

b
B0 |~ Bi (o .
(2.4.21)

where R(ot) > 0,R(B) > 0, |arg Eﬁii“ < T,a,c and d are constants.

Solution Let

I= /h(t —a)* N (b—1)P (et +d)Vdr

—(ac+d)’y. ((gﬁdy)),fck / (- ) b
k=0 a

= (ac+d)"(b—a)**P~'B(a, B)2F (% a; o+ B Ezc_+bc)z’§) '
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In evaluating the inner integral the modified form of the beta function, namely
b
/ (t—a)* ' (b—1)P"dt = (b—a)* P~ B(a, B), (2.4.22)
a

where R(at) > 0,R(B) > 0, is used.

Example 2.4.3.  As a consequence of (2.4.21) it follows that

« - _ arp-1_L(B)
A% (x—a)f N (ex+d)) = (ac+d)? (x—a)* TP IW
% 2 F) (B7—7;a+ﬁ; ((ZCJ:CZ;) : (2.4.23)

where R(a) > 0,R(B) > 0, |arg gs;i?j‘) | < m,a,c and d being constants. In a similar

manner we obtain the following result:

Example 2.4.4. 'We also have

(b =0 (ex+d)Y = (ex+d))(b—x)* P! F(Zc(ﬁ)ﬁ)

—b
% 2 F (a, o+ B Ejﬁ;;) , (2.4.24)

where %(a) > 0,R(B) >0, larg =25 | < .

Example 2.4.5.  On the other hand if we set y = —a — 8 in (2.4.21) it is found
that

D7 (x— a)ﬁfl(cx—i—d)*afﬁ] = F(I(;(f_)ﬁ)(ac—l—d)a(x— a)‘”ﬁfl(d—i—cx)fﬁ,
(2.4.25)

where R(ar) > 0,R(B) > 0.

Example 2.4.6.  Similarly, we have

AE (b —x)P (ex+d)"* P = F@(ﬁ)ﬁ) (cx+d) P(be+d)~*(b—x)*+P1
(2.4.26)

where R(at) > 0,%R(B) > 0.
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2.4.5 The Weyl integral

Notation 2.4.4. W% .I%: Weyl integral of order «.

Definition 2.4.5. The Weyl fractional integral of /(x) of order ¢, denoted by
W2, is defined by

WEf(x) = ﬁ /Xm(t —x)* L f(r)dr, —eo <x < o0 (2.4.27)

where o € C,R(a) > 0. (2.4.27) is also denoted by /% f(x).

Example 2.4.7. Prove that

—Ax

a 77Lx_e
Wee = e

where R(a) > 0. (2.4.28)
Solution: We have

1 0o
WOC —Ax — / t— a—1 7/’1,tdt A O
Woe ) . (t—x)%""e , A >

eflx o0 w1
F(a))LO‘/o u® e tdu
eflx

:72'05’

Notation 2.4.5. D% D” Weyl fractional derivative.

R(e) > 0.

Definition 2.4.6. The Weyl fractional derivative of order o, denoted by ,DZ,
is defined by

D) =070 = (-1 () (W)

(AN = fl) - -
= (~1) (dx) F(m_a)/x (t_x)]ﬂximdt,f <x<oo (2.4.29)

wherem—1<a<m, a cCm=0,1,2,....

Example 2.4.8. Find \D% ** A > 0.

Solution: We have

d
dx
m d\" —(m—o) ,—Ax
=" ) A e (2.4.30)
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2.4.6 Basic properties of Weyl integral

Property: The following relation holds:

| 0w ivw)dr= [ (WL () wixa. (2.431)
0 0

(2.4.31) is called the formula for fractional integration by parts. It is also called
Parseval equality. (2.4.31) can be established by interchanging the order of integra-
tion.

Property: Weyl fractional integral obeys the semigroup property. That is,
(wewly) = (webr) = (whwer). (2432)

Proof: We have

oo

WEWEF) = - [T —xya

Ia) Jx
><L c>ou— p-1 u)du
F(ﬁ)/x< 0P f(u)du.

By using the modified form of the Dirichlet formula (2.4.4), namely
a a a
/ dr(t —x)%! / (=1 f(w)du = B(at, ) / (=) () du, (2.4.33)
X 1 t
and letting a — oo, (2.4.33) yields the desired result:
(wewlr) = (wey). (2:434)
Notation 2.4.6. _.WZ, I : Weyl integral with lower limit —co.

Definition 2.4.7. Another companion to the operator (2.4.27) is the following:
1 X
W WEf(x) =19 f(x) = o) / (x—=0)*Lf(t)dr, o <x< o0 (2.4.35)
where R(et) > 0.

Note 2.4.4: The operator defined by (2.4.35) is useful in fractional diffusion
problems in astrophysics and related areas.

Example 2.4.9. Prove that

ax
W™ = —
a(x

(2.4.36)
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Solution: We have the result by setting x — = u.

Note 2.4.5: An alternative form of (2.4.35) in terms of convolution is given by

1 oo
o oa—1
—ooW = — — 2.4.37
) (o) /_of+ flr—t)de 24.37)
where

a1 Jr® >0

¢ =

0,r<0

Example 2.4.10. Prove that
v -V 1
Wy (cosax) =a Y cos (ax+ 27rv) (2.4.38)

where a > 0,0 < R(v) < 1.

Solution: The result follows from the known integral

© r
/ (x—u)" ' cosax dx = (r) cos (au + ﬂ) . (2.4.39)
u a 2
Example 2.4.11.  Prove that
Vi v 1
WY (sinax) =a Vsin (ax—l— 271v> . (2.4.40)

Hint: Use the integral

oo r 1
/ (x—u)" " sinax dx = (v) sin (au + va) (2.4.41)

av

where a > 0,0 < R(v) < 1.

Exercises 2.4.

2.4.1. Prove that

(o160 1) = g gy (@™ (B 0.

2.4.2. Prove that

(atc)r!

o) = E

a—x
—a)%F(1,l—-yo+1;,—=
(x=a)® 1( AR a:l:c)

where R(B) >0,y€C,a#c,

x| <.
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2.4.3. Prove that

L) (x—a)*h!
(a+p) (b—a)i~¥

(el 07 1) = £

x—a
X o F (ﬁ,l —V;a+ﬁ;M)

where R(B) > 0,y€C, a<x<b.
2.4.4. Prove that

<,al<x—a>ﬁ1D: L(p) (x—a)*h!
“x (b—x)*t+P I(a+B) (b—a)*(b—x)B

where R(B) >0, a <x < b.
2.4.5. Prove that

r(p) (x—a)h!
(@+B) (axol?

d (x—a)P T xxe) ) =
r

x 2k} <ﬁ’1—%a+ﬁ; (Zi?),

where R(B) >0, ye C,a#c, |4 < 1.
2.4.6. Prove that for R(f) > 0,

P A RS Ve
Clxxe)ethb| ) T(a+B) (axe)*(x+tc)f late '
2.4.7. Prove that

(azg [eM]) = eM(x—a)*Ey g1 (Ax— Aa).

2.4.8. Prove that

(st 1) = g gy e o) B B2

where R(B) > 0,R(a) > 0.
2.4.9. Prove that

(azg [(x—a)%h(x\/m)]) - ( )a(x_a)“ivjw(x\/m),

2
P

where R(v) > —1.
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2.4.10. Prove that
(ot [(=aP 2 ovi i) )

= m(x—a)”ﬁlgFl(u,v;v—kﬁ;Ax—la),

where R(B) > 0.

2.4.7 Laplace transform of the fractional integral

We have

T .
v /O (=)~ f(1)d, (2.4.42)

where R(v) > 0. Application of convolution theorem of the Laplace transform
gives

oly f(x) =

v—1

L{OI;ﬂx)};sL{tmv)}um;s}

=sVF(s), (2.4.43)

where R(s) >0, R(v) > 0.

2.4.8 Laplace transform of the fractional derivative

If n € N, then by the theory of the Laplace transform, we know that

n n—1
L{ S ?S} =s"F(s)— Y " 1 rW(04) (2.4.44)
dx k=0

n—1
=5"F(s) = Y. s F 7 0(04), (n—1 < a<n) (2.4.45)
k=0

where R(s) >0 and F(s) is the Laplace transform of f(¢). By virtue of the defi-
nition of the derivative, we find that

a
LDt is) =L{ golt i)
n—1 . gn—k=1
oo e - T A o
k=0



108 2 Mittag-Leffler Functions and Fractional Calculus

n—1
=s"F(s)— Y SD*FF(0+), (D = d)
k=0 dx
=s*F(s) — i sSSIDek F(04)
k=1

where R(s) > 0.

2.4.9 Laplace transform of Caputo derivative

Notation 2.4.7. (6‘an

(2.4.46)

(2.4.47)

Definition 2.4.8. The Caputo derivative of a casual function f(¢) ( thatis f(z) =0

for t < 0) with ov > 0 was defined by Caputo (1969) in the form

d* —(n—a) p(n
CuDEf () = ali™® S (x) = uD; " f 1)
:ﬁ/;(x_t)nﬂxflf(")(t)dt,(n—1 <(X<n)

where n € N.
From (2.4.43) and (2.4.49), it follows that

L{C oD f(1):5} = s TOL{F (1)),

On using (2.4.44), we see that
n—1
L{C D7 f(1):sh =5~ |5"F(s) = Y 8 1 (04)
k=0

n—1
=s%F(s) — Z’s"“k*lf(k)(O—i—)7 (n—1<a<n),
k=0

where R(s) >0 and R(oa) > 0.

Note 2.4.6: From (2.4.48), it can be seen that

%‘on‘A =0, where A is a constant,

whereas the Riemann-Liouville derivative

At ¢

DA = ——
0% n1—ay(

a#laza"')v

which is a surprising result.

(2.4.48)

(2.4.49)

(2.4.50)

(2.4.51)

(2.4.52)
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Exercises 2.4.

2.4.11. Prove that
oIy f(x)) =L~ s VL{f(x);s}, (2.4.53)
where R(v) > 0.

2.4.12. Prove that the solution of Abel integral equation of the second kind

A roo()de
0(x) — )/0( — F(x), 0<x<1

I'a x—1)l-«
a > 0, is given by
d X
000 =1 [ EalAlx—0) £0) r, (2454

where Ey (x) is the Mittag-Leffler function defined by equation (2.1.1).

2.4.13. Show that

X o
A / Ea()u ) d[:Ea(/’an)fla o> 0. (2455)
0

[(a) Jo (x—1)t=

2.5 Mellin Transform of the Fractional Integrals
and the Fractional Derivatives

2.5.1 Mellin transform

Notation 2.5.1. m{f(x); s}, f*(s): The Mellin transform

Notation 2.5.2. m~!{f*(s); x}: Inverse Mellin transform

Definition 2.5.1. The Mellin transform of a function f(x), denoted by f*(s), is
defined by

£5(s) = m{ f(x); s} = /Ow 1 f(x)dx, x>0, 2.5.1)

The inverse Mellin transform is given by the contour integral

£ =m {f7(5): 1} = = /Y R Vs | 2.52)

27 Jy—ieo

where 7 is real.
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2.5.2 Mellin transform of the fractional integral

Theorem 2.5.1. The following result holds true.

m(oly f)(s) = Wf*(w ), (2.5.3)

where R(o) >0 and R(o+s) < 1.

Proof 2.5.1: We have

m(oly f)(S)Z/szs"ﬁ/z(z—t)“”f(t) dedz

0
__L = iy na-l
*r(a)/o f(‘)dt/, 7 (z=)" dz (2.5.4)

On setting 7 = i the z-integral becomes

1
ol / w S (1—w)* 'du=1t*"""B(a,1 —a—s), (2.5.5)
JO

where R(or) > 0, R(ox+5) < 1. Putting the above value of z-integral, the result
follows.
Similarly we can establish

Theorem 2.5.2. The following result holds true.

I'(s)
I'(s+oa)
I'(s)

AR (2.5.6)

m(:l2 f)(s) = m {1 f(t); s}

where R(a) > 0, R(s) > 0.

Note 2.5.1: If we set f(x) =x~%@(x), then using the property of the Mellin trans-

form
9 (x) = ¢ (s+a), (2.5.7)

the results (2.5.3) and (2.5.6) become
I(l—a-—s)

(ofy x™ £ (x))(s) = M y) I(s), (2.5.8)
where R(ar) >0, R(a+s) <1 and
IS x7%f(x))(s) = F(l;::v)a) Fr(s), (2.5.9)

where R(er) >0, and R(s) > 0, respectively.
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2.5.3 Mellin transform of the fractional derivative

Theorem 2.5.3. Ifn € N and lim, ...t ' f)(t) =0, v=0,1,--- ,n, then

I'(s)
['(s—n)

m{f"(0); (s)} = (~1)"

where R(s) > 0,R(s—n) > 0.

m{f(t); s —n}, (2.5.10)

Proof 2.5.2: Integrate by parts and using the definition of the Mellin transform,
the result follows.

Example 2.5.1. Find the Mellin transform of the fractional derivative.

Solution 2.5.1: We have
oDy f =0oDy oDy ™" f=0oDY ol f.

Therefore,
m(oDZ f)(s) = W m{oll=* f}(s—n),(n—1<R(a) <n) (2.5.11)
_ DTN = (s— o))
I'(s—n)'(1 —s+n)
where R(s) > 0,R(s) < 1 +R(o).

m{f(t);s—a}, (2.5.12)

Remark 2.5.1: An alternative form of (2.5.12) is given in Exercise 2.5.2.
Exercises 2.5.

2.5.1. Prove Theorem 2.5.2.

2.5.2. Prove that the Mellin transform of fractional derivative is given by

(oD% f)(s) = SLTWSRE ]y ooy sy

I'(s—o)sin[m(s— )]

where R(s) > 0,R(ax —s) > —1.

2.5.3. Find the Mellin transform of (1 +x4)~*;a,b > 0.

2.6 Kober Operators

Kober operators are the generalization of Riemann-Liouville and Weyl operators.
These operators have been used by many authors in deriving the solution of sin-
gle, dual and triple integral equations possessing special functions of mathematical
physics, as their kernels.
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Notation 2.6.1. Kober operator of the first kind

If ()], Toe,m = f(0)), e, ) f(x), Egy! f, I0* f.

Notation 2.6.2. Kober operator of the second kind

Rf(x), Rle & : f(x)], R(e, &) f (x), K f.Ke ™ f.

Definition 2.6.1.

If ()] =Ia,n : f(x)] = 1(e,n)f(x) = Eg, f

e = [eene s, @6.1)
where R(ot) >0
Definition 2.6.2.
R[f(x)] =Rle,{: flx )] @ 0)f(x) =K% f
=K = / e, (262)

where R(at) >0

(2.6.1) and (2.6.2) hold true under the following conditions:

1 11 1
€L,(0,0), R(x) >0,R(n) >——R ———+-=1,p>1.
J € Lp(0,0), R(x) (n) p (€)> o T P

When 11 =0, (2.6.1) reduces to Riemann-Liouville operator. That is,
120 f = x % o1%F. (2.6.3)
For { =0, (2.6.2) yields the Weyl operator of r~%f(¢). That s,
KO f = W1 %f(r). (2.6.4)

Theorem 2.6.1. [Kober (1940)].

If R(o) > 0,R(n—s5)>—1,f€Ly(0,0),1<p<2 (or fe&Mpylo,»),a
subspace of Ly(0,) and p >2 ), R(n) > é, % —l—% =1, then there holds the
formula

1
I }6) = o g s) 265)

INa+n+1-s)
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Proof 2.6.1: It is similar to the proof of Theorem 2.6.1.

In a similar manner, we can establish
Theorem 2.6.2. [Kober (1940)].

IfR(t) >0,R(s+8) >0,f€Ly(0,0),1<p<2 (or fe&Mpyo,),asub-
space of Ly(0,00) and p >2 )

then,

miR(@.)f) () = ot

mm{f(x);s}. (2.6.6)

Semigroup property of the Kober operators has been given in the form of

Theorem 2.6.3.1f f € L,(0,%),g € Ly(0,%0), % + § = 1,R(n) > -1, R({) >

,%’1 <p<2,(or feMpy(o,), asubspace of Ly(0,) and p > 2 ), then
| swan: mwi= [ fo@R@n )@ @6

Proof 2.6.2: Interchange the order of integration.

Remark 2.6.1: Operators defined by (2.6.1.) and (2.6.2) are also called Erdélyi-
Kober operators.

Exercises 2.6.

2.6.1. Prove Theorem 2.6.1.

2.6.2. For the modified Erdélyi-Kober operators, defined by the following equations
for m > 0:

I(a,n :m)f(x) =1(f(x): o, n,m)
_ M nematme /xt"(x’" M d, (2.6.8)

Jo
and

R(a, & :m)f(x) =R(f(x) : &, §,m)

mxg °°
— *C*mOH»mfl m__ a—1
T(at) /x ! (" =" f (2)de, (2.6.9)
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where f € Ly(0,0),R(t) > 0,%(n) > —1,R({) > — 1,4+, = 1, find the Mellin
transforms of (i) I(a,n :m)f(x) and (i) R(et,§:m)f(x), giving the condi-
tions of validity.

2.6.3. For the operators defined by (2.6.8) and (2.6.9.), show that

[ RGW: anmgae= [ 0ie: anma, 2610
0 0

where the parameters o, n,m are the same in both the operators I and R. Give
conditions of validity of (2.6.10).

2.6.4. For the Erdélyi-Kober operator, defined by

2x—2oc—2n

Inaf(x) = T

/Ox(x2 — )42 de, (2.6.11)

where R(or) > 0, establish the following results (Sneddon (1975)):

Q) Inax®P f(x) =PIy g o f () (2.6.12)
() Inalprap =Inarp =Inraptna (2.6.13)
(i) Iye  =Ito-a (2.6.14)

Remark 2.6.2: The results of Exercise 2.6.4 also hold for the operator, defined by

2x21

Kn,ocf(x) = m

/ T2 =2y 2 gy, (2.6.15)

where R(o) > 0.

Remark 2.6.3: Operators more general than the operators defined by (2.6.11) and
(2.6.15) are recently defined by Galué et al [Integral Transform & Spec. Funct. Vol.
9 (2000), No. 3, pp. 185-196] in the form

x o

(o)

alg,af(x) _ /ax(x—t)“‘lt"f(t)dt, (2.6.16)

where R(cr) > 0.

2.7 Generalized Kober Operators

Notation 2.7.1. Ija,B,v:m,u,n,a: f(x)],I[f(x)]

Notation 2.7.2. T[a,B,y:m,u,8,a: f(x)],I[f(x)]
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Notation 2.7.3. R[f(x)],R [g;ﬁ;gg : f(x)}

Notation 2.7.4. K[f(x).K {“vﬁ”; : f(x)}

Notation 2.7.5. ;7" f(x) (Saigo, 1978)

Notation 2.7.6. J% " f(x) (Saigo, 1978)

Definition 2.7.1.

I[f(x)] =T[ee, B,y :m,u,m,a: f(x)]
px !

* i
- 1“(17—05)/0 2h <“’B tm, 7“?;) e f(t)dt, 2.7.1)

where  Fj () is the Gauss hypergeometric function.

Definition 2.7.2.
I[f(x)] =T[et, B,y :m,u,8,a: f(x)]

8 e H
= KT R PR
= Fi—o) / 2 F <a, B+my; P )t f(t)dr. (2.7.2)

Operators defined by (2.7.1) and (2.7.2) exist under the following conditions:
M 1<p, g<eo, p~itq ' =1 |agl-a)| <7
(i) R(1—a)>mR(n) > —,R(8) > -3, R(y—a—p —m) > —1,m e Np;
'}/#0,—1,—2,"'
(iii) fe€Ly(0,00)
Equations (2.7.1) and (2.7.2) are introduced by Kalla and Saxena (1969).

For y=f, (2.7.1) and (2.7.2) reduce to generalized Kober operators, given by
Saxena (1967).

Definition 2.7.3.

RIf(x)] =R [$5L /()]
x o°°P

= T0) /tc(xft)p—lel (@ ira(1-2)]roar. @73

Definition 2.7.4.

K] =K [§57 73]

X0

= ) /)C t*57p(t —x)Pfl 2 F [a,ﬁ;y;a (1 — ;)} f(yde.  (2.7.4)

(=)
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The conditions of validity of the operators (2.7.3) and (2.7.4) are given below:

i p=>1, q<c><>, pl+g =1, |arg(l —a)| < 7.
(i) R(o )>—— 9((5)>—%,5K(p)>0.

(i) y#0,—1,-2,-;R(y— o —B) >0.

(iv) feLp(o,oo).

The operators defined by (2.7.3) and (2.7.4) are given by Saxena and Kumbhat
(1973). When a is replaced by ¢ and o tends to infinity, the operators defined by
(2.7.3) and (2.7.4) reduce to the following operators associated with confluent hy-
pergeometric functions.

Definition 2.7.5.
R [5Faf ()] = lim R[50 £(x)]

x °°°P

-0 /Oq>[ﬁ Yia (1-%)} -1l f()dr.  (27.5)

Definition 2.7.6.
K |5Faf ()] = lim K357 7(x)]

)

=rfp>/x ‘P[ﬁv%a(l—fﬂf’a*”@—x)p*‘f(r)dr, (2.7.6)

where R(p) > 0,%R(6) >0

Remark 2.7.1: Many interesting and useful properties of the operators defined by
(2.7.3) and (2.7.4) are investigated by Saxena and Kumbhat (1975), which deal with
relations of these operators with well-known integral transforms, such as Laplace,
Mellin and Hankel transforms. Equation (2.7.3) was first considered by Love (1967).

Remark 2.7.2: 1In the special case, when « is replaced by o+ 3,7 by «, 0 by
zero, p by o and 3 by —1, then (2.7.3) reduces to the operator (2.7.7) considered
by Saigo (1978). Similarly, (2.7.4) reduces to another operator (2.7.9) introduced by
Saigo (1978).

Definition 2.7.7. Let o, B, 1 € C, and let x € R, the fractional integral (R(ct) > 0)
and the fractional derivative (R(a) < 0) of the first kind of a function f(x) on R
are defined by Saigo (1978) in the form

0B x
P 10 = gy [ 0!

x oF (a+B.—mio1 - )t?) F(6)de, R(a) >0 2.7.7)

- %zgj;"ﬁf"v”*" F),0<R(@) +n<1, (neNg).  (27.8)
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Definition 2.7.8. The fractional integral (R(co) > 0) and fractional derivative
(R(a) < 0) of the second kind of a function f(x) on R are given by Saigo (1978)
in the form

R Tl A A
% oF) (a Y B, Mol — ;f) F(0)dr, R(a) >0 (2.7.9)
_ (—1)”%131%“%’7 F(), 0<R(a) +n<1,(neNo). (2.7.10)

Example 2.7.1. Find the value of
I&’(ﬁ’n {x"*l 2Fi(a,bic;—d'x)} .
Solution 2.7.1: We have

K= I&;B"" {x°" 1 F(a,b;c;—ad'x)}

v (a)r(b)(=1)"(a")" a.[},nxr+g_1
B rg(’) (c)r! o '

Applying the result of Exercise 2.7.1, we obtain

— o-B-1 oy (@r(b), T(o+nT(c—B+n+r)(d) r
£ i;)( & (e)yr!' T(o—=B+rT(a+n+o0+r)
_ o-B-1 ['(o)['(c+n—p)
- T(c—B)I(c+a+n)

X 4F3(a,b,6,64+1n —Pic,6 —B,0c+a+n;—dx),

where R(ct) > 0,R(c) >0,R(c+n—P)>0,c#0,—1,-2,---;

a'x] < 1.

Example 2.7.2. Find the value of

a/
Jf‘f’" <xk 2 F (a,b;c; )> )
; x

Solution 2.7.2: Following a similar procedure and using the result of Exercise
2.7.3, it gives

Jepn ()/L 2 F (a,b;c; i)) = F(f/(ll;r_(iflgl_n{)l)xl‘ﬁ

/
X 4F3 (aabaﬁlanA;C,;{,,(X+ﬁ+nl;a)’
X

where R(ct) >0,R(B—-1)>0,R(M—1)>0,x>0,c#0,—1,-2,---;

x| > |d'|.
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Remark 2.7.3: Special cases of the operators I((f )’Cﬁ M and Jff BN are the operators
of Riemann -Liouville: '

I " f(x) = oD f(x) = ﬁ/ox(x—t)a_lf(t)dt, (R(a)>0)  (27.11)
the Weyl:
Jow BNf(x) = WS f(x) = ﬁ/xw(t—x)“*lf(r)dt, (R(a) >0) (2.7.12)

and the Erdélyi-Kober operators:

I f(x) = EgT f(x)xr_(:; /0x<xfr>°“1r"f(t>dt, (R(e) >0) (27.13)
and
XM
SN 1) = KD £ = s | (=0 0, (R(@) >0

(2.7.14)

Example 2.7.3. Prove the following theorem.

If R(a) > 0 and R(s) < 1+ min[0,R(n — B)], then the following formula holds
for f(x) € L,(0,00) with 1 < p <2 or f(x) € M,(0,0) with p > 2:

m{ PP} = (E(_l :)ﬁf)(g(; ﬁ :; i‘l S_) ) (2.7.15)

Solution 2.7.3: Use the integral

Rl _ oo x o TI(e)(y+o—a—p)
/x u V(M_x)y 12F1 ((x,ﬁ,y,]—;)du— F('}/‘FG*(X)F(V‘FG*B)’
(2.7.16)

where R(y) > 0, R(c) >0, R(y+o—a—p) > 0.
Exercises 2.7.

2.7.1. Prove that

Ia’ﬁ'n P L(I+A)I(1+A+n-p) B
0x T(1+A-B)(1+A+a+n) ’

and give the conditions of validity.

(2.7.17)



2.7 Generalized Kober Operators 119
2.7.2. Find the Mellin transform of xP J;" B f(x), giving conditions of its validity.

2.7.3. Prove that

Japn i LB-ATM-24) ;.p
1% I(—A)(a+p+n—1)

(2.7.18)

and give the conditions of validity.

2.7.4. Prove that
_ Fk+1DI'(n+k—B+1) _
I“ﬁfl .ﬂ( Ax — k ﬁ
0x " (e T(k—B+ DD(a+n+k+1)
X oB(k+1,n+k—B+1; k—=B+1,0+n+k+1;,—2Ax),

(2.7.19)
and give the conditions of validity.
2.7.5. Prove that
- sL(B—mn)
Jgfn (& = :snxn ﬁm@(l —(X—ﬁ,l-l—rl _B;—S.x)
I'(n-B)
Bl Pol—a—n,1+8-1;— 2.7.20

and give the conditions of its validity. Deduce the results for L[ ,W2 f](s) and
LIK f](s)-

2.7.6. Prove that [Saxena and Nishimoto (2002)]

HOG+n-B) o5
(c—B)'(c+a+n)

Ig:’cﬁ’n [x"*l(a—kbxﬂ = acr

bx
X 3FZ (O',G—I—n—[)),—c; G_ﬁ7c+a+n;_a>a

(2.7.21)
where R(o) > max[0,R(B —n)], |%\ <1.
2.7.7. Evaluate @)
P {ae e [ ] b 4> o, (2.7.22)
and give the conditions of its validity.
2.7.8. Evaluate
a.p, o—1ym, —A ((apAp)
Jepn {x H [ax | (bf;BqP)} } A >0, (2.7.23)

and give the conditions of its validity.
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2.7.9. Establish the following property of Saigo operators called “Integration by
parts”.

/ﬂ)(aﬁn d.X / Jaﬁn)()dx.

0

2.7.10. From Exercise 2.7.6, deduce the formula for
Lo *M(a+bx)S, (2.7.24)
given by B. Ross (1993).

2.7.11. Prove that kot 1)
Jr
[0k = = )kt 2.7.25
o T Tlatk+1) ( )

where R(at) >0, R(k) > —1,
2.7.12. Prove that

a x_ I(—o—k)
Wx_’mxk = 7F(—k)

where R(or) > 0, R(k) < —R(x).

e (2.7.26)

2.7.13. Show that

JEBN (e ) = ARG [ pxg BT 2.7.27)
where Ggg() is the Meijer’s G-function, R(px) > 0, R(er) >0

Hint: Use the integral

1
M= | T(~ Sds. 272
o [T pyas (2728)
2.7.14. Evaluate
Igff’nxc_lHZf;,"[ A "’A"} A>0, (2.7.29)
giving the conditions of its validity.

2.7.15. Evaluate
JEPnyotgma [ax’1 } A>0 (2.7.30)

and give the conditions of validity of the result.

2.7.16. With the help of the following chain rules for Saigo operators ( Saigo, 1985)
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a,fB, 0,0+ o+7y,5+9,
Iof nl&x nf — 1 7.8 nf7

and

B, 0,041 ¢ go+7Y,B+6,
Jgf,ngw nf_JX’OOYﬁ nf

derive the inverses

a.Bny-1 _ y—a,—B,o+n
(IO,x ) *IO,x .

and

(M)~ = g,

121

(2.7.31)

(2.7.32)

(2.7.33)

(2.7.34)

2.8 Compositions of Riemann-Liouville Fractional Calculus

Operators and Generalized Mittag-Leffler Functions

In this section, composition relations between Riemann-Liouville fractional calcu-
lus operators and generalized Mittag-Leffler functions are derived. These relations
may be useful in the solution of fractional differintegral equations. For details, one
can refer to the work of Saxena and Saigo (2005). For ready reference some of the

definitions are repeated here.

2.8.1 Composition Relations Between R-L Operators and E B 75 (z)

Notation 2.8.1. E,(x) : Mittag-Leffler function.
Notation 2.8.2. E, g(x) : Generalized Mittag-Leffler function.
Notation 2.8.3. /7, f : Riemann-Liouville left-sided integral.

Notation 2.8.4. /% : Riemann-Liouville right-sided integral.

Notation 2.8.5. D, f : Riemann-Liouville left-sided derivative.

Notation 2.8.6. DY : Riemann-Liouville right-sided derivative.

Notation 2.8.7. E g ‘ y(z) : Generalized Mittag-Leffler function (Prabhakar, 1971).
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Definition 2.8.1.

Ea(z):lﬁar(oji_l), (a € C,R(a) > 0). (2.8.1)

Definition 2.8.2.
Eap() ;Wiﬁ) (@,B € C,R(a) > 0,K(B) > 0). (2.8.2)

Definition 2.8.3.
(18 1)(x) = F(la) /0 . fgt))l_a dr, R(a)>0. (2.8.3)

Definition 2.8.4.
(I°f)(x) = F(]a) /x“’ ; f)(:))la dt, R(a) > 0. (2.8.4)

Definition 2.8.5.
(DG f)(x) = (d‘i)[am (101;{“}>(x); R(a) >0 (2.8.5)
_ m ((fx) o /ox(xf(tt)){a}dt’ R(a)>0.  (2.86)

Definition 2.8.6.
(D% f)(x) = (i) o ), Ria) >0 (2.8.7)
_ m (i) o /: (tf(;))mdz, R(a)>0. (2.88)

Remark 2.8.1: Here [a] means the maximal integer not exceeding a and {ot}
is the fractional part of a. Note that I'(1 — {a}) =T'(m— a),[o] + 1 =m,{a} =
I+o—m.

Definition 2.8.7.

(8)i2*

Eg.y(z) = ];)W7

(B,7,6 € C;R(y) > 0,R(B) >0). (2.8.9)

For 6 =1, (2.8.9) reduces to (2.8.2).
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Theorem 2.8.1. Let a >0, >0, y>0 and o € R. Let I, be the left-sided
operator of Riemann-Liouville fractional integral (2.8.3). Then there holds the for-
mula

(I§ [ ER (atP)) (x) = x*TTED L (axP). (2.8.10)
Proof 2.8.1: By virtue of (2.8.3) and (2.8.9), we have
1 X ntn[3+7 1
K = I(X 'yflES ﬁ — 7/ (X 1 .
( 0+[t ﬁﬁy(at )])(}C) F(OC) 0 Z ﬁl’l-i-'}/ n! T &

Interchanging the order of integration and summation and evaluating the inner inte-
gral by means of beta-function formula, it gives
K = x@tr-1 Z axﬂ)
(o + ﬁn +7)(n)!

xa+7_1Eg,a+y(axﬁ).

This completes the proof of Theorem 2.8.1.

Corollary 2.8.1: Fora > 0,5 > 0,7> 0and a € R, there holds the formula

([t Ep y(atP)]) (x) = x* 77 Ep g y(axP). (2.8.11)

Remark 2.8.2: For 8 = «, (2.8.11) reduces to

y—1 1
U 17 Bl )(0) = == |Ealan®) = s | (a£0) @812
by virtue of the identity
1
Eqy(x) = W +xEq aty(x),(a#0). (2.8.13)

Theorem 2.8.2. Leta > 0,3 >0,y >0and a € R, (a # 0) and let I, be the left-

sided operator of Riemann-Liouville fractional integral (2.8.3). Then there holds the

formula

L ooy piips B 5-1 B

p [EB g4y—plax )_Eﬁ,oH»yfﬁ(GX )]-
(2.8.14)

(1, 17 ES (atP)]) (x) =

Proof. Use Theorem 2.8.1.

The following two theorems can be established in the same way.
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Theorem 2.8.3. Let o > 0,8 > 0,7 > 0 and o € R and let I* be the right-sided
operator of Riemann-Liouville fractional integral (2.8.4). Then we arrive at the fol-
lowing result:

(11" VE (at P)))(x) = x V[Ef 4, (axP)] (2.8.15)
Corollary 2.8.2: Fora >0,8 >0,7v> 0and a € R, there holds the formulas:
(1%~ "Ep y(at P)]) (x) = x 7V [Ep gy y(axP)] (2.8.16)
and
(1% % "Eg(arP))(x) = x 7 [Ep gy 1 (axP)]. (2.8.17)
Theorem 2.8.4. Let o0 >0, > 0,y>0,a € R, (a#0),00+7v> B and let I* be

the right-sided operator of Riemann-Liouville fractional integral (2.8.4). Then there
holds the formula

1
(12l VEg far P))(x) = ~xPTE] oy plax ) —ER L plax P
(2.8.18)

Corollary 2.8.3: Foro >0, >0,y>0witho.+y> 3 and for o € R, (a#0),
there holds the formula

(I VEp (atP)))(x) = <P {Eﬁ_aﬂ,ﬁ(axﬁ) B r(l] |

a a+y—PB)
(2.8.19)
Remark 2.8.3: (Kilbas and Saigo, (1998) )
(I Egy(ar=)) () = — {Emy(axa) - 1] C@£0)  (2.820)
a I(y)
(%[ Eg(at™ %)) (x) = xaa_l [Eq(ax®)—1], (a #0). (2.8.21)

Theorem 2.8.5. Let « > 0,8 > 0,y > 0,y > o, € R and let D, be the left-
sided operator of Riemann -Liouville fractional derivative (2.8.6). Then there holds

the formula.
(DS, [t Ef (aP)])) (x) =x""*'E o (axP). (2.8.22)

Proof 2.8.2: By virtue of (2.8.9) and (2.8.6), we have
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@ [yt
) (10+ [ Ef et >D<x>

) 2. AN gyt
L ) e

i a"(8)n d [a]ﬂxnﬁwf{a}
= T(y+nf+1—{a})n!

&le

K = (DG (17 EJ(atP)]) (x) = (

7+n[37a71

- Z nﬁ-i—}/ o)n!

= xyfaflEg’yia(axﬁ),

which proves the theorem.

By using a similar procedure, we arrive at the following theorem.

Theorem 2.8.6. Ler a« > 0,y > 3 > 0,a € R, (a #0), y > a+ B and let D,
be the left-sided operator of Riemann-Liouwville fractional derivative (2.8.6). Then
there holds the formula

~ 1 us -
(D51 EF (arP))) () =~ P [ER  pl@d) ~EJ L, p(@f)].
(2.8.23)

Corollary 2.8.4: Let o >0,y> B >0, € R, (a #0), v> o+ B, then there
holds the formula.

1 1

. y—a—p-1 By _ -

a* {Eﬁ”‘*(‘” )T a—ﬁ)] ‘
(28.24)

(D87 Ep )] ) () =

Theorem 2.8.7. Let o >0,y > 0,y— o >0 with y— o+ {a} > 1,a € R, and let
D% be the right-sided operator of Riemann-Liouville fractional derivative (2.8.8).
Then there holds the formula.

(Dﬁ [t“_yEg#(at_ﬁ)D (1) =x7E],_q(axP). (2.8.25)

Theorem 2.8.8. Lera >0, >0withy—{a} > 1, a e R, y> o+, (a#0)
and let D* be the right-sided operator of Riemann-Liouville fractional derivative
(2.8.8). Then there holds the formula

(058 ) 0= (68 e ®) B gl P

(2.8.26)
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Exercises 2.8.

2.8.1. Show that

axBEgvy(axﬁ) = Egy,ﬁ (axP) — Eg;iﬁ (axP), (a #0) (2.8.27)
2.8.2. Show that
a r,7-1 a xy—l a 1
(IO+ [t Ea_’ry(at )]) (X) = 7 Ea7y(ax )7 W y (a # 0) (2828)

2.8.3. Prove Theorem 2.8.3.
2.8.4. Prove Theorem 2.8.4.
2.8.5. Prove Theorem 2.8.6.
2.8.6. Prove Theorem 2.8.7.
2.8.7. Prove Theorem 2.8.8.

2.8.8. Prove that

m.n (ap.Ap) _ myn+1 (—0,0),(ap,Ap)
([&’pr,q [tc‘(bZ,BZ)D (x) =xTCH [xcl(bq,Bq),(—]w—pa,G)} , (2.8.29)

giving conditions of validity.

2.8.9. Evaluate

(IE‘thgj;; {z“|§§§;:gm) (%), (2.8.30)

and give the conditions of validity.

2.9 Fractional Differential Equations

Differential equations contain integer order derivatives, whereas fractional differen-
. . . . L . R .

tial equations involve fractional derivatives, like o which are defined for o > 0.
Here « is not necessarily an integer and can be rational, irrational or even complex-
valued. Today, fractional calculus models find applications in physical, biological,
engineering, biomedical and earth sciences. Most of the problems discussed involve
relaxation and diffusion models in the so called complex or disordered systems.
Thus, it gives rise to the generalization of initial value problems involving or-
dinary differential equations to generalized fractional-order differential equations
and Cauchy problems involving partial differential equations to fractional reaction,
fractional diffusion and fractional reaction-diffusion equations. Fractional calculus
plays a dominant role in the solution of all these physical problems.
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2.9.1 Fractional relaxation

In order to formulate a relaxation process, we require a physical law, say the relax-
ation equation

d 1
Ef(t)+zf(t):0’t>o’c>o’ (2.9.1)

to be solved for the initial value f(r = 0) = fy. The unique solution of (2.9.1) is
given by
fO)=fo e €,1>0,¢>0. (2.92)

Now the problem is as to how we can generalize the initial-value problem (2.9.1)
into a fractional value problem with physical motivation. If we incorporate the initial
value fp into the integrated relaxation equation (2.9.1), we find that

£~ fo=—= oD (1), (293)

where (D, ! is the standard Riemann integral of f(r). On replacing % oD ! f(r) by
C% oD; % f(1), it yields the fractional integral equation

f(t)=fo=— (Lla) oD% f(1), 00> 0 (2.9.4)

with initial value
Jfo=f(t=0).

Applying the Riemann-Liouville differential operator oD from the left and making
use of the formula (2.4.16), we arrive at

oDf[f(x) = fo] = —¢ " f(1), &> 0,6 >0, (2.9.5)
with initial condition fy = f(r = 0).

Theorem 2.9.1. The solution of the fractional differential equation (2.9.4) is given
by

I\ (0,1
£(0) = foH} ) [(C) |§0;1§’(0$a>} , (2.9.6)
where @ > 0,¢ > 0.

Proof 2.9.1: If we apply the Laplace transform to equation (2.9.4), it gives

F(s)— fos ' = —is*“F(s), (2.9.7)

c®

where we have used the result (2.4.7) and F(s) is the Laplace transform of f(r).
Solving for F(s), we have
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S—l
F(s)=L{f(1)} = fo {W} . (2.9.8)

Taking inverse Laplace transform, (2.9.8) gives

51
10 =L PO} =l |

:fOL—l [i k aksakl]
0

= (~1)F(E)™
- fokgb I(ak+1)

—nta |- ()] 299)

where Eq(-) is the Mittag-Leffler function. (2.9.9) can be written in terms of the
H-function as

. 11| EN% 0,1
f(t) = foH [(C) o 1)7(0706)} ; (2.9.10)
where ¢ > 0, o > 0. This completes the proof of the Theorem 2.9.1.

Alternative form of the solution. By virtue of the identity

m,n (apAp)| _ 1 m,n (ap, Ap)
Hy4 [x“|(h;,B:)} = ﬁHp,q [ ’< By , (L>0) (2.9.11)
T
the solution (2.9.10) can be written as
fo REERICES!

where ¢ > 0,¢ > 0.

Remark 2.9.1: In the limit as o¢ — 1, one recovers the result (2.9.2)

f(t) = foexp (—%) = foE1 (é) (2.9.13)

Remark 2.9.2: In terms of Wright’s function, the solution (2.9.10) can be ex-
pressed in the form

FO=forw [ 1)°], (29.14)

where o > 0,¢ > 0.
In a similar manner, we can establish Theorems 2.9.2 and 2.9.3 given below.
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Theorem 2.9.2. The solution of the fractional integral equation
N(t) = Not" ' = —¢¥ oDV N(1), (2.9.15)

is given by
N(1) = NoT()i* ™ Ey pu(—c¥eh), (2.9.16)

where Ey ;,(-) is the generalized Mittag-Leffler function (2.1.2), v >0, > 0.

Remark 2.9.3: When u = 1, we obtain the result given by Haubold and Mathai
(2000).

Theorem 2.9.3. Ifc > 0,v > 0, 1 > 0, then for the solution of the integral equation
N(t)—No t*'EY y[—(ct)"] = —c"oD; Y N(1), (2.9.17)
there holds the formula
N(t) = No t* ' EVH [ (er)]. (2.9.18)
Hint: Use the formula

L {s*ﬁ(l —as*“)*y} = PIE] (), (2.9.19)

where R(a) > 0,R(B) > 0,K(s) > || TT, R(s) > 0.
Corollary 2.9.1: Ifc¢>0,u > 0,v > 0, then for the solution of
N(t) = Nott ' Ey y[—c¥t¥] = —¢¥ oD Y N(1), (2.9.20)
there holds the relation
_ M

N(t) = 7t“‘1 [Evpu—1(=c"t")+(1+V—p)Ey u(—c"t")]. (2.9.21)

Theorem 2.9.4. The Cauchy problem for the integro-differential equation
oDY f(x)+ A oDy f(x) = h(x), (A,u,veC) (2.9.22)
with the initial condition
D1 £(0) = ag, k=0,1,---, [u], (2.9.23)

where R(v) > 0,R(u) > 0 and h(x) is any integrable function on the finite interval
[0,b] has the unique solution, given by

100 = [ =0 By A=) o)

n—1
+ Y aot T E y po (AT (2.9.24)
k=0
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Proof 2.9.2: Exercise.

Theorem 2.9.5. The solution of the equation

1

1 _1
oD/ f(t) +bf(t) = 0; [oD, 2 f(t)] =C, (2.9.25)
where C is a constant is given by
1
(—bﬂ) : (2.9.26)

where E | (+) is the Mittag-Leffler function.

[N}
[N}

Proof 2.9.3: Exercise see (2.4.47).

Remark 2.9.4: Theorem 2.9.5 gives the generalized form of the equation solved
by Oldham and Spanier (1974).

Exercises 2.9.

2.9.1. Prove that if ¢ > 0,v > 0, u > 0, then the solution of
N(t) = Not"* 'Ej |, (c*1Y) = —c"oD; ¥ N(t), (2.9.27)
is given by

u—1r3 V.V N()t”71 AR
N(t) = Not Evﬁu(—c tV) = v Eyyo(—c"t")

+{3(v+1)=2u}tEyy_1(—c"t")

+{2v2+u2+3v2u3vu+l}Ev7”(c"t")], (2.9.28)

where R(v) >0, R(u) > 2.

2.9.2. Prove that if v > 0,¢ > 0,d > 0,u > 0,c # d, then for the solution of the
equation
N(t) —Not* 'Ey y(—d"t") = —c"oD; ¥ N(t), (2.9.29)

there holds the formula.
V= 1

N =No g

[Eyyv(=d"t") = Eyyv(—c"1")]. (2.9.30)

2.9.3. Prove that if ¢ > 0,v > 0, i > 0, then for the solution of the equation
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N(t) = Nott ' Ey y(—c¥t¥) = —c¥oD; Y N(1), (2.9.31)
the following result holds:

N(t) = %z“—l [Eypu—1(—c"t")+ (14 Vv —p)Ey u(—c"1")]. (2.9.32)

2.9.4. Solve the equation

oD f(t)+0oD{ f(t) = g(t),

where g — Q is not an integer or a half integer and the initial condition is

oDf ' F)+oDE ! f(1)|  =C (2.9.33)
t=0

where C is a constant.
2.9.5. Solve the equation

oD¥ x(t) — Ax(t) = h(t), (t>0), (2.9.34)

subject to the initial conditions
{on“k h(f)} bk (k=1-m) (2.9.35)
t=
wheren—1 < o < n.

2.9.6. Prove Theorem 2.9.4.

2.9.7. Prove Theorem 2.9.5.

2.9.2 Fractional diffusion

Theorem 2.9.6. The solution of the following initial value problem for the frac-
tional diffusion equation in one dimension

92U (x,t
oDy U (x,1) :Az%) (t >0,—0c0 < x < o0) (2.9.36)
with initial conditions :
lim U(x,t) =0;[oD* ' U(x,1)],_, = ¢ (x) (2.9.37)
x—too =0

is given by
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Ut = [ G- Cne(0)c, (2.9.38)
where

l oo
Glx) = — /0 1" Eq q(—K*A%t%) coskx dk. (2.9.39)

Solution 2.9.1: Let 0 < o < 1. Using the boundary conditions (2.9.37), the
Fourier transform of (2.9.36) with respect to variable x gives

oD% U (k,t) + A*k>U (k,t) = 0 (2.9.40)

[0DF " U (k,1)],_y = ¢ (k), (2.9.41)

where k is a Fourier transform parameter and * — ’ indicates Fourier transform.

Applying the Laplace transform to (2.9.40) and using (2.9.41), it gives

¢ (k)
s+ k2A2
where ‘ ~ ’* indicates Laplace transform. The inverse Laplace transform of (2.9.42)
yields

Ulk,s) = (2.9.42)

U(k,t) = t* 1§ (k)Eq.o (—A%K1), (2.9.43)

and then the solution is obtained by taking inverse Fourier transform. By taking
inverse Fourier transform of (2.9.43) and using the formula

| R b
- [ e (k= /0 (k) cos(kx)dk (2.9.44)
we have
Uwn = [ G—Ene()d, (2.9.45)
where
L= s 2,20
Glx.r) = /0 1% Eg o (—k22%1%) cos (kx)dk (2.9.46)

with R(a) > 0,k > 0.

Exercises 2.9.

2.9.8. Evaluate the integral in (2.9.46).

2.9.9. Find the solution of the Fick’s diffusion equation

0 2?2
EP(XJ) = Aﬁp(xat)v

with the initial condition P(x,# = 0) = 8(x), where J(x) is the Dirac delta function.
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Chapter 3
An Introduction to g-Series

[This chapter is based on the lectures of Dr. R, Jagannathan of the Institute of Mathematical
Sciences, Chennai, India, at the 2nd SERC School]

3.0 Introduction

The development of quantum groups and their applications in mathematics and
physics, starting from 1980’s, has lead to renewed interest in the subject of g-series
with a history starting in the 19th century. Here we shall start learning how to deal
with the g-series.

3.1 Hypergeometric Series

Hypergeometric series is a systematic generalization of the geometric series 1 +z+
7%+ ---. The shifted factorial, or the Pochhammer symbol, is defined by

I,n=0,a#0
(0)n = G.1.1)
ala+1)(a+2)...(a+n—1),n=1,2,....

Gauss’ hypergeometric series is given by

o 1e OB al@t DB
AEPTD = g M@

_ i (@)u(B)n 2" (3.12)

where it is assumed that v £ 0,—1,—2,... so that no zero factors appear in the
denominator terms of the series. This series (3.1.2) converges absolutely for |z| < 1,

135
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and for |z| = 1 when R(y— a — ) > 0. The geometric series is a special case when

a=1y=8:
2Fi(1,B:Biz) =142+ +-- (3.1.3)

From this it is clear that we can write
1
zFl(l,ﬁ;B;Z)Zil_Z,fOfIZ\<1~ (3.14)

The generalized hypergeometric series with » numerator parameters and s denomi-
nator parameters is defined by

- ((xl)n( n~~(ar)n "
VFY ) yoeey Oyl ) yee ey Pss - —. 3.1.5
(a1,00,...,00B1,B2, ..., B3 2) n;) B . - (3.1.5)

062)
n(ﬁZ)n .- (ﬁs)n
This series converges absolutely for all z if r <, and for |z| < 1 if r=s+4+1. Tt
converges absolutely for [z| = 1if r=s+1and R[(B1 + P+ -+ Bs) — (o + o+
<o+ 0)]>0.If r>s+1andz#0or r=s+ 1 and |z| > 1, then it diverges, unless
it terminates. The simplest case of an ,F§ series is

oFo(;5z)=¢° (3.1.6)

where a space indicates the absence of numerator/denominator parameters.

Exercises 3.1.
3.1.1. Show that an ,F series terminates if one of its numerator parameters is a
negative integer, or zero (trivial case).
3.1.2.  Verify that

1Fo(—o; 5—2) = (1+2)%

3.1.3. Show that

lim {Fy (a; ;E) =e°.

o—>o0 (04
3.1.4. Verify that

1
2F(1,152:—2) = Eln(l +2).

302\ 1
()Fl (,2,—Z4) = Esinz.

3.1.5.  Verity that



3.1 Hypergeometric Series 137

3.1.6. Verify that

3.1.7.  Verify that

113 1. _
2 Fi (2,2;2;12) = Esm lz.

1 3 2 1 —1
|z iz — =t .
2 1(2, 3 Z) - an~ 7

3.1.9. Show that forn=0,1,2,...

3.1.8.  Verify that

H,(z) = (22)"2F0 <—Z, @; ;—z2>

represents the Hermite polynomial given by

k72l (_l)kn! n—2k
Hn(Z) = k;o W(ZZ)

where [n/2] is the integer part of n/2.
3.1.10. Show that forn=0,1,2,...
La(z) =1F1(—n;1;2)

represents the Laguerre polynomial given by

where (}) is the binomial coefficient n(n —1)...(n—k+ 1) /k!.

3.1.11. Show that forn=20,1,2,...

(2n)! n (1-n) 1 )
P(2) = 55 d oF (=5, 525 s

@)=y i35
represents the Legendre polynomial given by

1 RA (—nken—2k)

P,(z) = o kgf) k!(n—k)!(n—Zk)!ZLZk
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3.1.12.  Verify forn=0,1,2,3,4 that

represents the Chebyshev polynomial of the first kind given by

[n/2] k
S k)
T,(z) = cos(ncos™ " z) = 5 l;} K(n =201 (2z)"n>1.

3.1.13.  Verify forn =0, 1,2,3,4 that

Un(2) = (n+1)2F; (‘"’”“;z; (1;@)

represents the Chebyshev polynomial of the second kind given by

: ~1 [(=D/2] Ve — fe— 1)1
Un(z):sm(ncos z): Z (—D)*(n—k 1)'(2z)”’2k*1,n21.

V-2 & Tk(n—2k—1)!

3.1.14.  Verify forn=0,1,2,3,4 that

(2m) 1 (1-2)
C)'(z) = TnzFl —n,n+2m;m—+ 373
represents the Gegenbauer, or the ultraspherical, polynomial given by

1 2 Dkt n—k— 1)
(m—1)! = kl(n—2k)!

Cr(z) = (20>

where m is a positive integer.

3.1.15. Show that for any power series } " u,2" with ug =1 and ",’;—“ as a rational
function of n can be written as a hypergeometric series.

3.2 Basic Hypergeometric Series (g-Series)

A process of g- generalization of the hypergeometric series started in the 19th cen-
tury itself. Thus, the subject of g-hypergeometric series, or g-series, has a rich his-
tory. For a modern introduction to the subject one should refer to the book of Gasper
and Rahman (1990) which would serve as an excellent textbook for any study of ba-
sic hypergeometric series. Let
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Notation 3.2.1.

o], = . (3.2.1)

It is easy to see that

lin}[a]q =a. (3.2.2)
q%

Definition 3.2.1. The g-shifted factorial. It is defined as

1,n=0
(a:q)n = (I—a)(1 faq)(l—aqz)... (1 faq"_l),
n=1,23,....

Then note that

Ela_;g’; = [a]gla+1g[o+2],... [a+n—1],,
n=1,273,..., (3.2.3)
and -
Jim (i]_’Z;Z = (@), n=1,2,3,... (3.2.4)

Unless otherwise stated, throughout we shall have n,m, k, to take nonnegative inte-
ger values. Equation (3.2.4) suggests an obvious g-generalization of the hypergeo-
metric series by the replacements

@*5@n oy (&9
(@ = g ™= D= (3.2.5)

This process of g-generalization has finally led to a standard definition of g-
hypergeometric series as follows:

Notation 3.2.2. ,¢,(ay,a2,...,a,;b1,b2,...,bs;q,z): The g-hypergeometric
function.

Definition 3.2.2.

o  (a13@)n(a2;@)n - (ar;q)n
rOs(ar,az, ... a;b1,ba,....b55q,2) =
o ' 14:2) ,,;)(q;q)n(b1;q)n(bz;q)n~--(bs;q)n

X {(—1)” q@} T (3.2.6)




140 3 An Introduction to g-Series

where g # 0 when r > s+ 1. This series (3.2.6) is called also the basic hypergeo-
metric series (in view of the base g) or simply the g-series. If 0 < |g| < 1, the ¢y
series converges absolutely for all z if r <'s, and for |z| < 1 if r = s+ 1. This series
also converges absolutely if |¢| > 1 and |z| < |b1by...bs|/|a1az .. .a;|. It diverges for
z#0if0<|g|<land r>s+1,andif |g| > 1 and |z| > |b1ba...bs|/|a1az. . .ayl,
unless it terminates. It is customary to use the notation , ¢ (as in the case of ,F;) also
for the sum of the series inside the circle of convergence and for its analytic contin-
uation (called the basic hypergeometric function) outside the circle of convergence.
Since form=0,1,2,...

(qu;q)n:()v n=m+1lm+2,..., (327

in (3.2.7) it is assumed that none of the denominator parameters is of the form
g™ with m = 0,1,2,.... Equation (3.2.7) also shows that an , ¢ series terminates
if one of its numerator parameters is of the form ¢~ with m = 0,1,2,.... Unless
stated otherwise, when dealing with non-terminating basic hypergeometric series it
is usually assumed that |¢| < 1 and that the parameters and variables are such that
the series converges absolutely. Further, with the definitions:

Notation 3.2.3.

=

(@q)-=]] (1 —aqk) , (3.2.8)

k=0
we can write

(a:q)e

q)n = . 329
(a;9) (a0 (3.2.9)

Since products of g-shifted factorials occur so often, to simplify the writing, the
following more compact notations are used frequently:

(ar,az,....am;q)n = (a1;q)n(a2:@)n - .. (Am3q)ns (3.2.10)
(ar,az,....am:q)e = (a1:9)os(a2:q)c0 - - - (Am’ @) oo- (3.2.11)

Exercises 3.2.

3.2.1.  Show that any power series Y., V,2" with vp = 1 and UZ)—:' as a rational

function of ¢" can be written as a basic hypergeometric series.

3.2.2. Show that

lim ,¢(ay,az,...,a,;b1,ba,...,bs;q,2/ay)

ap—0

= ,10s(ar,az,...,a,-1;b1,ba,...,bs;q,2).
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3.2.3. Show that
(@)= (a"5¢7"), (~a)" ).

3.2.4. Show that

(a7'q'"2q), = (@qu(—a")" ¢~ ).
3.2.5. Show that
(@:q)nk = % (—qa) g%,
(alq' " q);
3.2.6. Show that
(@:q)n+k = (@:q)n(aq":q)r-
3.2.7. Show that

(a:9)k(aq";q)n
aq";q), = ——~—— "7
( q Q)k (a;CI)n
3.2.8. Show that
k. _ (a:q)n
(aq ’q)nfk  (azq)x

3.2.9. Show that
(ank'q) _ (GQQ)n(W]";Cﬁk_
’ n—k (a;q)Zk
3.2.10. Show that

3.2.11. Show that

(a:q)k (ga ':q), k.

(a=1q'%q),

—n

Q‘I)k:

3.2.12. Show that

(@:9)n = (a:¢%)n (aq:q*)n.
3.2.13. Show that

(a*:q°), = (a:q)n (—a:q)n.
3.2.14. Show that

3.2.15. Show that

-1 ,. .
(aqfkfn;q) _ O G Duss gty k().
no (a7 'gqk
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3.2.16. Show that

(ava,—q\aq), 1—aq™
(Va,—/a:q), l—a

3.2.17. Show that

(a:9) = (Va,—v/a,\/ag, —/ag:q).,.

3.2.1 The g-binomial theorem

The binomial expansion, for |z| < 1,

o ola+l), oala+1)(a+2) ,

(l—z)fazl—&-ﬂz—k et 3l T+
o (a
— Y Do ka2, (32.12)
n=0 '

is one of the most important summation formulas for hypergeometric series. This
formula has the following g-analogue known as the g-binomial theorem:

Definition 3.2.3. g-binomial series:

=

(@ @)n_, _ (az:9)e
g.7) = - , 1, 1. 32.13
1¢0(a q Z) ,;) (q;q)nz (Z;q)w |Z‘ < |Q‘ < ( )

To derive the g-binomial theorem let us first prove the binomial theorem (3.2.12)
and then carry out the analogous steps for the ¢ case. Let

fa(2) =Y, (Z‘)"z”, lz| < 1. (3.2.14)
n=0 :

Since this series is uniformly convergent in |z| < € where 0 < € < 1, we may differ-
entiate it term-wise to get

f(/x(z) _ i n(a)nzn—l _ i (a)”JrlZn

) (a:;il)"z" = Afoi1(2)- (3.2.15)
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Also

fa(2) = far1(z) =

¥ <a+1>n_1Lo!c—<a+n>]Zn

n—l
(06+ l)n n+1 __
n=0 :

Thus we have from (3.2.15) and (3.2.16)

fa(2)
(1-2)

Now, eliminating f+1(z) from (3.2.17) we get a first order differential equation for

f(x(Z)

fo(2) = tfor1(2), fas1(z) = (3.2.17)

(04

fa(2)= li_zfzx(Z) (3.2.18)
The initial condition for fy(z) is

fa(0) =1, (3.2.19)

as seen from (3.2.14). Solving (3.2.18), subject to (3.2.19), one has
fa@)=(1—=2)"% [z <1, (3.2.20)

proving the binomial theorem

1Fo(as 5z) Z

To derive the g-binomial theorem let us carry out analogous steps. Let

=(1-2~% (3.2.21)

2 2 < 1, gl < 1. (3.2.22)

_ i (a:9)
=0 (@©@)n
Now, observe that for any function g(z)

i 8@ —8lez) _ d

lim = = 1800, (3.2.23)
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if g(z) is differentiable at z. This suggests that to get the g-analogue of (3.2.15) we
should compute the difference %,(z) — hy(gz). This leads to

— i (a;q)ﬂJrlZnJrl
= (@

v (U=a)(ag;@)n 41
7,,;5 @Dn

= (1=a)z hay(2). (3.2.24)

Next, to get an analogue of (3.2.16) let us compute the difference /,(z) — hqaq(z).
This leads to

> (a:q)n — (aq;q)n ,

ha( n; @G
(aq;q)n—1[(1—a) - (1 faq")]zn

(@ @)n

Il
ifuok

S (aq;q)n-1(1—4") ,
—a Z
n; (@:)n

- (aq;q)nflzn

= (@1

o (ag:9)n ot
=— = —az hgy(2)- (3.2.25)
nZ @2 4(2)

From (3.2.24) and (3.2.25) we have

ha
ha(2) = (1 = @)z hag (2) = hag2), hag(2) = 75 _(z)z) (3.2.26)
Now, eliminating /.4 (z) from (3.2.26) we get
ha(z) = lliajha(qz). (3.2.27)

Iterating this relation (n — 1) times
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(1—az)(1—azq)
(1-2)(1—2zq)
(1—az)(1—azq)(1 —azq?)

= Uiz ")

ha(z) = ha(zq?)

(1—az)(1—azq)(1 —azq?)...(1 —azq"™")

- (1—2)(1—zq)(1 —2z¢?)...(1 —zg" 1) ha(2q")
_ (éz.;q))n" ha(zq"). (3.2.28)
Taking the limit n — oo we can write
(@), } (az;9)e (az;9)e
ha(z) = 1 ha - ha(0) = , 3229
@ ngl;{ (2:9)n ") (2:9)w ©) (2:9)e ( )

since as n — oo, hy(zq") — hy(0) for |g| < 1, and h,(0) = 1 as seen from (3.2.22).
Thus, we have the g-binomial theorem

o (@@, (a7,9)w
P3q,7) = , 3.2.30
100(a; 34,2) n;)(q;q)n e ( )
lz] < 1,|q| < 1.

Equation (3.2.30) is one of the most important summation formulas for basic hyper-
geometric series. The observations

.. _ Al : . £ _ a2
ofo(32) = ¢, Olcgr;olFo(a, ’a)’e (3.2.31)

suggest g-generalization of the exponential function using ¢¢g or | ¢o. It should be
noted that for a given function there can be several g-analogues if the only condition
to be met is that the g-analogue tends to the original function in the limit g — 1.
So, the choice of a g-analogue for a given function depends on the particular appli-
cation. For the exponential function there are two standard g-analogues defined in
the literature. These are the following:

Notation 3.2.4.  ¢,(z),E,(z): g-exponential functions.

Definition 3.2.4.

eq(z) = 100(0; 39,2) = Y, -

= |7 <1. (3.2.32)
= (@ (9)w
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oo _n(n—1)/2

4q n

E,(z) = —— <
q( ) n;() (q,q)n

. Z
=0¢o(;:9,—2) :3510101% (a; ;q,—g)

i (4(=2/a):q)=

= (—2q)co- 3.2.33
a—oo (*Z/a;q)w ( Zq) ( )

Note that the last steps in (3.2.32) and (3.2.33) follow from the g-binomial theorem.

Exercises 3.2.

3.2.18. Show that

o .
lim (9%2: q)
=1 (2:9)e

—1FR(a;5z)=(1—-2)"%

zéirr{1¢o(q“; 14,2)

3.2.19. Show that
190(a: 39,2)190(b; 1¢,az) = 190(ab; 3q,2)
which is a ¢ analogue of the relation
(1-2)"%(1—z) P =1 -z~ (P
3.2.20.  Show that
eq(2)Eq(=2) =1

which is the g-analogue of the relation e*e ™% = 1.

3.2.21. Show that

lin%eq((l —q)z) =€
q*)

3.2.22. Show that

Z

1imlEq((1 —q)z) = €.
q—

3.2.2 The g-binomial coefficients

The binomial theorem
1F0(OC; ;Z) = (1 —Z)ia (3.2.34)

becomes, when o¢ = —n, a negative integer,
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(1—=2)"=1Fy(—n; ;z2)

_ Z (_]:)kzk
knn—1)(n—2)...(n—k+1) &

- (=1
2 k!
- Z (Z) (—2)k. (3.2.35)

In the g-binomial theorem

n

_ Z (_k’?)kzk

k=0

(az:q)e
(2:9)w

let a = ¢~" and replace z by zq" where n is a non-negative integer. The result is

190(a; 3q,z) = (3.2.36)

(2:9)

190(q": 1q,29") = e (z:9)n- (3.2.37)

Thus

(z:q)n =190(q" " 3q,29")

—n.

_ v @@k nyk
2 @ae 9
-y G5k ki (3.2.38)

From Exercise 3.2.10 we know that

(q:q)n(—1)kqB) " .

("= s (3.2.39)
Substituting this relation in (3.2.38) we have
- (4:9)n )
9=, T~y 4 (=) (3.2.40)
(& kg{) Godgan’ Y
Now, note that
lim(z;¢)n = (1-2)". (3.2.41)
q%

Thus, we realize that (3.2.40) is the g-analogue of the binomial expansion

(1-2r=Y (Z) (—2). (3.2.42)

Comparing (4.2.42) with (4.2.40) the g-binomial coefficient is defined as follows:
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Notation 3.2.5.  ¢-binomial coefficient

)
L‘L (D@ (3.2.43)

Definition 3.2.5. The g-binomial expansion (3.2.40) is written as

(zq)n = k;) m q q®) (=), (3.2.44)

Exercises 3.2.

3.2.23. Show that
3.2.24. Show that

3.2.25. Show that

3.2.26.  Show that

g P S

3.2.27. Show that if X and Y are such that XY = gY X then

(X+Y) = i [’;Lykx”—" = i m . xkynk,

k=0 k=0

is obtained from [Z] by replacing ¢ by g~

where [Z}
q

q—l
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3.2.28. Show that if X and Y are such that XY = g¥X where g = ¢>™/" then
(X+Y)"'=X"+7"

3.3 ¢-Calculus

We have seen that for any function g(z)

lim 0 —8lgz) _ d (2)

q—1 (1 —q)z B dZ

if g(z) is differentiable at z.

Notation 3.3.1. D, = g-derivative.

Definition 3.3.1. For a fixed ¢ a g-derivative operator D, is defined by

8(2) —8lgz)

(1 —q) (3.3.1)

D, g(z) =

Note that

Z”_(C]Z)n 1_qn i 4
D, 7 = - e 332
I (e S Al (352

analogous to the relation

iz" =n"" L. (3.3.3)
dz
The differential equations of special functions get g-deformed into g-differential
equations, involving the g-derivative Dy, satisfied by the corresponding g-special
functions. For example, »0; (a, b; c; q,7) satisfies (for |z| < 1 and in the formal power
series sense) the following second order g-differential equation:

Z(C—aqu)Ds(p_,_ i:;_’_ (I—a)(1 —1b);(1 —abq)

(1—a)(1-D0)
——————¢0=0. 334
(i—q7 o (3.3.4)
By replacing a, b, ¢ respectively, by q"‘,qﬁ ,q” and then letting ¢ — 1 it is seen that
(3.3.4) tends to the second order differential equation satisfied by »Fi(t, ;7;2),
namely,

Z| Dy¢

d’F dF
1—2)— —(a 1)zl — —afF =0 335
d(1-2) gz tly—(a+B+1)d —ap (3.3.5)
where |z| < 1. Once we have a g-differentiation the question of a g-integration arises
naturally.
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Definition 3.3.2. The g¢-integral is defined by

b b a
/a Fl2)dgz = /O F)dgz— /0 FR)dgz, (3.3.6)
where
/Oaf(z>dqz=a(1—q>Zf(aq”)q”. (3.3.7)
n=0

The g-integral (3.3.7) can be viewed as an infinite Riemann sum with non-
equidistant mesh widths. In the limit ¢ — 1 the right side of (3.3.7) tends to the usual
integral [ f(z)dz. As an example consider, with ¢ and ¢ real and |g| < 1, a > —1,

=

[ az=0-9 Y@ o

n=0
- n 1 -9
=(1—¢) ;)q (@+1) =g (3.3.8)
In the limit ¢ — 1 we have % — a#“, as should be since
1 1
/0 ZadZ - T—‘-l (339)

Standard operations of classical analysis like differentiation and integration do
not fit well with g-series and these are to be replaced by g-differentiation and
g-integration. Already we saw that 2¢;(a,b;c;q,z) satisfies a second order of
g-differential equation analogous to the second order differential equation satisfied
by oFi(,B;v;z). Similarly, integral representation of hypergeometric functions
get g-deformed into g-integral representations for g-hypergeometric functions. For
example, the integral representation

2h(a,Bivz) = W)FF((%/OIrB‘(l —OY P 1= %dr,  (3.3.10)

with |arg(1 —z)| < mw and R(y) > R(B) > 0, has the g-analogue

_ L 01 55
201(¢%,4P1q":9,2) = BT, 0—B) )F / (mia" Prq). (3.3.11)

where I';(z) is the g-gamma function to be defined below. The g-integral notation is
often quite useful in simplifying and manipulating various formulas involving sums
of series.
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Exercises 3.3.

3.3.1. Show that
Dy eq((1—q)az) = a eq((1 —g)az).
3.3.2. Show that
DyE4((1-qg)az) = o Eq((1 - g)aqz).

3.3.3. Show that for any positive integer n

a,b;
(4, b:)n )nz¢1 (aq",bq";cq";q,2).

Dir¢i(a,bic;q,2) = ———F——
! (c;q)n(1—¢

3.4 The g-Gamma and g-Beta Functions

Notation 3.4.1.  I';(x): The g-gamma function.

Definition 3.4.1. The ¢g-gamma function is defined by

T, (x) = D= _ yi= g get. (34.1)

(4°:q)w

When x = n+ 1 with n a non-negative integer this definition reduces to
Ly(n+1) =[1]4[2]4Blg - [nlg = [n]g! (3.4.2)
which clearly tends to n! as ¢ — 1. Hence

imCy(n+1) =T(n+1) =nl. (3.4.3)
q*)

One can also show that
L (x41) =[xy Ty(x), Ty(1) =1, (3.44)
analoguous to the relation
I(x+1)=xI(x), T(1) = 1. (3.4.5)

Analogous to the case of I'(x),I;(x) has poles at x = 0,—1,—2,.... Since the beta

function is defined by

C()C()

B X,y) = —"—=
) = Tty

it is natural to define the g-beta function by the following:

(3.4.6)
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Notation 3.4.2.  B,(x,y): g-beta function.

Definition 3.4.2.

By(x,y) = m (3.4.7)

which tends to B(x,y) as ¢ — 1. One can show that

By(x,y)=(1—q) ), wqm‘ R(x) >0, R(y) >0. (3.4.8)

3.5 Transformation and Summation Formulas for g-Series

Heine (1847) showed that

(b,az;q)
(C7Z’Q)°°

where |z| < 1 and |b| < 1. This is an example of a transformation formula. To prove
this, first observe from the g-binomial theorem that

201(a,b;c1q,2) = 201(c/b,z;az;q,b) (3.5.1)

(¢q"39)e i C/b q g (3.5.2)

( m=0

Hence, for |z] < 1 and |b| < 1,

e EEEGRAE
- L £ by
“ea- ek ”i: g
e B e
= ((bc’izqq))zq)l (¢/b,z:az:q,b), (3.5.3)

which proves (3.5.1). Heine also showed that Euler’s transformation formula

2Fi(a,Biyiz) = (1-2)" “ PR (y—a,y— Bi12) (3.5.4)
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has a g-analogue of the form

(abz/c;q)

201(a,bic;q,z) = @)

201(c/a,c/b;c;q,abz/c).

153

(3.5.5)

A short way to prove this formula is just to iterate (3.5.1) by interchanging the two

numerator parameters as follows:

(b,az;q)w
(¢,2:q)co

(¢/b,bz;q)

201(a,b;c1q,2) = 201(c/b,z;az;9,b)

= =001 (abz/c,b;bz;q,¢/b)

(C,Z;C])oo

_ (abz/c:q)
(2:q)=

201(c/a,c/bsc;q,abz/c).

(3.5.6)

Take a = g%, b=gP,c = ¢” and let ¢ — 1 to see that (3.5.5) becomes Euler trans-
formation formula. If we set in (3.5.1), z = 5, assume that [b| < 1, |£| <1, and

observe that the series on the right side of

201 (a,b;c;q,;b)—% ¢o( ; ,q,),

can be summed by the g-binomial theorem, we get

201 (a,b;C;q,é) = ﬁ

This is the g-analogue of the Gauss summation formula

TEy—a—p) o

S Y

For the terminating case when a = ¢™", (3.5.8) reduces to

) el

,n=0,1,2,...,
b (¢:q@)n

2¢1< ", bic;q,

which is a g-analogue of the Chu-Vandermonde formula

(Y—B)n
(V)n

2Fi(—n, By 1) = ,n=0,1,2,....

(y—a—=B)>0

(3.5.7)

(3.5.8)

(3.5.9)

(3.5.10)

(3.5.11)
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Exercises 3.5.
3.5.1. Setc= bzq% in (3.5.8) and then let » — 0 and a — oo to obtain
= ()"

)y

= ()

3.5.2. Setc= bzq% in (3.5.8) and then let @ — 0 and @ — oo to obtain

[==] n2 1

Z q n

7= .
im0 (@29 (24:9)=
3.5.3. Let Ag denote the g-difference operator defined for a fixed ¢ by

Ap 8(z) = 0 g(qz) — 8(2)
and let A = A;. Then show that

(@1,a2,...,ar:q)n ny7 s
1_9 = |: _1 n (2)j| n
h(2) (q,b1,b3,...,bs:q)n (=1)"q Z

satisfies the relation
(AAp, 1By s - Dby jg) On(2) = 2(BayDay o Ag) ) Ot (2" ) n=1,2,...

Hence show that ,¢s(ay,az,...,a,;b1,b2,...,bs;q,z) satisfies (in the sense of formal
power series) the g-defference equation

(A, 14y /g By jg) r95(2) = 2(Aay Dy - D)) 105(2g" 7).

354. Let|x| < 1and define
sing () = - eq i) —ey(~ix)]
cos, () = 3 [eg(ix) + (i)
Sing () = - [Eq(ix) — Eq(~i)

Cosy(x) = 5 [Ey(ix) + Ey(~i)].

3.5.5. Show that
sing (x)Sing (x) 4 cosy(x)Cos,(x) = 1
sing (x)Cos, (x) — Siny(x) cos,(x) = 0.

3.6 Jacobi’s Triple Product and Rogers-Ramanujan Identities

Using the results of Exercises 3.5.1 and 3.5.2 it can be shown that

oo n2

(074 2 q:0)== ¥ (~1)"q7 2" (36.1)

n=—oo
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which is well known as the Jacobi triple product identity. This is a limiting case of
Ramanujan’s | y; summation formula

(q,b/a,az,q/az;q)oo
(ba Q/a7za b/aZ;Q)‘x’

which extends the g-binomial theorem to bilateral g-hypergeometric series defined
by

1 (a:biq,2) = s|bfal <zl <1,

i (a1,a2,...,ar,q)n
— b],bz,... bq;q)

> ( ) rn s r)(z) 7

i Q/bMI/bz, q/bs:q)n
= (q/ar, q/az, q/arq)n

( bibs.. ) , (3.6.2)
a1a2 arz

with suitable assumptions on the parameters and z to ensure convergence.

The theory of g-series is full of transformation formulas (or identities) of which
we have seen so far a few elementary examples. Any introduction to g-series will
not be complete without mentioning the famous Rogers-Ramanujan identities: for
lq| <1,

I“VS

y (@0 q:4°) (3.6.3)
= (:q9)n (@)=

= ) 4 5.5

Z _9.47:9)- (3.6.4)

(4:9)

An ¢, series is also denoted by the notation

¢( b b b ) ¢ ay, az, ..., dr
r@s\a1,az,...,dr,01,02,...,05,4,7) = rQPs 24,2
by, by, ..., b

which is more compact when the number of parameters is large. Using this notation
a transformation formula due to Watson looks like

1 1
a, qai, 7qa§a b7 c, d e qin 2q2+n

8071 . D Tpede

afv _a§7 aCI/ba aq/c, Clé]/d, aq/e7 aqn+l

_ lag.ag/deiq)n | 4" 4 e aqfbe
(aq/d,aq/e:q)n""" aq/b, aq/c, deq ™" Ja 39,9

with certain conditions on the parameters. Such a transformation formula can be
used to give a simple proof of the Rogers-Ramanujan identities (3.6.4)-(3.6.5).

(3.6.5)
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So far we have seen the richness of the theory of g-series. The recent interest
in the subject with a history starting in 19th century is due to the fact that g-series
has popped up in such diverse areas as statistical mechanics, quantum groups, tran-
scendental number theory, etc. The famous example in statistical mechanics is Bax-
ter’s beautiful solution of the hard hexagon model wherein the Rogers-Ramanujan
identities first arose in physics. Now we have several examples for the applica-
tions of g-series outside pure mathematics. Lie algebras and their representations
are well known to provide a unifying framework for special functions. It is found
that quantum groups play a similar role for g-special functions. For example the
representation theory of the quantum group U,(s/(2)) involves 2¢; functions and
some g-Jacobi polynomials. So it is to be expected that whenever quantum groups
are relevant to the description of physical models the g-series will arise.

TEST

on Basic Hypergeometric Series

Time: 1 hour
3.1. Show that

i (@D = 1 (BDn (g rglt)

atq' =" q)
i (a;9)e = (Va,—/a,\/aq,—/aq;q)
3.2. Show that

i 1irr}eq((1 —q)z) = ¢~
q*}

ii lin{Eq((l —q)z) = ¢
q—)
iii e4(z)Eq(—z)=1.

3.3. Show that

A P e A

3.4. Using g-binomial theorem show that

100 (g7 :9,2) = (24 ":q),, n=0,1,2,....
3.5. Find
(i) D4E,((1—q)az), (ii) Dy(z:q)n
where D, is the g-differential operator. What are the relations in these two cases in
the limit ¢ — 1?
(R. Jagannathan)
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Chapter 4

Ramanujan’s Theories of Theta and Elliptic
Functions

[This chapter is based on the lectures of Dr. S. Bhargava of the Department of Post-graduate
Studies and Research in Mathematics of the University of Mysore, India)

4.0 Introduction

Ramanujan develops the classical theories of theta and elliptic functions in his own
unique way. Moreover, he has his own theories of theta and elliptic functions beyond
the classical theories. Ramanujan’s approach to establishing his theorems, even the
deep theorems, is elementary.

The purpose of the present lectures is to acquaint the audience with some selected
parts (mile stones) in Ramanujan’s development to enable them for further reading
and research.

4.1 Ramanujan’s Theory of Classical Theta Functions
4.1.1 Series definition and additive results

Definition 4.1.1. Theta function: Ramanujan defines the theta function (alge-
braically) by

flab)y="Y @ tD2prn=12 gp| < 1. 4.1.1)

Nn—=—oo
Remark 4.1.1: This is indeed Ramanujan’s version of Jacobi’s theta function

03(q.2) = f(ge,qe™™), |g| < 1

(which is trigonometric in nature).

159
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It turns out that the (algebraic) definition by (4.1.1) of the theta function renders
the statements as well as proofs of most of the theorems elegant. The following
special cases, with |g| < 1, are frequently employed:

o@)=r@n=Y ¢

n=-—oo

v(q) = *f (1,9) Zq""“

and

o

f(=a)=f(—q.—¢") =Y (=1)"q"C V2 4.12)

n—=—oo

The quantities n?,n(n+1)/2 and n(3n — 1) /2 being square, triangular, and pentag-
onal numbers, we observe that these numbers can be regarded as generated by the
theta functions ¢(q), w(q) and f(—q).

Exercise 4.1.1:  Discuss the convergence of the series in (4.1.1) and (4.1.2).
Exercise 4.1.2:  Justify the terminologies triangular numbers and pentagonal num-
bers for n(n+1)/2 and n(3n — 1) /2 respectively.

Exercise 4.1.3:  Prove the following properties of f(a,b):

f(flaa) =0
f(l,a)=2 f(a,a®)
fla,b) = f(b,a). 4.13)

Exercise 4.1.4:  Obtain the series expansions for
f(qe”,qe™") = 63(q,2)

and for

L) = via)

fa.q)=9(a), 5

and

f(=q,—¢*) = f(—q) of (4.1.2).

The following theorem is Ramanujan’s (algebraic) version of the guasiperiodicity
theorem of the classical theory.

Theorem 4.1.1. For |ab| < 1,

f(a,b) =a"" D2 pr=D2 g (q(ab)", blab)™). (4.1.4)
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Proof 4.1.1: We leave the proof as an exercise which is no more difficult than the
proof given of the following theorem.

The following theorem is one of Ramanujan’s tools for proving many of his so-
called modular equations. It provides a formula for decomposing the theta function
f(a,b), (ab = modulus) into theta functions of different moduli. Note again the al-
gebraic nature of the formula. The proof consists of simple algebraic manipulations.

Theorem 4.1.2. Let |ab| < 1 and U,, = "D 2pn(n=1/2 quq v, = U_,, where n
is an integer. Then

f(ULV) ZU f( wtr Voo ) (4.1.5)
r
Proof 4.1.2: On slight calculations, we can write the right side of (4.1.5) as
n—1 oo
MW

r=0m=—co

or, which is the same as,

i Za r,m,n bG rm,n) Za (k+1) /Zbk(k 1)/2

m=—oo y=

=f(ULV),
where
o(r,m,n) = (mn+r)(mn+r+1)/2
and
o'(rnm,n) = (nm+r)(nm+r—1)/2.
Thus the theorem is proved.
Exercise 4.1.5:  Complete the details of the proof of (4.1.5).

Exercise 4.1.6:  Prove (4.1.4).

Many additive properties of f(a,b) can be proved quite simply and elegantly from
the definitions in (4.1.1) and (4.1.2).

Theorem 4.1.3. If |q| < 1, then
90(q)+0(—q) =29(q")

and

d(q) — ¢(—q) =4q w(q®). (4.1.6)
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Proof 4.1.3: Exercise.

Exercise 4.1.7:  Prove the addition results in (4.1.6) as well as the following ad-
dition results.

f(a,b)+ f(~a,~b) =2 f(a’b,ab’)
fa,b) — f(—a,—b) =2a f (z Za4b4> .

Exercise 4.1.8:  The following results for products and sums of products of theta
functions also follow directly from the definition. If ab = c¢d and |ab| < 1, then

f(a,b)f(c.d) +f(_a7 _b)f(_C7 _d) =2 f(ac,bd)f(ad,bc)

fla,b)f(—c,—d) — f(—a,—b)f(—c,—d) = 2af< ac2d> f(z7acd2)

2+n (m+n)

f Zzp > 7 "

—00 —o0

fla,b)f(—a,—b) = f(—a*,—b*)$(—ab)
fAa,b) + f*(—a,~b) =2 f(a’,b*)¢ (ab)

P(ab)— f(~a,—b) = 4af< a3b) (@)

Exercise 4.1.9:  If |g| < 1, prove (special cases of Exercise 4.1.8)
0%(q) +9*(—q) =2 9°(¢")
9%(q) — ¢*(—a) =8q ¥*(¢")
9*(q) —9*(—q) = 164 ¢*(¢)¥*(¢*) = 164 y*(4*).

Remark 4.1.2: The last formula of Exercise 4.1.9 is the Ramanujan’s version of
Jacobi’s quartic identity:

05 (q) = 65 (q) + 65 (q)

where
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and

6u(q) = 24% y(q).

This identity of Jacobi plays a crucial role in proving the so called inversion theo-
rems in the classical theory of elliptic functions.

The following theorem is an important tool for Ramanujan in proving his
modular equations. Its variant is known as Schroter’s formula. Generalizations of
Schréter’s formula have also been found.

Theorem 4.1.4. If p =% |ab| < 1, |cd| < 1, then

$= 5 Uf@b)f(ed) + f(~a,~b)f(~e,~d)}

= % (ady Ry R pac/pt b )

n—=—oo

D= 3 {f(@b)f(e.d) ~ f(~a,~b)f(~,~d)}

_ Z a2n+l(ad)n(n1)/2(bc)n(n+l)/2f<Cn’apabcd).
ap®’ ¢

Nn=—oo

Proof 4.1.4: The proof is elementary, and is left as an exercise to the readers as it
is quite mechanical.

Remark 4.1.3: Note that S and D above are in terms of infinite series of theta
functions.

Exercise 4.1.10: Complete the proof of the above theorem which is no different
from that of the special cases (p = 1) given in Exercise 4.1.8.

4.2 Ramanujan’s | | Summation Formula and Multiplicative
Results for Theta Functions

The following | y;-sum formula of Ramanujan (termed remarkable by G.H. Hardy)
contains as special cases the so called Jacobi’s Triple Product Identity and
Euler-Cauchy’s q-binomial Theorem which are very important in the classical de-
velopment of theories of theta and elliptic functions and number theory. Besides,
the jyp-sum is still another very important tool for Ramanujan throughout the
development of his theories: For |g| < 1, and |Bq| < |z| < |atg| !, we have
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o0 —aq)" & )n(=Bg/2)"
; ﬁq 61) ; 0“1 1)
(—45:4")eo(—4/50 ) (41 4) o @B 4) 4.2.1)

T (Cagn )~ Ba/zd) (0% ) (Ba? )

Here, the notations used are the following:

= 1;
(@)n = (a ) = (1—-a)(1-aq)...(1 -ag"™")
for n (integer) > 1 and
(@)oo = (439)e = lim (@) -
Before we sketch a proof of this, we will demonstrate many multiplicative results
for f(a,b), ¢(q), w(gq) and f(—q) as consequences of (4.2.1). With & =0 = f3 and
gz =a, q/z = b, we have

fla,b) = (—a;ab)w(—b;ab)w(ab;ab)w

(=4 —q)-
()=
f(=q) = (4:@)=- (4.2.2)

The first of (4.2.2) is the famous Jacobi’s triple product identity.

Exercise 4.2.1:  Recast, on defining (a); = (( ;3" for any real A, the left side of
(4.2.1) as

=

(@7 h¢’)u(—0gq2)" 3~ (B7ha%)a(—Ba/2)"
n;’w (Ba?:4%)n o n;m (aq 54%)n

Exercise 4.2.2:  Prove the trivial identity (due to Euler)
(:07)e = (—a:9)"

Exercise 4.2.3:  Prove that
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and

(@)a = A=
NG

lgl < 1.

Exercise 4.2.4:  Complete the derivations of (4.2.2).

Exercise 4.2.5:  If |g| < 1, prove that

d(a)w(g®) = v(q)

and thus complete the proof of the third identity of Exercise 4.2.4 (Jacobi’s quartic
identity):
9%(q) — 9*(—q) = 164 ¥*(*). (4.2.3)

Exercise 4.2.6:  Recast (4.2.1) into the form

i (@)n2" _ (a2)=(q/(az))o(q)o(b/ )
we O)n (2)e(b/(a2))ee(b)eo(g/@)es

Exercise 4.2.7:  If |g| < 1, prove the following multiplicative results:

f(q) v(q) 2(q) ¢(q)

) wed g \olq )
Peq) = P (awia) = ¥ (~1)'@n+ gD (i)
n=0
_ Sl _[9@ ] _ @ _ f=a) »
29 = 54 {w—@}"ﬂ@“w@m (i)
=) =o(-a)v(q), x(@)x(—q9) = 2(—d*),
P (-) = (@00, v@W(-0) = v(@o(-P). @)

Putting B = 1 in (4.2.1) we get, after some trivial transformations, the famous Euler-
Cauchy q-binomial theorem:

S (a)n n__ (at)m
n;o(cm[ T () (4.2.4)

Exercise 4.2.8:  Justify the terminology g-binomial theorem for (4.2.4).
Exercise 4.2.9:  Show that

(@)(1—g)*

. —T(x+1)asqg— L.
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We repeat here for convenience the result of Exercise 4.1.8. For p = d )

[f(aab)f(c7d) if(7a77b)f(7c7d)]
Yoo (ad)n(n+1)/2(bc)n(n—l)/2f(acpn bd/pn)
ay” (ad)nn l)/Z(bC)n(nJrl /Zf( c_ap” abcd)

ap"’ ¢

| —

In the following section we sketch a proof of (4.2.1) as well as another very useful
quintuple product identity. For |g| < 1 and z # 0, we have

(92:0%)(9/2:07) (0362501 (g* /250

) 2 z 3n q 3n+1
“Ee|(G) ) e

Proofs of |y;-sum and the quintuple product identity: [Proof of |y;-sum by
K. Venkatachaliengar]: Put
o(2) = (=q2:4°)=(=9/2:4%)
(—aqz:6*)w(—Ba/z:4%)e

We immediately have the functional relation
(1+aqz)g(2) = (B+42)8(q’2).
The problem is one of finding constants ¢, such that
=) e in |Bq| <] < |ag|".

Assuming tentatively || < 1 and employing this in the functional relation we get
recurrence relations for ¢, and c_,, n=1,2,... which, on iteration give

(e '1q*)n(—g)"co

Ccp = B, ,n=12,..
and
_ (BhaPn(=Ba) 0 _
S 7 M
We have thus proved so far:
_ (-9z¢)=(-49/%4")=
80 = Tz Bc//zq)m
(o thz & (B~1%)a(—Ba/2)"
- H; I3q q ,Z’ th 26 )n
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Comparing this with (4.2.1) it remains only to prove

oo (04 @)a(BG* %)
O (D) (0B g

Now, on the one hand, from our definition above of g(z) by means of infinite prod-
ucts we have

(—42:4%)(—9/%:6%)w
—0¢*2,¢%)w(—Ba/z:%)w

(1+aqz) g(z) = (
Thus

(@) (g% )
%0%)=(0B G ¢7)ee

On the otherhand, we have from the infinite series expansion for g(z),

lim 1+aqz) g(z) =
Z+<aq)—1< qz) &(2) @

z——(0g)~ ——(0g)” n=0

lim ~ {(1+agz) ¢(z)} = lim 1{(1+ocqz)icnzn}

——(ag)~ =1

= lim {(lJraqz);cnzn}

: —n
+ lim 1{(1+aqz)chz }

——(aq)”

(since the second series is analytic at z = —(agq) ™)
1 n
n—oo aq

—-1. .2
a oo
_0sg)e

(Bg*:q*)-
on using the expression for ¢,, n > 0 obtained above. Equating the two limits we
just obtained of (1+ otgz) g(z) as z — —(agq)~!, we have the required expression
for ¢g. The condition |a¢3]| < 1 can now be removed by analytic continuation.

(by using Abel’s theorem)

Exercise 4.2.10:  Show in detail:
(1+0qz) g(z) = (B+q2) g(q72).
Exercise 4.2.11:  Show in detail

(a ¢ (—agq)"co
(Bg*4*)n

Cp = ,n=1,2,...
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and

(B~":¢*)n(=Bg)"co
(aq?:q*)n

,n=1,2

gLy een

Exercise 4.2.12:  Explain the need of the tentative assumption || < 1 for the
proof.

Exercise 4.2.13:  Putting o = § = —1 and z = 1 in (4.2.1) show that:

1+Zr i

1

m k (2m+1)

HMz

where r(n) denotes the number of representations of n as a sum of two squares.
Note that

oo

) =1+ Y nng" =Y Y ¢+,
n=1

—00 —00

Exercise 4.2.14:  If d;(n) stands for the number of positive divisors of n that are
congruent to i(mod 4) then deduce from Exercise 4.2.13 the Jacobi’s two square

theorem,
ra(n) = 4[di (n) — ds(n)].
(Separate m = 2n and m = 2n+ 1 terms and then compare coefficients of ¢").

Exercise 4.2.15: By putting o = § = —1 in the ; y;-sum (4.2.1) and manipulat-
ing the series show that:

(—42:0%)oe(—q/2:0%)(q*: )2
(92:4%)(9/2:G%)o(— 4% 4*)%

—n

1 o 3nn o n
_ +qz_2 q 22 s qz .
1_6]Z : 1+C]" - 1+q211

Exercise 4.2.16:  Dividing the result of Exercise 4.2.15 by

1+gz
1—gz

1

and then letting z to —g™ ", obtain

n

o o
(0 (‘])—1"’821‘,(1_’_(_61)@2‘

Exercise 4.2.17:  Show that the result of Exercise 4.2.16 is equivalent to Jacobi’s
four square theorem: r4(n) = 8Y.d where r4(n) stands for the number of represen-
tations of the positive integer n as sum of 4 squares and the summation is taken over
all positive divisors d of n such that 4 is not divided by d.
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Exercise 4.2.18: (A generalization of Jacobi’s theorem for power series of (g)2,
as a limiting case of | y;-sum). If |g|, |et|, |B| are each < 1, show that

(@3(aB)e & [ (k+ 1)(g/a) o k(g/B)i B
(oozo(ma,‘%{ Bt (@ }

Proof of the quintuple product identity (4.2.5): Left side of (4.2.5) is nothing
but f(—qz,—q/z) f(—z*,—q"*/z*) but for an additional factor (¢*;¢*).. Now,

f(=qz,—q/2) f(=2,—4"/2)
:i(_ kk2 Z 2,]121

722 k+/ k2+2](] l)zk+2]

—00 —oo

On the other hand, denoting by g(z) the left side of (4.2.5), or, which is the same as,
putting

(¢*:q")w 8(2) = f(—qz,—q/2) f(—2*,—4"/2%)

we have
1
glz)=-¢g (Z> and g(z) = ¢z’ g(¢’2).

These imply, on seeking

2) =Y cud
Mm-s
c2=—co,c1=0,c,=q" cr3

and hence

3n2 -2

30242
an=q" ""co, 3041 =0, c3p2=—¢" "co

We thus have

3,2 o 3,2
g(z) = Zq3n 2nz3n . Zq3n +2nz3n+2 )
—oo —o0

Equating this with the series already obtained in the beginning of the proof and
comparing the constant terms we get

)

cla'sghe= Y (=1)/(gH M2

Jj=—00

The series on the right side being equal to (q4;q4)x., we have ¢y = 1. This completes
the proof of (4.2.5).
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4.3 Modular Equations

We need the following Lambert series developments for later use.

g 2
¢( ) _1+22 |:1 _ 3m+1 1+(,1)mq3m+2 (4'3'])
and
oo 2n—1 q5(2n 1)
qy zg g | (4.3.2)

These are obtainable from the y-sum. Indeed putting oo = = —1, ¢ = Vab,
z=+/a/band « =ab=q, B = (ab)~!, z=—a"? in (4.2.1) we respectively get

_flab) 0> (—ab) =142 i (—
m=0

f(_Cl7 _b)
am—‘rlbm ambm+1
|:1 _ am+lbm + 1— ambm+1 (433)
and
f(—b/a,—a3 ) o0 2n 1 bZn 1
a —f(—a2, 5 ; T @) (4.3.4)

Putting a = ¢, b = —¢g* in the former identity and a = ¢, b = ¢’ in the latter we get
the desired identities. From the above we have

iiqmzm””z =0(q) 0(¢) +4q v(a*)w(q°)

—00 —00

3n+1 q3n+2
] 4.3.5)

=1+6 Z|: 3n+l_1_q3n+2

in which the first equality is yet to be established. But this is easily done. For,

iiqm2+rnn+n2 — Z Z +Z Z ‘|qm2+mn+n2

—00 —oo [ m: even m: odd

= Z iq4k2+2kn+n2 + Z iq4k2+2k”+n2+4k+n+1

: (Ziif’? (gilf“)

+q Z I(1+1)/2 Z KEAD/2 ] = k41

|=—oo k=—o0

=0(q) 0(¢°) +q w(q*) w(g®)

as required.
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Exercise 4.3.1:  Fill in all the details in the above derivations.

Exercise 4.3.2:  Prove the following modular equation of degree 3.

9(q) 0(¢°) —9(—4) 9(=¢*) = 4q ¥(4*) ¥(q°). (4.3.6)
Dividing both sides of the quintuple product identity by 1 — (¢/z) and then letting z
to ¢ and then changing ¢ to q% we get

o

Y (6n+1)g® 2 = 92 (—q) f(—q). 43.7)

This is indeed equivalent to the Lambert series development

¢3(6]) B co (_l)nq3n+1 (_1)nq3n+2
o) Ok [1 (g 1+(—q>3"+2]

(4.3.8)

We need only to realize that

oo

Z(6n+1) (3n2+n)/2 dg (iq (3n*+n)/2 6n+l> atz=1
_d

—oo =

{zf 6.q/2° }atz:l
= ) ln{zf( ,q/z6)} atz =1
1+6Z|:1(+1)nq3n+1 . (_l)nq3n+2 :”

= /(a9 Pl T T4 (—q)3n 2

We also need the fact that
¢*(q)

2/ oy — 2
¢-(—q) f(—q) ¢(q3)f(q7q),

on employing the triple product identity.

Exercise 4.3.3:  Fill in the missing details in the derivation of the Lambert series
above for ¢3(¢) /¢ (¢?). Dividing both sides of the quintuple product identity (4.2.5)
by (1 —z?) and then letting z — 1 we get similarly,

6n+1 o 6n+5

l’/(q ) 1+3 Z 6n+l -3 ; 1— 6n+5 (439)

Exercise 4.3.4:  Prove the following modular identities of degree 3.

Vg _ 9@ (=4
Vi) 9@ o= (4.3.10)

and

(4.3.11)
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4.4 Inversion Formulas and Evaluations

Definition 4.4.1. Gauss’ hypergeometric function: If 0 <x < I, define

11 = (1)2
2fi (2 2’ 1x> :Z((zn)!”)2

0

where
(@o=1, (a)y=a(a+1)...(a+n—1),a#0n=1,2,3,...

Theorem 4.4.1. Hypergeometric transformation:  The function »F, has the
property
11
(14x) zFl<2 2,1,x2)

11 4x
=B 22— 4.4.1
2 1(272, ,(1+x)2) (4.4.1)

or, which is the same as,

B 1 (1—-x)?
=sF <272,1,1— (1+x)2)' (4.42)

Proof 4.4.1: For a proof, one can show that each side of (4.4.1) and (4.4.2) sat-
isfies the same second order differential equation and the same set of initial condi-
tions. Details are left as an exercise.

Exercise 4.4.1:  Complete the proofs of (4.4.1) and (4.4.2).
Exercise 4.4.2:  Prove
11 ¢4(q))
2F 777;1;
1<2 2 0%(g)
$*(q) ¢*(—4*)
2¢2( 2)2F1 2 2 1 ¢4(q2) . 4.4.3)

Exercise 4.4.3:  Prove the transformation

JF, (1’1.1.1_¢4(q)>

27277 ¢%aq)
2 4/ 2
_ (;’2((;”)25 (; Lt 1‘%4((;5)))‘ (4.44)
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Theorem 4.4.2. Evaluation of 2F\(-) and of F(-) defined below by (4.4.5), inver-
sion of mappings: Let

$*(—q) ¢*(—q)
= dx=1-— .
TRl M 0
If
3o LI ANED)
F()—exp{ T 25(%,%;1;-) , (4.4.5)
then
FO—¢ﬂ_@>:q. (4.4.6)
¢*(q)
Further,
L1 0 (=9 _
Proof 4.4.2: From (4.4.3) and (4.4.4) we get
¢4<—q>} { [ ¢4<—q">”3«
Fl1- ={F|1- 448
{ 5%) " @48

forn=2",m=1,2,... Further, it is not hard to show that
F(x) " as 0+
~ — — .
X 0 X
Using this and the Jacobi’s quartic identity (of Exercise 4.1.9) in (4.4.8) and then

letting n — o we get (4.4.6). Further, iterating (4.4.4) and letting m — o we get
(4.4.7).

Exercise 4.4.4:  Fill in the details in the proof of (4.4.6) and (4.4.7).

Theorem 4.4.3. (Evaluation of ¢ (-), inversion of ¢ = F(x)): We have

x=1- M (4.4.9)

9*(F(x))

and

11
0(F0) =2Fi (5. 531i0). @4.10)
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Proof 4.4.3: Given 0 < x < 1, define ¢ by ¢ = F(x) where F(x) is as in (4.4.5).
From this and (4.4.6) we have

1 1.1.9%=9
B (355 A (ki)
N 1 1.9, :
2F (%,%;1;1—w) 2F1 (3,3:15%)

(4.4.11)

Suppose now that
11 ¢*(—q) 11
F{=z = L1- < FA|=,=;L1—x). 4.4.12
2 1(2,2, : o ) = il ( )
Then this and (4.4.11) imply that

11 ¢%—q) 11
Fil=,=:1; < F|=,=:;1;1—x]).
’ 1(2’2 o) )=\
This in turn, by monotonicity of »F} (%7 %; l;x) implies that
¢*(—9) ¢*(—q)
0*(q) ¢*(q)

<l—xorx<l1-—

which implies that
11 11 0*(—q)
Fi|=,=:1; < |z, = 1;1— . 4.4.13

2 1(2,2 x) 2 1(2 > ) ( )
Now, (4.4.12) and (4.4.13) imply equality of both and hence
A

¢*(q)

This proves (4.4.9) since we started with ¢ = F(x). Using (4.4.14) in (4.4.7) we have
(4.4.10).

=1 (4.4.14)

Remark 4.4.1: Given g, we have just evaluated ¢ (g) as ¢(q) = /z where
(il
= 217 27 2 B ’-x

9*(—q)
9*(q)
Also, given x we have evaluated ¢ (g) as ¢ (q) = \/z with ¢ = F(x), where

11
z2=2F 5,5,;1;16 .

Similarly, one could evaluate ¢(-) and y(:) and f(-) at other arguments such
as £¢,+¢,... in terms of x and z. Ramanujan gives scores of such evaluations
employing additive and multiplicative theorems, hypergeometric transforms for
2Fy (%, %; l;x) and the | y;-sum and possibly by other means.

with
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4.5 Modular Identities (Classical Theory)
Definition 4.5.1. A modular identity (equation) of degree n is an explicit (alge-

braic) relation between the moduli /& and /B and the multiplier m implied by a
given relation

_2h (5.5 1a)
2F1 (3,3:1:8)
F(LLl.1.1=
_ 2 ‘(ﬁ’ ) 4.5.1)
2F (5,5:1:1—PB)

Or, equivalently, by virtue of the results of the previous section, a modular equation
of degree n is an identity involving theta functions at arguments ¢ and ¢".  in
(4.5.1) is said to be of degree n (over o).

Ramanujan employed the basic multiplicative and additive results of the theta
functions f(a,b), ¢(q), w(q), f(—q), the triple product identity and more gener-
ally his | y1-sum, the quintuple product identity, Schroter’s type formulas, Lambert
series representations and other properties and techniques to generate identities re-
lating to @(7), w(¢) and f(¢) at t = g, ¢". Then he used his evaluations of these
functions at various arguments as algebraic functions of ¢, &¢(= x) and

11
2=2F 5, 5;1;X .
For example we give the following theorem:

Theorem 4.5.1. The following modular equations of degree 3 hold: If B is of de-
gree 3 over Q. that is if

F; l,l;l;a F; l,l;l;l—a
rexar b eane
then
(i) (@B)F+[(1—a)(1—P))i =1
(if) (a/B)% —[(1-0)*/(1-P)]§ =1
=[(1-B)*/(1— )]s — [B*/a]¥ 4.5.3)
(iii) m=1+2(B> /)%, (3/m)=1+2[(1—a)*/(1-B)]S 4.5.4)
and

(iv) m* (o /B)} — | = | (/) —B]. (455)
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Proof 4.5.1: We have

with
F(LLl.q1.1=
4= exp 2 1(2’12’1’ a)
2Fi (3,33 1:@)
So,
F (L l,l,l—
& =exp | —372 1(27121 a)
2Fi (3,31 1:00)
F l,l,l,l—
—exp _21(212] B)
2F1 (575919[3)
and hence

0 =2 (3,31

Using standard evaluations namely

¢(q) = [2F1 (2 5o ks )} V1, say,
9(q’) = [2F1 ( »1»[3)] V23, say

0(~q) = (1-a)$ /a1, 6(~¢*) = (1-B)5 /a3

V() = 5Va(e/a)t, wid) = 5Va(B/a) @56
in the identity

4 v(q*) w(@®) = 9(q) 0(q’) — 0(—q) 9(—4°)
obtained in an earlier section we have

Varzs (o)t = /aiz —vaz(l— )i (1 - B)

which is nothing but (4.5.2). Similarly the identities

,V(a) _ 9(9) N ¢ (—4%)

v(ig®) o) o(—¢°)

=
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and

9°(q) 9> (—4%)

¢(q°) ¢(—4°)

respectively give the first of (4.5.3) and the first of (4.5.4). The other parts of (4.5.3)
and (4.5.4) follow similarly. Now, (4.5.3) and (4.5.4) give

=3¢(q) 9(¢°)—2

m—1)(3+m)3
az%andﬁ:

Employing (4.5.7) we get (4.5.5).

(m— 1)3(3+m).

4.5.7
16m ( )

Exercise 4.5.1:  Work out the details in the proof of the last theorem.

4.6 Ramanujan’s Theory of Cubic Theta Functions
4.6.1 The cubic theta functions

Definition 4.6.1. We define the cubic theta functions by

a(q> _ iiq;n2+mn+n2 (461)

b(q) _ Z Zwm—nqmz+mn+n2, W= e277:1'/3 (4.6.2)

—00 —o0

and

e(g) = XY gt e e ) (1)’ (g <, 4.6.3)

—00 —o0

The following lemma tells that a(¢g) can be expressed in terms of the classical
theta functions and that b(¢) and c(q) are expressible in terms of a(q) itself.

Lemma 4.6.1: We have, with |q| < 1,

a(g) = ¢(q) 9(¢°) +4q w(q*) w(q°) (4.6.4)

b(a) = 53 alg) ~alg) 465
and

e(q) = Halg*) —alg)}. 4.6.6)
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Proof 4.6.1: Identity (4.6.4), which is the same as

Y Y = () 6(6%) +4q w(@) widd)

—00 —o0

has already been proved in Section 4.3. The remaining identities follow by similar
series manipulations. We may regard (4.6.7) below as the cubic analogue of the
Jacobi’s quartic identity of Section 4.1.

Theorem 4.6.1. (Cubic modular identity of J.M. Borwein and P.B. Borwein): We
have
a*(q) = b*(q) +*(g). (4.6.7)

Proof 4.6.2: The facts of the above lemma that a(g) is expressible in terms of
the ordinary theta functions ¢(-) and y(-) and that b(q) and c¢(g) are expressible in
terms of a(-) along with the evaluations in Section 4.5 and parametrizations (4.6.7),
we have

alg) = vaiz (1+ (@B)?)

s (14 =00

m2 +6m—73
= 1/<133 (4m> ;

and similarly

and

These immediately yield (4.6.7).
Exercise 4.6.1:  Work out the details of proof of the lemma above.

Exercise 4.6.2:  Work out the details of proof of the theorem above.

Remark 4.6.1: Borwein’s proof employs theory of modular forms on the group

generated by the transformations ¢ — % and 1 — 1 4 i/3. They later gave a direct
proof, different from the proof given above.
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Theorem 4.6.2. (Ramanujan: Cubic hypergeometric transformation): The hyper-
geometric function
L2 e d),3),
Fl=z,=:Lx)= 2 : 1
217 <37 3 x> .

satisfies the relation

12 T—x\°
Fl= 20— ——
2 1(3’3’ : (1—|—2x> >
12,
= (142x) 2/ 575;1;x . (4.6.8)

Proof 4.6.3: Each side of (4.6.8) satisfies the differential equation

x(1—x)(1+x4+x2)(1+2x)%"
— (142x)[(4> = 1) (x+ 1) +3x]y —2(1 —x)}y =0.
This differential equation has a regular singular point at x = 0 and the roots of the
associated indicial equation consists of a double zero at x = 0. Thus to verify that

(4.6.8) holds, we must show that the values at x = 0 of the functions and their deriv-
atives on each side are equal. But this is easily seen to be true.

Exercise 4.6.3:  Work out the details of the proof of the above theorem.

4.6.2 Inversion formulas and evaluations (cubic theory)

The following theorem gives the cubic analogue of the inversion theorems in the
classical case.

Theorem 4.6.3. Given 0 < g < 1, define

1 _ , (4.6.9)

21 o F l,g;l; —
q:exp{—“ 13,3 - x)}. (4.6.10)
3

21 oF (3,351 —x
qzexp{—2 1 i )}. 4.6.11)
3
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Then

3 3
io1 @ _cla) (4.6.12)

In both cases we have the evaluation

a(q) =2k (1 2, 1;X> J(=z=2z(x)), (4.6.13)

373
where, given x we have q as in (4.6.11) and given g we have x as in (4.6.9).

Proof 4.6.4: Putting
- ) —blg)
a(q) +2 b(q)
in (4.6.8) and using the lemma of Section 4.6 we have (with a free use of the cubic
modular identity a® = b3 + ¢* (4.6.7) throughout).

i (! 2.1.c3<q>>

3737 d(q)
alq) 12 A(P)
= o1 (531 .
a(q?) 373" 7d(q?)
Iterating this we have
)
Fl=,=:1;
? 1<373 a*(q)
alq) 12 A"
— F | = 7;1; 4.6.14
alg") > 1(3’3 () (o019

n=23" m=1,2,.... Letting m — oo in this we get

12 b
a(q) =2Fy <373;1; 538;) )
(g

incidently proving (4.6.13) with x as in (4.6.9), given g. Similarly, putting x = a@
in (4.6.8) and using the lemma of Section 4.6 we get

12 bg)
A <3’3’1’a3(Q))
_ _alg) 11 b
~walgn 2 (373’1’a3<q">) o1

withn =3" m=1,2,.... Dividing (4.6.15) by (4.6.14) we have

N
=
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1
b3(Q)) [ <C3(qn)>}”
Fl1- —|F , 4.6.16
< a*(q) a(q") (o109
where F(x) is defined by
_ 27172F1(3,3,1,1— )
F(x) —exp{ 73 o (37 2 1) . (4.6.17)

Letting n — oo in (4.6.16) and using the fact that F(x) ~ 55 as x — 0+, we get

(D)) e

proving (4.6.10). For the other part of the theorem, given x put ¢ = F(x) where F(x)
is as in (4.6.17). From this and (4.6.18) we have

12 h3(q)> | 2
2F (373’1’&((1) _ 2R (3, 551-%) 4.6.19)
3 1 2.9. ’ o
2Fl (3737191723533) 2Fl (g’j’l’x)
Suppose now,
12 b*(q) 11
F (11— < | =, =:1:x). 4.6.20
21(33 () 2fi | 3,35 1x ( )
This in (4.6.19) gives
12 bg) 12
F = 1; <HFi | =,z 11— 4.6.21
2 1<3 35 () 2Fi{ 3,3 x ( )
which implies, by monotonicity of > Fj, that
3 3
b3(Q) Sl—xorxgl—b3(Q).
a*(q) a*(q)

This in turn gives

11 12 b*(q)
2F1<3 3 )2F1<3 b 1—a3(q)>. (4.6.22)

From (4.6.20) and (4.6.21) we have equality in each of (4.6.20) and (4.6.21) and
hence (4.6.4) holds. Now (4.6.13) follows from (4.6.12) on applying the first part of
the theorem.

We may regard (4.6.13) as evaluations of a(-) and z(+) as follows:

a(F(x)) = z(x) given x

and

3
z (1 b (q)> =a(q), given q. (4.6.23)
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4.6.3 Triplication and trimediation formulas

The following theorem tells us how a given relation among x,q and z gets trans-

lated if we replace g by ¢ or q%. The theorem will be useful in obtaining further
evaluations.

Theorem 4.6.4. Let g, x and z be related as in Theorem 4.6.3. Suppose we are
given a relation among x,q and z:

g(x,q,2) = 0. (4.6.24)

Then the following relations also hold:

13 ]
1—(1—x)3 1
1=U=x5 a5 {120 -0} 2] =0 (4.6.25)
142(1 —x)3 3
and
-’ ]
— X3
- il ,q%,(1+2x%)z —0. (4.6.26)
142x3
Proof 4.6.5: Putting
PR
— X3
X=1- ahi (4.6.27)
1+42x3
we have
1—(1-x)3
P el Gt (4.6.28)
14+2(1—x)}

From the cubic hypergeometric transformation theorem of Section 4.6 we have, on
substituting the above and simplifying,

7 =z2() = (1+2x%)z(x) = (1 +2x3)z (4.6.29)
and

q =q(¥)=q*(x) = g5 (4.6.30)

Now, suppose (4.6.24) holds. Then, on using (4.6.28), (4.6.29) and (4.6.30) in
(4.6.24) we get (4.6.25) with x,¢ and 7’ in place of x,q and z. We merely drop
primes to get (4.6.29). Similarly, starting with (4.6.24) with X', ¢’ and 7’ in place of
x,q and z we get (4.6.26) on using (4.6.27), (4.6.29) and (4.6.30).
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Corollary 4.6.1: With x, ¢ and z as in the Theorem 4.6.3 we have
b(g) = (1-x)3z, c(q) =x3z (4.6.31)
(in addition to a(g) = z of the Theorem 4.6.3).

Proof 4.6.6: By Lemma 4.6.1 and the Theorem 4.6.3 and Theorem 4.6.4 we have

b(q) ;{3;(1+2(1x)—%)zz} = (lfx)%z

and similarly
1 1 1
c(q) = 3 {(1 +2x3)z—z} =x3z

Exercise 4.6.4:  Complete the details of proofs of the theorem and the corollary.

4.6.4 Further evaluations

Theorem 4.6.5. For any 0 < g < 1, we have

—b(q) A(q). (4.6.32)

24 _
qf7(—q)= >

Proof 4.6.7: We will start with a known evaluation in classical theory namely,

1
9/ (~q) = ea’a(l—a) (4.6.33)
where
= F] 1 1-1~oc
71 =281 LA
with
9*(—q)
oa=1-— .
¢*(q)
‘We also know that
B (m?+6m—3)
alq) =1z ym ,
3—m)(9—m? 3
blg) = am o mO—m )

2
4m3
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and

3(m+1)(m*— 1)%
4m

c(q) = vaz

with

11
23 =12F (2,2;1;l3> ;

B being the modulus of order 3 over « in the classical theory, and with m = z; /z3.
Further, we know that

o (m—l)(3+m)3’ B

(m—1)*(3+m)
16m3 '

16m
With these, we get,

and

whence the right side of (4.6.33) becomes 7-z1?a(1 — a)* which is the right side of
(4.6.33) also. Hence the proof of (4.6.33) is complete.

Corollary 4.6.2: Given 0 < g < 1, we have
where x is as in the corollary of Section 4.6.3

Proof 4.6.8: From Theorem 4.6.5 we have

1

g% f(—q) =37% b5 (q) ¢5 (q).

On using the corollary of Section 4.6.3 this becomes

3 L
8

g% f(—q) =375 (1 —x)sz8x%z

o0l—

which reduces to the required result (4.6.34).

Corollary 4.6.3:
G5 f(—q*) = VB ixE(1-x)% (4.6.35)
where x, g and z are as in the corollary of Section 4.6.3.

Proof 4.6.9: Changing ¢ to ¢> in Corollary 4.6.2 and using the triplication for-
mula we have the required result.
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4.6.5 Evaluations of Ramanujan-eisenstein series (L, M, N
orF, O, R)

Definition 4.6.2. Following series are of importance in number theory and theory
of elliptic functions.

27 2 F l,g;l;l—x
qzexp<_ (31321. )
33

or, equivalently

and

then

L(g) = (1—4x)7> +12x(1 _x)z%

M(q) =z*(1+8x)
N(g) =2°(1 —20x — 8x%)

M) =2* (1—8x>
9
4 8
3 6 2
= 1— —_
N(g’) =z ( 3x+27x>

Proof 4.6.10: Since f(—¢) =1T,_,(1 —¢") we have

L(g) = qdiln(fJf( q))
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d 1 dx

—g—1In( —=z"%x(1-x)*) =

q < (1-x)" ) 5 7

(on using a result proved earlier). This, along with a known result from the theory
of hypergeometric series, namely,

12 d
F 1;x
21(33 >dx

27r2F1(§%11 x)
V3 ah (L E)

gives the required result for L. (First obtain from the hypergeometric result % =
5.). The hypergeometric differential equation for

12
= F
o (L 2)

_(lx

namely

the Ramanujan’s differential equation

dL

L>-M
T3~ 2{ }

and the results just obtained, give the required evaluation for M(q). If we use the
Ramanujan differential equation

a1
—— = _{IM-N
T4 T }

and proceed similarly we get the result for N(g). The evaluations for M(q>) and
N(g*) are now obtained on applying the triplication formulas.

Exercise 4.6.5:  Fill in the details in the proof above.

4.6.6 The cubic analogue of the Jacobian elliptic functions

The familiar Jacobian elliptic function ¢ = ¢(0) can be defined by means of the
integral

_/‘P 2F1 j i ;xsin t)dt
2}

133%)

N\

i
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0<¢ <Z,0<x<1,orequivalently

0 Tt
2Fl 2a2,1ax 1—xslnt

In analogy with this we have the cubic analogue of the Jacobian elliptic function
given by Ramanujan by means of the following theorem:

Theorem 4.6.7. (Ramanujan): If0 < ¢ < 7, 0 <x < 1and

0 — /¢ 2F1 (%
1

\»—A
I\)\'—‘

xsin’?)

d
ilx) t

w\»—"‘

or, which is the same as

~(y/xsinr)

o 1 /(p cos (Li“ 1(3 ) ;
1:x) Jo

V1 —xsin?t

1

then

q" sin2n0
I’l 1_|_qn_|_q2n)7

n=1

Proof 4.6.11: Refer to the paper: B.C. Berndt, S. Bhargava, F.G. Garvan,
Ramanujan’s Theories of Elliptic Functions to Alternative Bases, Transactions of
the American Mathematical Society, 347 (1995), 4163-4244.

TEST
on Ramanujan’s work

(Time : 1 hour)
41.  If f(a,b) = Y= a*kt1/2pkk=1/2 " 1ap| < 1, then show:

(i) f(l,a)=2Y a® D2 |a| <1,
0

(i) f(1,a) =2 f(a,a®), |a| < 1.
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42. It ¢(g) =Y"..q" and w(q) = X5 ¢“¢*D/2 with |g| < 1, then show that

0*(q9) —9*(—q) =8q w(4®) 9(q").
4.3. Given that f(a,b) = (—a,ab)w(—b,ab)w(ab,ab)w, show that

O(=a) = (4:9)/ (—@:9)=; g <1

and

¥(q) = (¢%:47)/(:47)o-
Hint: Prove and use

(@67 = (—4:9)2"

where

4.4. Given that

show that

(@n (2w
o (@) _ 0 o —a
i) Jim Y = (1 gl <

(S. Bhargava)

4.7 The One-variable Cubic Theta Functions

For the sake of completeness some definitions and some basic properties will be
repeated here.
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4.7.1 Cubic theta functions and some properties

Definition 4.7.1. One variable cubic theta functions.
We define for |g| < 1,

o

a(q) — Z qszranrnz

m,n=—oo

b(q) — Z a)mfnqszranrnz7 ((D —e3 )7
myn=—oo

C(q) _ i q(m+%)2+(m+%)(n+%)+(n+%)2.

mp=—oo

Remark 4.7.1: We note the analogy between the above functions and the one
variable classical theta functions (in Ramanujan’s and Jacobi’s notations, respec-
tively).

=

0(q9) =03(q)= Y 4",

n—=—oo

=

0(—q) =Os(q)= ¥ (-1)"¢",

n—=—oo

27y (q?) = O(q) = Y ¢+,

n=—oo

Exercises 4.7.

4.7.1. Discuss the convergence of the series in Definition 4.7.1 and Remark 4.7.1.
4.7.2. Prove

(i) alg®) = 5[0(0)9(¢*) + 6(~0)9(~4")]
(i) blg) =alq’) -~ 5alg)
(iv) elq) = yalg*) ~ 3al)

1
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4.7.2 Product representations for b(q) and c(q)

Theorem 4.7.1. We have

=9 (93
m) ba) =¢) (¢

1P ) 1 (@)s
() ela) =302 5y =3 g

Proof: (Borwein, et al (1994)):
The Euler-Cauchy g-binomial theorem says that, for |g| < 1,

(Cl;CI)oo = (a/b)ﬂ n
e & (@

where, as usual,

=

(@) = (@:9) = [](1—aq"),

n=0
(@) = (@q)y = [](1 —ad* ).

k=1

Letting b to 0 in the g-binomial theorem we have (Euler)

This gives, since

(@)oo = (a:0)e0 (a0 q)o0 (a®”; G)oo

o 3n _3n(n—1)/2 )
a4q ( )/ — Z ni+2ny no+ny+n;3
— . = (0] a
(¢%:4%)
n=0 ’ hd ny,ny,n3=0

q[”O(”O*I)JF”l (ny—1)+ny(np—1)]/2

(Do (@ny (@),

X

Equating the coefficients of like powers of a, we have,

1

- = w”17n2
(q3;q3)w n0+n§12:3n (‘I)no (‘I)m (‘])nz

q['lo(ﬂo*l)ﬂll("1*1>+’l2("2*1)]/2
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Or, changing n; tom; +n, i =0,1,2,

m% +m% +m%)

1
1 q7<
— a)ml —nmy .
(613;6]3)00 mo+m§m2:0 (Q)mo-&-n(CI)ml-&-n(CI)mz-&-n
Letting n to oo, this gives
o 3
Z wml—mzqm%+m1m2+m% — (Q)w .
. (@:07)w

my,my=—oo q:4

This indeed is the first of the required results.
We leave the proof of part (ii) as an exercise.

Exercise 4.7.3: Prove the g-binomial theorem.

Exercise 4.7.4:  Complete the proof to the second part of Theorem 4.7.1. (see
Exercise 4.7.3 for a proof.)

4.7.3 The cubic analogue of Jacobi’s quartic modular equations

The following theorem gives two versions of the cubic counterpart of the Jacobi’s
modular equation

9*(q) = 9*(—q) + 169y (4°).
The first version is Entry (iv) of Chapter 20 in Ramanujan’s Second Notebook, and
the second is due to Borwein, et al (1994).

Theorem 4.7.2.

1 1

=g _ (=q) \°
3+q%f3(—q3) - (27+ qf”(—q*)) ’

or, what is the same,
a(q) =b*(q)+(q).

Proof of first version (Berndt (1985).)

We need the following results concerning the classical theta function and its re-
strictions as found in Chapter 16 of Ramanujan’s Second Notebook, see Ramanujan
(1957) and Adiga, et al (1985).

f(a,b) = ia”<"+1)/2bn(n—l)/2
= (—a;ab)ew(—b;ab)w(ab;ab)., |ab| < 1,

_ R 22 (—q:—q)=
9(a) = f(9:4) = (=@ =0)=(=a:0" )0 = T2 ==

b

o [ 4@ ] e
19 = Cadr= | 7] = 55

v(q) = f(a.4°) = f(q,4°) +qw(q’).
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These follow by elementary series and product manipulations (Adiga, et al (1985)).
Now, setting

v=q51(~9) /1 (~4),
‘We have
1 (C49)=0(=¢)

Thus,

Similarly,

From the last two identities, we have

Plg?) _ X (—q")v(g?)
BP0
1

1
= (12v)2<1+> =43
v 1%

. 1 1 1 L. . C
Changing ¢3 to wg3 and g3 to @’g3 in this equation and multiplying it with the
resulting two equations we have, on some manipulations,

flz(_‘f’)) = (4\}2—}-1)3—27

qf(—¢*
3 L 3
_ <Jf (=q%) +3> —27,
3 (—4*)

which is the desired identity.

Proof of the second version (Borwein, et al (1994).)

Firstly, we have, under the transformations ¢ — g,

=

. nlz mn n2
(i) algd)= Y ) —ag)
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and similarly,

(i) b(q®) — b(g®) and (iii) c(q®) — wc(q?).

Similarly, we have a(q?), b(¢) and c(¢) going respectively to a(q?), b(¢*) and

®’c(q®) under ¢ — w?q. Thus, for these and result (v) of Exercise 4.7.2, we have

b(oq) =a(q’) — wc(q),
b(w*q) = a(q’) — w*c(q’)

and, therefore,

However, on using Part (i) of Theorem 4.7.1, the left side of the last equality equals
b*(g*) on some manipulations. This completes the proof of the desired identity.

Remark 4.7.2: For still another proof of the theorem within Ramanujan’s reper-
toire, one may see Berndt, et al (1995).

Remark 4.7.3: (Chan (1995)). That the two versions of the theorem are equiva-
lent follows on employing Theorem 4.7.1 and result (v) of Exercise 4.7.2.

Exercise 4.7.5: Prove the various identities quoted in the proof to Theorem 4.7.2.

Exercise 4.7.6: Complete the manipulations indicated throughout the proof of
Theorem 4.7.2.

Exercise 4.7.7: Work out the details under Remark 4.7.3.

4.8 The Two-variable Cubic Theta Functions
4.8.1 Series definitions and some properties

Definition 4.8.1. Two-variable cubic theta functions.
For |g| < 1,z # 0, we define

> 2 L
a(qu) _ Z qm +mn+n Zm n
m,n=—oo
b(%z) _ Z wmfnqm2+mn+nzzn’ ((1) _ 62711'/3)’

mp=—oo
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=

y q(er%)2+(m+%)(n+%)+(n+%)2zm7n

m,n=-—oo
a'(q Z) _ qm2+mn+nzzn.
’ m,ngLoo

Remark 4.8.1: We note that the one-variable functions of Section 4.7 are restric-
tions of the above functions at z = 1. In fact

b(q) = b(q,1); c(q) = c(q,1).

Remark 4.8.2: We note the analogy between the above functions and the two-
variable classical theta functions (in Ramanujan’s and Jacobi’s notations, respec-
tively);

oo

flazgz™") = s(q.2)= Y ¢" 2,
n=—oo
flqz,—qz") = Ou(q,2) = Y (~1)'q" 2",
Nn=—oo
1
a* f(q°z27") = @2(q,2) Z g2’
n=—00

where, as before, following Ramanujan,

f(a,b) = ian(nﬂ)/zbn(n—l)/z.

Exercises 4.8.

4.8.1 Discuss the convergence of the series in Definition 4.8.1.

4.8.2. Prove,

(i) d(g,2) =2°q°d (q.29),

(i) a(g,z) =7"qalq.zq),

(iii) b(g,2) =2¢’b(q,29),

(iv) (q.2) =7qc(q.29),

(v) d(g,2) =alg’,2)+2gc(q’,2),
(Vi) blg,2) =alg’,2) —qe(q’,2),

(vi) d'(¢,2) =b(g,2) +3qc(q’.2).
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4.8.2 Product representations for b(q,z) and c(q,z)

Theorem 4.8.1. We have,

1
(i) b(g,2) = (61)00(613;613)00(2[]3;(23;:&;lgzqu)m

(i) e(,2) = a¥ (1 + 242 ) (@elas0)eo
" (P 0)w(z 0 )
(29)(z71q)es

Here, (a)e = (a;q)w, for brevity.
Proof (Part (i): Hirschhorn, et al.) We have, by definition of b(q,z),

> 2 2 > 2 2
_ m—n _m-+mn+n- _n m—n _m-+mn+n- _n
b(giz)= ), " 'q 4+ ) 0"g 7.

n:even,—oo n:odd,—o

Setting n = 2k in the first sum and n = 2k + 1 in the second, we get, after slight
manipulations,

= R 2
b(q,z): Z wmqm Z q3k 22k

m=—oo k=—oc0

B > P > P
+o lC]Z Z (qum +m Z 613k +3k22k.

m=—oo k=—o0

Applying Jacobi’s triple product identity (the product form of f(a,b) met with in
the proof of Theorem 4.7.2) to each of the sums we have, after some recombining
of the various products involved,
(=434 (0%4)=(4%4%)= . 5 3. 6
b(q,z) = (=2°¢°:4")w
(~4:4%)

x(=27%0°:4%)w

(—4°:4°)os(4%:4%)oe(9°:¢%) o
(—4%:¢%)es
% (=24%:4%)w(—224%:¢%) .

—q(z+z7h

On the other hand, one can prove that the right side, say G(z), of the required identity
for b(q,z) is precisely the right side of the above identity. One has to first observe
that G(¢’z) = z72¢3G(z) and then use it to show that we can have

> 2 > 2
G(Z) _ CO Z q3n Z2n +C1Z Z q3n +3nZ2n7 or,

n=—oo n=-—oco
G(z) = Co(—2°0°:4)eo(—2q:4°) e (4%:6°) o
+C1(z+2 ) (—226%4%)w(—226%:4°) (6140
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It is now enough to evaluate Cp and Cj. For this, one can put successively z =i
3. . .
and z = ig” 2 in the last equation. Now, for Part (ii) of the theorem, we have, by

definition of ¢(g,z),

—— 2 2
a3 m-+mn+n-+m-+n_m—n
cg.2)=q¢> Y ¢ z
mp=—oo
i 2 2
oz n+2k)*+(n+2k)n+n-+2n+2k 2k
= g3 Z q( )+ (n+2k) z
nk=—oo
| > 2 2
g3z Z U 2 D4 24 2k 2kt
n,k=—oo
(on separating even and odd powers of z),
J——“ 2 2
— 3 3(n+k)*+2(n+k)+k= 2k

nk=—oco

1 = 2 2
+q3z Z q3(n+k) +5(n+k)+2-+k +kZ2k

nk=—co
1
& Z P e S
tk=—oc0
« Z q3t—1)(t+1)q (Z C])
t/ k=—oo

(setingn+k=tandn+k+1=1"),
L& , &
=¢3 Z q3z +2t Z qk sz+6]32

t=—00 k=—oo0

- 2, e g2
% Z q3t t Z qk (ZZq)k
t=—oc0 k=—o0
1 _ 1 _
=@ (@ a)f (2,92 ) + a3 2f (6.4 f(°2270).
Comparing this with the required identity for ¢(g, z), it is now enough to prove

(Z¢:q7)(2¢" 4%

(2¢:9) (27145 9) oo
(@9 f(g.qz7%)  flg*, ) f(@*2.27%)

. 4.8.1
(@:0)(0%:6%)eo e (@:0)(0%:4% ) @80

G(z) = (1+z+z7h

Now, we can write
(Z:0)e )
(z9)w  (27'¢:9)w

60 =&

‘We have,
1 (@50 (275¢)w
9z (2¢:9)e  (2715¢)e
1

EG(Z)

G(qz) =
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so that
2
7°9G(qz) = G(2).

This gives, on seeking

6= Y G

n=-—oo

i qn+1CnZn+2: i ann7

Nn=—oo n=—oc0

and hence
Co=q"'Cpa, n=0,+1,£2,...

This gives, on iteration,
Con=q" Co, Conp1 = ¢""NC, n=0,+1,42, .

Thus, the power series sought for G(z) becomes

> 2 > 2
Gz)=Co Y, ¢""+Ciz Y. ¢"(q)", or,

Nn=—oo n=—oo

G(z) = Cof(gz%,qz 2+ Cizf (¢*2%,272). (4.8.2)

Comparing this with (4.8.1), it is enough to prove,

f(q°,q)
Co= —2908  and
T Gaelghg)
¢ %

 (©9)=(¢%¢%)
Putting z =i in (4.8.2) and using the definition of G(z) in (4.8.1), we have
(iq:q)(—iq
= COf(_CIaq .
(—4%:4%)-
(—4*4*)(q:9%) o (4% 4% )
(¢%4")(=4%¢%)w
(4:9)ee(q36%)e0

3;q3)w
:q)

o

—_

or

Cy =

~ (—44)=(—4%4°)w
(4:9)-

(—4:4°)o (=3 6°)oe(—4°:¢°) o
(4:9)=
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(4:9)-
_ 4:9°)=(=014%)=(4%4") _ _ f(q.4)
(4:9)(4%:¢°)eo (4390)(4:6)e

as required, as regards Cy. Now, for Cy, putting z = iq_% in (4.8.2) and using the

defintion of G(z) in (4.8.1), we have.
, 9
1q)ee(ig214)er
3
1q)ee(—1473q)e

= Ciig ? f(~q,—q)-

Pl

Glig™) = ~igh =
(ig~

D=

or,

. 3 .9
Cr - —q(—iq 2;0%)wo(iq2 %) oo
- . _1 .3
(1g72:q)oo(—1q2 3 4)os(4:9°)% (675 4% )os
[t .3 .3 .3
—q(1+iq2)(1+iq 2)(—ig?;q*)e(iq?:q°)o

3

(1—ig 3)(1 = ig? ) (ig?;q)m(~iq?:9)o(4: @)oo (@3 %) oo

(—4%:4%) (44w

(~46%)(@:0) (D)0 (6%9%) (45 G) =

(—4%:4%)eo(—4%:4%) s

(4:9)e
_ (24%147)0(4%¢%) (=44 4")o(—4714°)=
(4:9)
_ (=4%47)=(=q"4%)=(~¢*1q")=
(4:9)
_ (@%9)o(=g"P)e(=a"qY) _ f(d*.q")
(4:9)(47: 4% )-o (4:9)(a%:7)”

as required. This completes the proof of Part (ii) of the theorem and hence that of
the theorem.

Exercise 4.8.3: Deduce from Theorem 4.8.1, product representations for b(¢q) and
c(q)-

Exercise 4.8.4: If

1 1 1 1 1 1
Gla) = flazq?,a 'z 'q2)f (az_qu,a_lzqf) f (aqf,a_qu)
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then show successively that

(i) Glag) = a’q> f(a),
(i) Gla) = Cof (g} ,a g )41 [£ (g} a7gF ) ra £ (gt a7 )]

[Hint: Seek G(a) =Y, _.,Cpa" and apply Part (i) for a recurrence relation for C,].

—1(,)3
(iii) 3Cp) = m
f( Z°q, q3n71
x{f(—zq,—z{l—i—6z< 2 1_q3n—1>}
_fz(_zilq7 _Z):l .

[Hint: Change a to azq% in (ii), multiply the resulting equation by >, apply operator
0, = a% after rewriting the equation suitably and let @ tend to i in the resulting
equation.]

Zf( Za_Z q)
= fl=z,—z71q)

[Hint: Change a to a>g? in Part (i), multiply by a3 and then let a to e 5 .]

(iv) C1=2""q%(q)

(v) a(g,z) equals constant term in the expansion of G(a) as power series in a.
Hence show that

1
a(g,z) = §(1+Z+z’1)

oo 3n—2 3n—1
q q
146 _
X{ + ngl [ — g2 1_q3n])}
(@2 (Z¢¢))e(¢ 14w
(@:4*)2%  (24:9)=(z7'q:9)

+1(2—z—z’l)%(zq;q)i(z’lq;q)i-
3 (@:9°)2

X

2,2, .2 -
[Hlnt a(CIa ) Zm+n+p 0,m,n,p=—oco q(m e )/2Zm n-}

. 1 .
vi) ¢(q,z) = q3 constant term in the expansion of aG(aq?) as power series
in a. Hence prove the product representation for ¢(q,z) given in Theorem 4.8.1.

Exercise 4.8.5: Letting z = 1 in Part (v) of Exercise 4.8.4, obtain the “Lambert

series” for a(q):
3n—2 3n—1
q
1+6Z< g2 1_q3nl>'
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4.8.3 A two-variable cubic counterpart of Jacobi’s quartic modular
equation

Theorem 4.8.2. We have

@ (¢,2) =b*(q)b(q,2°) + ¢ (¢.2).

Proof: By Part (vi) of Exercise (4.8.2),

b(q,2)b(qw.2)b(q0*2) =@’ (¢,2) — ' (¢, 2).

But, by Part (i) of Theorem 4.8.1, we have the left side of this to be, on slight
manipulation, equal to b%(¢*)b(¢?,z%). This proves the theorem with ¢* instead
of g.

Exercise 4.8.6: Show that M is independent of z.
b(g?.2)e(q’ 2)

4.9 The Three-variable Cubic Theta Functions

4.9.1 Unification of one and two-variable cubic theta functions

Definition 4.9.1. Bhargava (1995).
If || < 1,7,z # 0, we define

Z qm 2t mn+n® m+n m—n

q7 T, Z Z
mp=—oo
(=)
b(qﬂ: z Z o™ nqm +mn+n? Tmzn
mp=—oo
> 1 12
q,’L‘ Z Z q m+ +(m+ )(n+§)+(n+§) ghtmpn—m
mp=-—oo
> 2 2
a/(q,T,Z) _ Z qm “+mn—+n ,L.mzn.
mp=—oco

Exercises 4.9.

4.9.1. Show that

a(g,1,2) = a(g,z), d'(¢,1,2) = d'(¢,2)
b(q,1,2) = b(q,2), c(q,1,2) = c(q,2).
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4.9.2. Show that

a(a) a(%l?l)?:a/(qalal); b(CI) :b(%l?l)
c(q) = c(g,1,1).

Theorem 4.9.1. (Bhargava (1995)).

The four two-variable theta functions are equivalent. In fact,

a/ (l], T’Z) = a(‘]a \/?L \/%)7
b(q’ T’Z) = a(‘]a \/?Zv wZ\/Z/i,L.)’

c(q.7.2) = q'a(q,79,2).
Proof: Exercise

Theorem 4.9.2. (Bhargava (1995).)
For any integers A and |, we have

2 2
a(q,T,z) :qM 33U+ ,L.22L+u ZH a(q7 Tq3(21+u)/2’zqu/2)

Proof: Exercise.

Theorem 4.9.3. (Bhargava (1995).)

a(q,7,2) = a(q’ \/ /2, V12) +qrz lalg’ . g7\ /32, V/ 12).

Proof: Exercise.

Exercise 4.9.3: Complete the proof of Theorem 4.9.1. For example,

> 2 2 metn
alg, VT, 0*/z/1) = Y " (12) 2

mn=—co

m—n

x0?" " (z/7) "2

hnd B 2 2
_ Z (D” mqm +mn+n Tan
mn=—oo

=b(q,7,2).

Exercise 4.9.4: Complete the proof of Theorem 4.9.2.
[For a start, expand the right side to get, after some manipulation,

i q3(m+/l)2+3(m+l)(n+u)+(n+u)2,L.z(m+k)+(n+u)zn+u_

m,n=—oo

Then change m+ A to m and n+ i to n. |

201
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Exercise 4.9.5:  Complete the proof of Theorem 4.9.3.
[In fact, we can write
alq,t,z2) =So+S1+S5-1

where
S, = Z qi2+i 2 gitigi=i
with i — j = r(mod 3). Now put i = j+ 3m+ r and manipulate.]

Exercise 4.9.6:  Obtain the following identities as special cases of Theorem 4.9.2:

I

d(q.2) = 2¢°d (q,24°),
a(q,z) = 2qa(q,2q),
b(q.2) = q'b(q.2q),
c(g,2) = °qc(g,29).

Exercise 4.9.7:  Obtain the counterparts of Theorem 4.9.2 for d (¢,7,2), b(q,7,2)
and ¢(q,7,2).
Exercise 4.9.8: Obtain the following identities as special cases of Theorem 4.9.3.

/

a(q,2) = alq’,2) +2qc(q ,2),
b(q.2) = alq’,z) — qc(q’,2).

4.9.2 Generalization of Hirschhorn-Garvan-Borwein identity

Theorem 4.9.4. (Bhargava (1995).)

42 (=g, —q* T 2)Cy (7,2)
61T (1 —¢*72)(1 —g>1=2) (1 —¢*")So(7)
3n 2,.52 6]3"_17:_2
1+6Z ( 3n 212 1_q3n172>

n=1

a(q,7,z) =

g 12 f(—qr 2, —PT)C (v 2)
61T (1 —¢g*t2) (1 —g*772)(1—¢*")So(7)
3n 2

-2 3n—1.2
T q T
1+6Z ( 311 ZT 2 1q311112)‘|

1t —z—2 "3 (1—q")°
3 { So(7) LII (—¢")
(1-¢g"t ') (1—¢"tz ")
(1_ 3n12)

+

= (1—

XH q"7z)
n=1
1—q't'z7h)
O
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where,
2 1
/ wD(t,z)+D ’L'*l, 392
Cl(r,z)=[ (1,2)+D(1",27)|tiq
w+1
with
(-~ T3+ 01 3) 1 i
D(t1,z) = - (z4z7 —T30 -1 30)
(—o~ '+ o)
Xﬁ(l—q%fﬁ(l—q"m%)(l g0t 3)
n=1 (l_qn) n=1 (1+61 +q2n)
1
= (1—q"ot737)
XH 2
a1 (1+4q"+4¢*")
x(1—q"o® ’L’3Z)(lfq ot 3z Y1 -q"0*t3z7h)
and
-1 oo 3n .2 3n
- T+7T 1 qg"T gt
So — — .
B U ),;<1—q3"12 [—gng2 >

Proof: Proof is similar to that of Part (v) of Exercise 4.8.2 but more elaborate due
to the presence of extra variable 7. We therefore only sketch the proof by indicating
the steps involved.

Step (1). Show that

3
glag,7,2) =a 1% 2g(a,7,2),

where

1 1 1 1
g(a,7,2) = flatzq?,a 't 'z 'q2) flatz'q2,a "t '2q7)

xflag?,a"'q?)
Step (2). Show that

(a’L‘z COTZZ(13”2"3”

n=—oo

+C1 Z a3n 3n +2n)/2

n=-—oo

+C1 7 —1 Z a3n 2n (3n? —2n)/2'

Step (3). Put each summation in Step (2) in product form.
Step (4). Now, it is easy to see,

2 2 2
_ m-+n-+ 2 m+n_m—n
a(g,t.2)= Y. 4 P2gming
m+n+p=0
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equals the coefficient of a” in

= n12 =) n2 oo 2
( Z ameZ}nqz) ( Z anrnznqz> ( Z apqu)
m=-—oo n=-—oo p=—o°

equals the coefficient of a” in g(g, 7,z) which is equal to Cy(7,z). Now, Similarly,
a(q,tq,z) = Coefficient of a° in ag(aq% ,T,2)
1
= q_fcl(T_l,Z).

Step (5). We have thus proved (after replacing a by a%gq% and then multiplying by
3.2
aT),

a312f(a2’5%zq,a’2’c*%zfl)f(az‘t%zflq,afz‘c*%z)f(azf%q,a*ZT*%)
=a(q,7,2)a° T2 f(a®t* ¢ ,a ™)

6.4 2

+a(g,qv,2) T3 af (@t g a 01 4g)

4
+a(g,qt " ,2)t 30 f(a®ttq.a 0t ).

2
2 3

Step (6). Set aj = —iwt~3 and a» = i@>T"
Substitute a = a;, j = 1,2 in the identity of Step (5) to obtain two linear simul-

taneous equations in a(q,7q,z) and a(q,tq~',z). Eliminating a(q,tq"!,z), we get

a(q,7q,z) = Cy(t,z) where C(7,z) is as in the statement of the theorem.

Step (7). Now seta = ap = if’%. We have from the identity in Step (5),

2 I, S
— — 1 - . a“t3qg,a “T 3
a? f(—tz g, — v '2) f(—129, -7 'z l)alggof( aq_’ao )

=3ayealq,7,2) (=7 2,7 °)

[ 1 d
X _1 + gaod—ao logf(a_61_4,a6‘c4q3)}

+alg,1q,2)t 2 f(—°¢%, —1 %)

6.4 2 6

[ d
X |14+ap—1og f(a®t"q",a” ’L’4q):|
L dao

—a(q,77'q.2)ay TP f(—1 2%, —Tq)

[ d
x |1 —ag— logf(a6r4q,a6’t4q2)} .
| dag

This yields the expression for a(qg, T,z) stated in the theorem.

Exercise 4.9.9: Letting 7—1 in Theorem 4.9.4, deduce Hirschhorn-Garvan-Borwein
representations for a(g, 7) and ¢(q,z).

Exercise 4.9.10: Complete the proof of each step in Theorem 4.9.4 following the
directions therein.
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4.9.3 Laurent’s expansions for two-parameter cubic theta

Junctions

Theorem 4.9.5. (Bhargava and Fathima (2004).)
(i) alg,7t.2) = (@7, ¢t ) f(g2*,qz7%)
+qtzf(¢°7*, T ) f(g*2 .2 P,

(i)  b(g.7.2) = flgro,qt ' 0?) f(@t ' P177?)

1

+ 0%qzf(Pto, 7 '0?) f(¢°T 12, 1272),

(i) e(q,72) =45 f(@T2q7 ) f (g q272)
+ a3 e f (g 2T ) (PR D)
(iv)  d(q.7.2) = flgr.qt ) f(@T ', qg1277)

+qzf (T, v ) f(t ' R,

Proof: We have,

=

. 2 2 _
(1) a(q’ T,Z) — Z qn “+nm-+m ,L.nerZn m

m,n=-—oo
equals the sum of terms with even powers z2*4 sum of terms with odd powers %1,
which is

=

Y PO 2mk) 2 4 e i PR3 )k

m,k=oo m,k=—oo

o 32 o v 22k O 343 on N Kk 2k
Y " Y gtz ) g U W A

n=—0o0 k=—o0 n=-—oo k=—o0

= (@@t ) f(q2?, qz7%) +qraf (¢, T72) f(g* 2,2 2).

(11) b(q, T, Z) —_ Z a)mfnqm2+mn+n2 ,L.mzn

m,n=—oo

equals the part with even powers of z+ part with odd powers of z, which is
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_ i wk+m13k2+(k+m)2Tk+m(z2,r—1)k
k,m=—oco

o , L
+qz0? Z "tk q3k2+3k+(m+k) ( q,c)erk (Zz 771)

k,m=—oc0

k
_ Z a)nq3k2+n2 (2t

nk=—oo

> 2 2 1k
+qz0” Y, ¢" (t0q)"¢F (F7T)

n,k=—oo

= f(qwt,q0*t ") f(g’t!

2,41
+qz0* f(¢* 10,7 ' @*) f(¢°2*T71,2727), as desired.
(iii) We have ¢(q,71,2) = q%a(q, q7,z). Using this in Part (i) we have the required
result.
(iv) We have,

d(¢,7,2) = b(g, 70, z0).
Using this in Part (ii), we have the required result.

Exercise 4.9.11: Putting 7 = 1 in Theorem 4.9.5, obtain the corresponding results
[COOPCI’ (2003)) for a(QaZ)7b(CI’Z)7C(qaZ) and a (q7Z)-

Exercise 4.9.12: Combining Part (i) of Theorem 4.9.5 with Theorem 4.9.1, get
alternative representation for a (¢,7,z),b(q,7,z) and c(q, 7,z).

Exercise 4.9.13: (Bhargava (1995).) Show that

a(q,7,2) = flgrz gt ') f(@1 ¢’ ')
+qtzf (e Lt ) f(gPtd, o).

[Hint : Write a(q,7,z) = So+ S1, j = 2m+r, where

2.12.32 il 4
5, = X R (o W )],

Exercise 4.9.14: Write the counterparts of Exercise 4.9.13 for b(q,7,z),c(q,7,2)
andd (¢,7,2).
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Theorem 4.9.6. (Bhargava and Fathima (2003).)

o 1 24302 x
a(672m’el¢’ele) = ——exp |:_ <¢+):| a(67%1 ,e%e%).
V3

(Y73

Proof: If, as before,

fla,b) = i gt D/2pn(n=1)/2.

n=—oo

We need the following transform [Entry 20, Chapter 16, Adiga et al (1985),
Ramanujan (1957)],

\/af(e—a2+nave—(x2—na) _ en2/4\/Ef(e—ﬁz—&-inﬁ’e—ﬁz—inﬁ)

provided o8 = 7 and R(a?) > 0. In particular, we need

I 1 62 _zi6 10
fle m—HB’e it ze)zﬁexp <_47U> flem T e7 1),

and

. . 2 t 0 62 P2 n—
PO o0 \ﬂ exp (7; N m) fe e,

We also need the addition results [Entries 30(ii) and 30(iii), Chapter 16, Adiga et al
(1985)]

fla.b)+ f(~a,~b) = 2f (a’b,ab’)
and b
f(a,b) — f(—a,—b) = 2af ( “a“b“) .
ab
We have from Exercise 4.9.13 and repeated use of the above transforms for f(a,b),
a(e 2™ i i) = (e 2mHi(9—0) o~2m—i(9—0))
Xf(e—6nr+i(q>+36) e—671:t—i(¢+30))
+672m+i(¢+6)f(ef47rt+i(¢76)’efi(¢79))

xf(671271:t+i(¢+36)7efi(¢+39))

1 ¢2+392>} '
=—exp|—|— || (af+a
e |- (e )| (s ap)
where
o — (e_ 7r+£—9 o ﬂ—g+9> ,
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’ n+¢—6 _m—¢+6

o = f(—e_ T —e 21 )7
ﬁ/ _ f(—e_ 7r+¢6t+39 ’ _en—d())’—w )

This becomes, on using the addition theorems for f(a,b) quoted above and the trivial
identity

2ap+a'p) = (a+a)(B+p)+(a—a)(B-B),

Com b i 1 ¢* 4362

2 Lig L0y _ L _

ale™ ™ e e'") t\/gexp[ ( - ﬂ

« [f (ef 27:—[9+¢ o 2n+[6—¢ ) f (ef 27r+33[9+¢ o 271:—;6—(1: )
Lo zn;rrzo f (ed’?ie o 4n—t9+¢ ) f (ew o 47{+£+39 ):|
1 [ (¢2+3e2>}
3 6mt

x[fl@t2. @t 27 flgrz ' qr 1)

+qrzf(¢°12 7 ) fl@Pe T )]

0+0

. 2 30-¢ . . . . .
with ¢ = e ,T=e¢ 2 ,z=-e¢ & . This reduces to the required identity on using
Exercise 4.9.13 once again, the trivial identity a(q,7,z) = a(q,7',z"') and the
easily verified identity

a(g,Xy,xy"") = a(q,y’,x*).
Exercise 4.9.15:  Work out all the details in the proof of Theorem 4.9.6.
Exercise 4.9.16: Prove the mixed transformations
o 1 24392

;[ 2 20 30+9
Xa e 3t7e317e 3t s

6 i 1 2 ¢6+367
Xa (e’%,e%,eztd)) ,
6 i 1 2 ¢6+67
(i) ple e e%) = —exp { <¢§m+) " i]

_am 0 200
Xcle St’e2t’e 61 s
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. 2 2
W e e, = Lo [-(EED)]
3049

_2t 20 3649
Xb(e 3 e3 e .

[Hint: Use Theorem 4.9.1 on Theorem 4.9.6].

Exercise 4.9.17: Obtain Cooper (2003) modular transformations by putting ¢ = 0
in Theorem 4.9.6 and Exercise 4.9.16.
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Chapter 5
Lie Group and Special Functions

[This chapter is based on the lectures of Dr. H.L. Manocha of Indian Institute of Technology
(117T), Delhi, India, on Lie Group and Dr. K, S. S. Nambooripad and Dr. E. Krishnan on general

group theory.]

5.1 General Introduction to Group Theory

Definition 5.1.1. Let S be a nonempty set. By a law of composition of S, we mean
a rule for combining pairs a,b of elements of S to get another element say P of S.
That is, law of composition is a map from

SxS— S
(a,b) — p. (5.1.1)

Example 5.1.1.
1. Addition is a law of composition on Z*.
2. Matrix multiplication is a law of composition on the set S of n x n matrices.

Definition 5.1.2. A group is a nonempty set G together with a law of composition
satisfying the following axioms:

i. (ab)c=a(bc), forall a,b,c € G (associativity)
ii. There exists an element e € G such that ae = a = ea, for all a € G (existence of
identity)
iii. For each a € G there exists an element b € G such that ab = e = ba (existence
of inverse).

Definition 5.1.3. An Abelian group is a group whose law of composition is com-
mutative.

211
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Example 5.1.2.
1. Z, the set of integers is an Abelian group with respect to addition.

2. Let X be any nonempty set and let G(X) denote the set of all one-one maps
from X onto X. G(X) is a group with respect to composition of functions.

Definition 5.1.4. A permutation on n-symbols is a one-one mapping of the set
I, =1,2,...,nonto itself.

Definition 5.1.5. The group of permutations of the set 1,2,...,n of integers from
1 to n is called the symmetric group and is denoted by S,,.

S, contains n! elements. The symmetric group S3 contains six elements and it is
the smallest non-Abelian group.

S3=1{po,p1,p2, Ui, 2, U3}

(123 (123 (123
pO— 123 7p1_ 231 7p2_ 312 bl
(123 (123 (123
Hi=1132)"={321)M=\213)

Definition 5.1.6. A non-empty subset H of a group G is said to be a subgroup of
G if it has the following properties:
i. Closure : Ifa€ H,and b € H, thenab € H
ii. Identity:e€ H
ji. Inverse:Ifac Hthena ' € H.

where

Example 5.1.3.
1. The set T of 2 x 2 nonsingular matrices over R is a subgroup of the general
linear group GL;(R).
2. 83 ={po,p1,p2, 1, 2, u3}. Then H = {po, p1,p2} is a subgroup of S.

Definition 5.1.7. Let G be a group and a € G. Then the subgroup H = {d"|n € Z}
is called the cyclic subgroup of G generated by a. A group G is called a cyclic group
if for some a € G,G = {a"|n € Z}. This a is called the generator of G and the group
G =< a > is cyclic.

Example 5.1.4.

1. (Z,+) is a cyclic group, 1 and —1 are generators.

2. G={1,—1,i,—i} is a cyclic group.
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5.1.1 Isomorphisms

Let G and G’ be two groups. The groups are said to be isomorphic if all properties
of the group structure of G hold for G’ as well, and conversely.

Definition 5.1.8. Let G and G’ be groups. A homomorphism f : G — G’ is any
map satisfying the rule

flab) = f(a)f(b)

for all a,b € G. In addition to this, if f is bijective then f is an isomorphism from G
onto G’ and the two groups are said to be isomorphic.

Example 5.1.5.

1. R under addition is isomorphic to R under multiplication f : R — R™ defined
by f(x) =e".

2. The infinite cyclic group C = {...,a 2,a”!,1,a,a?,...} is isomorphic to the
group of integers f : C — Z defined by f(a") = n is an isomorphism.

Definition 5.1.9. Let G and G’ be groups and f : G — G’ be a homomorphism.
The kernel of f denoted by Ker f is defined as

Kerf={a:a€Gand f(a)=¢}.

Let GL(n,F) ={A:A=(a;j), 1 <i, j<n, a;j € Fand |A|#0}and R* = {r e
R:r#0}.

Example 5.1.6. The determinant function det : GL(n,R) — R* is a homomor-
phism.

Kerdet = {A:A = (ajj),a;j€R,1 <i,j<nanddetA =1}
= SL(n,R).

SL(n,R) is called the special linear group.
Note 5.1.1: Ker f is a subgroup of G.

Note 5.1.2: SL(n,R) is a subgroup of GL(n,R).

5.1.2 Symmetry groups

Definition 5.1.10. A map m : P — P from the plane P to itself is called a rigid
motion or an isometry if it is distance preserving. That is for any p,q € P, d(p,q) =

d(m(p),m(q))-
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Every isometry is a one-one onto mapping of a plane onto itself. The set of all
isometries M form a group under composition of functions. Symmetry is some type
of transformation in which the original figure gets reflected through itself. A group
of symmetries of a plane figure is possible only if an isometry is possible.

5.1.3 Isometries of the Euclidean plane

Let us identify the plane with the space R* of column vectors, by choosing a co-
ordinate system.

(a) Translation: A translation of the plane is a transformation that moves each
point a fixed distance in a fixed direction. The translation 7, by a vector a moves a

point x to x4 a. That is,
_ (x1+a
fa(x) = (xz +a> '

(b) Rotation: A rotation p(pg) is a transformation that rotates the plane about the
point P counterclockwise through the angle 6, 0 < 6 < 27.
Rotating the plane by an angle 0 about the origin is denoted by pg

= [cos@ —sin 9} m |

sin@® cosH X2

Clearly, t,t, = t,1p.

In R3, the matrix representing a rotation through the angle 8 about the vector e; is

1 0 0
A= [0cosO —sinb
0 sinf cosO

A is an orthonormal matrix.

Note 5.1.3: The orthogonal n x n matrices O(n) form a subgroup of GL(n,R).
The orthogonal matrices having determinant 41 form a subgroup called the special
orthogonal group and is denoted by SO(n).

SO(n) = {A € GL(n,R)| AA =1, detA = 1}.

(c) Reflection: A reflection in the plane is a function u that carries each point of
a fixed line / into itself and every point not on the line into the mirror image point
straight across / and the same distance from /. Reflection r about the x;-axis:

w=[s 5] ] = [%)

(d) Glide reflection: Glide reflection is obtained by reflecting about a line / and
then translating by a nonzero vector a parallel to /.
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Note 5.1.4: Translation and rotation are orientation-preserving motions while re-
flection and glide reflection are orientation-reversing motions.

Note 5.1.5: A translation does not leave any point fixed. A rotation fixes exactly
one point, that is, centre of rotation. Reflection fixes the point on the line of reflec-
tion. A glide has no fixed point.

Theorem 5.1.1. Any rigid motion of the plane is a consequence of translation, a
rotation, a reflection and glide reflection.

The group S3 given in Definition 5.1.5 has a geometric interpretation. Consider an
equilateral triangle with vertices 1, 2, 3 and consider the following transformations
of the triangle to itself.

(a) The three rotations about the centre through 0°, 120° and 240° (counter-
clockwise). These correspond to the permutations

(123 (123 (123
Pe=\123)P1=\231)P=\312)

e three reflections alon e three bisectors. These correspond to the
b) The th flect long the three bisect Th pond to th
permutations

(123 (123 (123
=11 32)H=(321)8=\213)

Note 5.1.6: S; is also called the group D3 of symmetries of an equilateral triangle.

Note 5.1.7: The n-th dihedral group D, is the group of symmetries of the regular
n-gon. D, contains 2n elements.

5.1.4 Finite groups of motion

Theorem 5.1.2. (A fixed point theorem)  Let G be a finite subgroup of the group
of motions M. There is a point p in the plane which is left fixed by every element of
G. That is, there is a point p such that g(p) = p for all g € G.

Let s be any point in the plane and let S = {s" : s = g(s) for some g € G}. S is
called the orbit of s. Let

S={s],sh,....s}
then 1
p=_(sits+ts)

is the fixed point.
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Theorem 5.1.3. Let G be a finite subgroup of the group O of rigid motions which
fix the origin. Then G is the cyclic group of order n generated by the rotation py

where 6 = 27”, or G is the dihedral group D,, of order 2n generated by the rotation
Po where 6 = 27” and a reflection v’ about a line through the origin.

Note 5.1.8: Let pg (6 = 2£) =xand // = y. Then

n
D,={xy:xX"=y*=1landyx=x"ly}
={xy/|0<i<n0<j<2}.

5.1.5 Discrete groups of motions

In this section we will discuss the symmetry groups of unbounded figures such
as wall paper patterns. Such patterns do not admit arbitrarily small translations or
rotations.

Definition 5.1.11. A subgroup G of the group of motions M is called discrete if
it does not contain arbitrarily small translations or rotations. That is, a subgroup
G C M is discrete if there is some real number € > 0 such that for any translation
ta € G, |a| > € and for any pg € G (0 #0), |0] > €.

Definition 5.1.12. Let G be a discrete group. The translation group of G denoted
by Lg is defined as
Lg={acR?|t, € G}.

Note 5.1.9: L is a subgroup of G.

Note 5.1.10: L contains no vector of length < €, except for the null vector.

Proposition 5.1.1 Every discrete subgroup L of R” has one of these forms

(a) L={0}

(b) L is generated as an additive group by one non-null vector a.
L={ma|meZ}.
(c) L is generated by two linearly independent vectors a, b
L={ma+nb|m,ne€Z}.

Discrete groups of type (c) are called plane lattices and the generating set (a,b) is
called a lattice basis.

Note 5.1.11: If L is a lattice then G is called a two dimensional crystallographic
group or a lattice group. These groups are the groups of symmetries of wall paper
patterns and of two-dimensional crystals.
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5.2 Lie Group and Special Functions

Definition 5.2.1. Let F be a field. A vector space V over F is a nonempty set V
satisfying the following conditions:

(i) (V,+)is an Abelian group
(il ae F,yveV=aveV
(i) (a+pB)v=av+pv

(iv) a(v+w)=ov+aw

(v) a(Bv) = (aB)v

(vi) Tv=m,
where vyw eV and o, 3,1 € F.
Proposition 5.2.1 Let V be a vector space (v.s) over F. Then
(i) ov=0
(i) a0O=0
(i) (=1)v=—v

where o,0 € F and v,O € V.
Example 5.2.1. Let F be a field and

F = {(x1,x2,...,%,) : i € F}.
F™ is a vector space over F of dimension n having a basis

B=1{(1,0,...,0),...,(0,0,....1)}.

Note 5.2.1:
dim(R,R) = 1;
dim(C,C) = 1;
dim(C,R) = 2.

Example 5.2.2. The set of all polynomials in x having their coefficients in F.
That is,

Flx|={ao+aix+---+a,x" : a1,az,...,a, € F, andn € N}
is an infinite dimensional vector space over F having a basis B = {1,x,x*,...}.

Example 5.2.3. The set of all polynomials in x of degree less than n having co-
efficients in F,

Vo=Aao+a1x+--+anx",0<m<n-1,aq,...,ay €F}

is an n-dimensional vector space over F.
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5.2.1 Subspace of a vector space

Definition 5.2.2. Let V be a vector space over F. A nonempty subset W of V is
said to be a subspace of Vif a,f € Fandvyw e W = av+ Bw e W.

Example 5.2.4.

1. V, is a subspace of F|[x].
2. F is a subspace of F[x].
3. Subspaces of R?

(a) {0}
(b) Any line passing through the origin, that is,

L={(x,mx) : x€R}

is a subspace of R>.
4. Subspaces of R3

(a) {0}
(b) Any line passing through the origin.
(c) Any plane passing through the origin.

Definition 5.2.3. Let U and V be vector spaces over F. A homomorphism T of U
into V is a mapping 7 : U — V such that
T(ou+pv)=aT(u)+BT(v), forall a,f € F and u,v € V.
If T is bijective then 7 is called an isomorphism of U onto V.
Example 5.2.5. V, and F") are isomorphic. Define T : V,, — F") by
T(ogx+--- +Ot,,,1x"_1) =(a1,00,...,0,_1).
Then 7T is an isomorphism of V,, onto F".

Note 5.2.2: Two finite dimensional vector spaces over the same field F' having
the same dimension are always isomorphic.

Theorem 5.2.1. Let U and V be vector spaces over the same field F and let T :
U — 'V be an isomorphism of U onto V. Then T maps a basis of U onto a basis of V.

Note 5.2.3: The set of all homomorphisms of U into V written as Homp (U,V) is
a vector space of dimension mn.

Definition 5.2.4. Let F be a field. An associative algebra A over F is a vector space
over F such that

(a) A is an associative ring
(b) a(uv) = (au)v=u(av), a € F and u,v € A.
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Example 5.2.6.

(1) F[x] is an associative algebra over F.

(2) F;, the set of all n x n matrices having their entries in F is an n> dimensional
associative algebra over F.

(8) Homg(V,V) is an n? dimensional associative algebra over F.

5.3 Lie Algebra

Definition 5.3.1. Let F be a field. A Lie algebra G over F is a vector space over F
equipped with an operation
[L,]:GxG—G

having the following properties:

(a) [)C7y] = _L%x]

(0) [ox+ By, = alx,z] +By.7]

© [yl 2] + [zl Al +[[z4],5] = O

where x,y,z€ Gand a,f € F.

Note 5.3.1: Property a) is referred to as antisymmetry, properties a) and b) to-
gether are called bilinear property and c) is termed as Jacobi identity.

Note 5.3.2: [, ]is called a commutator or a bracket or a Lie product.

Example 5.3.1.
(1) R3 is a Lie algebra over R. For, R? is a 3-dimensional vector space over R, let
%= (x1,x2,x3) and y = (y1,y2,y3) € R*. Define [,] : R* x R — R by
%3] =xxy
= (X2¥3 —X3Y2,X3)1 — X1¥3,X1y2 — X2)1)-
Clearly [, ] satisfies all the properties a),b) and c). Therefore R? is a Lie algebra.

(2) Arp(V) =Hompg(V,V) is a Lie algebra over F.
Hompg (V, V) is a vector space, for, let 71,75 € Ap(V). Define [, | :

AF(V) X AF(V) HAF(V)

by
[, 1) =TT, —LT.

Then, (Ap(V),][,]) is a Lie algebra.
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(8) F,=A{(aij) 1 ajj € Fand 1 <i,j<n}isaLie algebra.
F,, is an n-dimensional vector space over F. For X,Y € F), define [X, Y] =XY —
YX. (Fy,[,]) is a Lie algebra. This Lie algebra is usually denoted by gl(n, F) and
is called general Lie algebra.

(4) Special Lie algebra (sl(n, F)).
sl(n,F) ={A = (a;;) : 1 <i,j<nand trace of A= 0} is an n> — 1 dimensional
Lie algebra.

For n =2, s1(2,F) is a 3-dimensional Lie algebra having a basis

B={J%J".J}

Bl [0d

1
2

where

[« STl

T = [
Also
7,7 =99 -gt7°

oAl ol
:o—% 00| [00][0-1
-]
0 00
~Jo-1
00
=J%

Similarly, [7 7,7 ]=27"and [7°,T ] =-J .

Proposition 5.3.1 Let B=1{J;,J,...} be a basis of a vector space G. Then G
is a Lie algebra if each commutator [J;,J}| is a linear combination of the vectors in
the basis B.
0 —X1 0
Q.1 Prove that e(2) = x1 0 0] :xy,x,x3€C » is a 3-dimensional com-
X2 X3 0
plex Lie algebra.

Clearly, e(2) is a vector space. Consider the elements

0 —10 000 000
M=1|1 0 ol,p=]000|,R,=]000
00 0 100 010

M, Py, P, are linearly independent of e(2). Let

0 —X1 0
A=|x; 0 0] €e(2).
x x3 0
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Clearly, A = x; M + x, P, + x3 P, where x1, x5, x3 € C. Therefore {M, P, P,} is a
basis of e(2).

[M,P|] = MP, —P,M = P;.

[M,P,) = MP,— PyM = —Py.

[Pl,Pz} =PPB—-—PP =0.

Hence O € V,0 is a linear combination of the basis elements. By Proposition 5.3.1,
it follows that e(2) is a Lie algebra.

Q.2 Prove that the differential operators

d
1= —utz—
u—!—zdZ
W= 2uz+7—
and
d
J_— -
dz

generate a 3-dimensional Lie algebra.

J°,JT, I~ are linearly independent. For, aJ° + BIT + 9y~ =0

:>(x<u+z>+[3( 2uz+z j>+7< ci)

d
= —uo—2uPz+ (az+ B> — }/)d—z =
= J°,J*, ] are linearly independent.

Therefore B={J°,J*,J~} is a basis of a 3-dimensional vector space spanned by B.

10,371/ (@) = 7T =TT 1°) f(2)

= (u+z:z> < 2uzf+z2 df) - <2uz+12 (i) X (uerz(CllJ;)

=2u2Zf—uz2g—2u (ng)+ 33{+22d§ 2u*zf
+2u2df+ 2 Cz z g_zzg

= —2uz (Z((il]; +f>+2uz2‘z+2zz‘g_zz(z

:—2uzf+22d];

= (—2uz+z2d) f-
dz
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Therefore
°. 07 () =T f(z) Vf(2)
= [1°,7] =TT
Similarly, [J°,J7] = —J~ and [J*,J~] = 2J°. By Proposition 5.3.1, {J®,J* J~} gen-

erate a Lie algebra.
Q.3 Prove that the operators {%, a%, y% — xa%} generate a Lie algebra.
bt 2 2 o 0

= aix, P 2= = = X .

Py, P>, M are linearly independent elements. Therefore B = {P;, P>, M} is a basis of
a 3-dimensional vector space spanned by B.

Py

[P1,Pa)f(x,y) = (PLP, = P2 P1) f(x,y)
d d 9 d
= (ébcz?y_8y8x>f(x’y)

B d [(df d [(df
-5(5)-5(%)
_ Py
T Oxdy dyox
=0.
= [P, P2]f(x,y) = Of (x,y)
= [Pl PQ} =0.

Similarly

[M, Pl] ZPZ and [1\47 Pz} = —Pl.

By Proposition 5.3.1, the given operators generate a 3-dimensional Lie algebra.

5.4 Representations of Lie Algebra

Definition 5.4.1. Let G and G’ be two Lie algebras over F. A homomorphism T
of G into G’ is a mapping T : G — G’ satisfying the following conditions:

(i) T(ax+By) = aT(x)+BT(y)

(i) T,y =[T(x), T(y)],x,yeGand &, € F.

If T is one-one then the homomorphism is called isomorphism. If 7' is an isomor-
phism of G onto G’ then we say G and G’ are isomorphic.
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Theorem 5.4.1. Let T be a vector space isomorphism of a Lie algebra G onto a
Lie algebra G', both over a field F. Let {1, j, ...} be a basis of G and T (j;) = J;.
Then G' as Lie algebra is an isomorphic image of G if T[ji, j;) = [T (ji), T (j;)]-

Q.4 Show that the Lie algebra sl(2,C) and the Lie algebra generated by
{J°,J,J} are isomorphic.

We know that sl(2,C) is a Lie algebra having basis {;j°, j*, j~}. Let G be the
Lie algebra spanned by {J°, J©,J }. dimsl(2,C) = dim G. Therefore, as vector
spaces, they are isomorphic.

Let T : s1(2,C) — G be the isomorphism. Therefore,

T =3, T =JTG)=J".
Also we have

3o, I =5 [1°, 1 ]=-J and [J",J 7] =2J".

T, T =T =3 =3°,3=[T(j°), T(j")]

Similarly,
Tt =TT
Therefore, by Theorem 5.4.1,
s1(2,C) ¢ G.

Q.5 Prove that the Lie algebra e(2) is isomorphic to the matrix Lie algebra gener-
ated by {M, Pi, P,} where P| = -, P, = %,M =y —xaiy.

Solution: e(2) is the Lie algebra generated by {M, P;, P,} where

0-10 000 000
M=1|1 0 o|,A=|000|,P=1000].
00 0 100 010

Also,
[M,PI]ZPZ, [M7P2] :—Pl and [P17P2] = 0.

Let G be the Lie algebra generated by {M, Py, P,}. ¢(2) and G are finite dimensional
vector spaces of the same dimension. Therefore they are isomorphic. Let T : ¢(2) —
G be the isomorphism.

T(M)=M,T(P) =P, T(P) =P

TIM,P|=T(P,) =Pr=[M,P]=[T(M), T(P)].
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Similarly,
TM, ] =[T(M),T(P,)] and T[P\, P,] = [T(P1), T(P2)].

By Theorem 5.4.1,

Definition 5.4.2. Let V be a vector space over F and G be a matrix Lie algebra
over F. A representation of G on V is a homomorphism p of G into £(V). That is,

p:G— L(V)
such that

(i) p(ox+By)=ap(x)+pp(y)
(i) plx,y] = [p(x), p(y)]
where o, B € F and x,y € G.

Theorem 5.4.2. Let V be a vector space over F and let J1, J,,... be operators
in L(V) spanning a Lie algebra G'. If G’ is an isomorphic image of a matrix Lie
algebra G then the isomorphism p : G — G’ provides a representation of G on the
representation space V.

Q.6  Obtain arepresentation of s1(2,C) on V4| where V5,1 is the complex vector
space having a basis B= {1,z,...,2} , u € N.

sl(2,C) is a Lie algebra having a basis {j°, j©, j~}. Consider the operators
J°, J*, J~ defined by

d

d d
Jo=— — Jt=-2 2 andJ = ——.
u+zdz’ etz dz an dz

We shall show that these operators are linear transformations from V5,41 to Vo, 1.
B={1,z,...,2"} is a basis of Va4 .

FE) = <M+Z§Z) &)
= —uf* + k!
= —utf + k"
= (—u+k)Z € Vo
I = <—2uz+z2§Z> %)
= —2uf 4 k!

= (—2u+k) T € V.
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Also,
_ —d( _
J (5= () = —kZF ' e Vauyt.
dz
Therefore, J°, JT, J~ are linear transformations from V5, | — V5, 1. Hence, J°, J©,

J~ € £ (Va,11). Therefore {J°, J*,J} spans a Lie algebra which is a subalgebra
of L(Va,+1). Define

p:sI(2,C) — L(Vausr)
by
p(j°)=J,p(i") =" p(j)=T"
pli% i I =p() =" =I3"T=p0("), P

Similarly,

pli% i 1=1pj°, pj land p[j*, j 1=[p(j "), p(j7).

Hence, p is a representation of s1(2, C) onto Va,41.

Exercises 5.4.

5.4.1. Let V be an infinite dimensional vector space having a basis {l,z,zz,...,

Z",...}, and U € C such that 2u is not a non-negative integer. Prove that the op-
erators

d d d
P = —Jt=22 2 and] = ——
u+zdz, uz+z & an &

span an infinite dimensional representation of s1(2,C) on V.
5.4.2. Prove that the set of all matrices
X2 X4 X3

0
0
0 X1, X2,%3, x4 €C
0

co&

X1
00
00

is a 4-dimensional Lie algebra having a basis

0000 0100
g (0010 10000
0000/ 0000[
0000 0000
0001 0010
. o100l ., 0000
€=10000["=]0000|
0000 0000
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satisfying

g g l=¢", (g gl=—-g . [g"g]=-¢,

]
[é»go] = [gag+]:[ 7g7 =0.

5.4.3. Prove that the set of all matrices

0 0 0 x3
0 —X3 0 X2
0 0 X3 X1
0 0 00

; X1, x2,x3,€C

is a 3-dimensional Lie algebra having a basis

0000 0000
. loooo| _ looo1
€ “looo1]’% “loooo0
0000 0000
0 0 01
. lo-100
=100 10
0 0 00
satisfying
[go7 g+] = g+v [go, gi] = _gia [g+7 gi] = O
5.4.4. Let

L9 1 . [a . 9
J —IE+§((X+1),J t{xax+tat+(l+ax) 5

d d
- -1
=t ——t= .
J (’“ Ix a;)
Prove that {J°, J*, J~} generate a 3-dimensional Lie algebra which is isomorphic

image of s1(2,C).

5.5 Special Functions

5.5.1 Gauss hypergeometric function

Consider a power series in z

Cotcrzt e+ A+ (5.5.1)



227

. . 11
where ¢; € C. For the convergence of the power series, we evaluate limy,_,.|c, |7 = R

We say that (5.5.1) is absolutely convergent if |z| < R and R is called the radius of
convergence. Let

5.5 Special Functions

co=1and L — (oc—i—x)(ﬁ—i—x)’ n=0,1,2,...
e (1+x)(y+x)

where a,3 € C and vy € C—{0,—1,-2,...}. With this the power series (5.5.1)
becomes

af  afa+1)B(B+1)Z | a(a+D(a+2)B(B+1)(B+2)7

1+71+ y(y+1) 21 ) +2) 3!+...
(@B (@B (@)s(B)s
- (v 1! N (), 2! T 1) 3! + (5.5.2)
v @a(B)n 2"
_1+n;1 (Y)n n!
_ v (@)a(B)n 2"
7;;) (7)71 n!

where

Series (5.5.2) is called Gauss hypergeometric series and is denoted by 2 F (@, B;7;z).
To find the radius of convergence let us write,

(@B
" (7)nn!
Untl _ (@)n1(B)nt1 (¥)nn!
Un (V1 + 1) (@)n(B)n
_(atm)(B+n)
(r+n)(n+1)
L | [ (B
Ty T (v 4+n) (n 1)
A
=limy,—e
(1+ D) (1+7)
=1.
Therefore
l:1,1?:1
R
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5.5.2 Differential equation satisfied by ,F;

Let 6 = Zdiz and w = zFl(O{7ﬁ;’)/;Z). Then ezn — Z%Zn) _ l’lZn.
Consider,

6(0+y—1)w=0(0+7y—-1) i (azz;gﬁ)ni"'
=0 n :

(@)u(B)n (Y +n—1)7"
(7))1 n!

n

I
s

3
Il
=}

013
5
=
=
b
oy

= (Ve (n=1)!
e SERAL
Therefore,
B(G‘L?"I)W:;)Wﬁl. (5.5.3)
Z(@-F(X)(G—Fﬁ)w:z(@_;'_a)ri)((Z?/rzlfﬁ')n( By
~: % B penz
T 6554

(5.5.3) and (5.5.4) give,

6(0+y—w—2(0+a)(0+B)w=0
= [0(0+7—1)—2(0+a)(0+pB)w=0

= {Z(zd+a>(zd+ﬁ>_zd(Zd_i_},_l)}W:O
dz dz dz \"dz

= Z<zd—|—a) (zw-i—ﬁw)—zd(Z(M_’_},w_W):O
dz dz dz \"dz
d

- Z{ZWjLszszrﬁ dW+06z+ocﬁW}
d dz? dz d
dw | Hd%w dw dw
_|:ZdZ+Z d72+’)/zdfz— dzil =0
2
= 2% 23(;7+Bz2%+a12%+aﬁwz
dw ,d%w dw dw
IR 7—Vzdfz+zd——0
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d d? d
= zz(a+B+1)—W+(z3—zz)—v2Vf}/szJr(xﬁwz:O
dz dz dz
dw d’w
2
1) —zy] — —1)— =
= [F(a+p+1)—zv] R 2(z )d2+aﬁwz
d*w dw
1—2)— +[y— 1)z — — =
=z Z)dzz +ly—(a+p+ )Z]dZ afw =0,

is the differential equation satisfied by w =, F}.

Q.7 Prove that

d o
d;bﬂ(%& v;2)] = YBZFl(a‘f‘laﬂ""hY‘f‘l;Z)-

Solution:

= Filo B0 =

I
ok
—~
R

~— /\\;_/ /\\_/

—
=
-
]
=
L

_ ¥ @ = (Bt 2

Y)n+1 n!

@"" (a+1),(B+1), 2"
Y n;) (y+ 1), n!
j

Q.8 Find the hypergeometric series corresponding to sinz and cosz.

Solution:
35 oo n_2n+1
7z (=1)"z
sing=z——+—+- —_
315! 20 Q2n+1)!
1)” 22n+1 oo 2)”
_Z 123 2n(2n+ Z V35 {(2n+1)

o (— Z2)n 7Z°°i
L () ()] A
(=)

Z
)
(3t

L

n

229
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Therefore,
sinz = z0F ( ;%; —i) )
2 &P
cosz = E+Z!_a+
U )
:n;) @) A ME)G) - 2n-1)2n
_y (=22)"
= (DEB)(S) - (2n—1)2"n!
_ i (_Zz)n
E (135 (D)
_2\"
s ()
_,;)@)n n
Therefore,
cosz = ol ( ; %; —i) .

ln(1+1)zzj+§...§)(—r1l)_:zl"H
oy 2t g (O
_Z'E)”!(”“)_anon!(nJrl)
B Zi)(l()l)(rgn (_n')n =2F (1, 1;2; —2).

5.5.3 Integral representation of ,F; <

qu(ah 0, ...,(Xp; ﬁl; ﬁz, ..
B L(B1)

~ T(a)T(B1 o)

X po1Fy—1 [062, s, ..

provided that integral exists.

0,00, ...,0p )

ﬁhﬁZ:“'?Bq ' 2

'aﬁq; Z)
/ltﬂthl(] _t)ﬁlfalfl
0
< Op; ﬁZa ﬁ3a "‘aﬁq; Z[} dt?
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Proof:

o, 0, n (Ot )n 7"

Consider

(a)n _T(ou+n) IT(B1)
(Bi),  T(a) T(Bi+n)
L(B) Tl +n)T(B1 —on)
() T(Br — o) T(B1 +n)
L(B)

= —F((xl)r(ﬁl — 061) B((X] +n, ﬂ] — (Xl)

_ I'(B1) 1a1 n—1p1 _ \Bi—a—1
= Fa )T~ 1)/0t el —r) dr.

Substituting in (5.5.5)

a0, ~ ) (02)n -~ (@)
rFq (ﬁl By ’Z> ;) (o) T(B — o) (/32)"“'([5:):1

/ otn— l ﬁl o — ]dt

_ (Bl) ! o — =0y —
*m/ﬁ e
% o (00)n - (0p)n (12)"
(2%<mn-~wan ! )“

_ F(ﬁl) locl—l _ A\Br—oay—1
= Rt e b

X p—qu—l(aza cees Op; ﬁ2a "'aﬁq; tZ)dt

5.6 Laguerre Polynomial L,(fx) (x)

Definition 5.6.1. Laguerre polynomial L (x) is defined as

(1+oc)

L (x) = 1Fi(-m1+a;x)neN

Note 5.6.1: L,(f‘) (x) is a polynomial of degree n.

The Laguerre function Lga) (x) is obtained by replacing —n by J. That is,

I(1+a-9)

T tor_g) 1o 1+

L (x) =
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5.6.1 Laguerre polynomial and Lie algebra

Consider the operator J°,J*,J~ defined by

o 0 1
d 0
+— _
J'= {3 +t8 +(1+o x)}
d 0
- 71 Y v
=t [x8x t&t}

J° [t"LS,"” (x)] — au" L (x),
J* { L )(x)} b, 1! L£l+)1( ),
3w = e 'L @),
where a,, by, ¢, are constants. It is easy to check that
eI =3t Py ==, pry=2r

Let V be a vector space having a basis {t”LE,a) (x),n=0,1,2,.. } .V is an infinite

dimensional vector space. Operators J°,J*,J~ € £(V) span a Lie algebra, say G’
which is an isomorphic image of sl(2,C). Hence, these operators provide a repre-
sentation of sl(2,C) on the representation space V.

Exercises 5.6.
5.6.1. Evaluate ;
/ (1427 (1 —x)7 dx.
J—1

5.6.2. Show that for 0 < k <n,

_ _l)k(a)n
(@t = T —m;
5.6.3. Prove that
dn
o [xo‘*]*”gFl(Oc, B:7; x)] = (Oc)nx‘x*]zFl(a—&—n, B; v x).

5.6.4. Obtain the results:
(i) In(14+x) =x2F (1, 1;2; —x),
(i) sin” 'x = x A (

1.3. )
125 335X57 )
(iii) tan~'x =x,F (3, 1; 3;

2.
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5.6.5. The complete elliptic integral of the first kind is

K- [
1—K2sin’t

1 11
K= - mF ;1 K
2”“(2 2’ )

5.6.6. Prove that w = ,F}, is a solution of the differential equation

Show that

p

ef[l<9+ﬁ,—1>—znl(e+a,> w=0.
j= j=

5.6.7.1f p < g+1,R(B1) > R(o) > 0 and none of By, B> ..., By is zero or a nega-
tive integer, and if |z| < 1, prove that

qu(ab 0, ..., 0p; ﬁ17ﬁ27 "'7ﬁ£]; Z)

_ F(Bl) 1051—1 A\ Bi—a—1
= F@r(s ey b "0

X pleqfl [062, 03, ..., 0 [32, B3, ...,ﬁq; Zl] dr.
If p < g, the condition |z| < 1 may be omitted (See section 5.5.3).
5.6.8. Prove that

F(y—a,y=Biviz) = (1-2)* P %R (a, By 2).

5.6.9. Let
1+
L}(I(X)(x) ( n' ) 1F1[1+a, ]
Using
9@ = L L@ ) — (@4 n)L® (x)]
dx x L n—1 ’
and
@ = [ema—n- DL@ @+ (n+ DL (& )]
dx n x L n n+1
prove that

J° >t”L,(1a>(x)} = ant”Lf,a) (%),

Jt [IHLEOC)(X)} b, tn+lLf1+)1( ),

I Y @] = e L (),

where ay, b,, ¢, are expressions in n independent of x and y, and {J°, J*,J "} are
operators defined in Exercise 5.1.4.
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5.6.10. Let V be a vector space having a basis {Lg,a)(x) n=1,2,3,.. } Prove

that the operators {J°, J*, J~ } of Exercise 5.1.4 provide a representation of sl(2,C)
onV.

5.7 Helmholtz Equation

Definition 5.7.1. The Helmholtz equation in two variables x and y is
(Orx+ Ay + W)W =0, w > 0. (5.7.1)

Let F be the complex vector space of all functions analytic in real x and y.

Note 5.7.1: A function f(x) where x is real, is said to be analytic in x if it is
expressible as a power series (or polynomial) in x.

Example 5.7.1.
1. sinx is analytic in x if x is real.
For,
R A .
sinx = x — 3 + 57 (power series).
But,
i
sin(vx) = Vx— 4+ =+
31 5!
is not analytic because it is not a power series.
2.
2 Xt
cosx = 172—!+4—!+~~
and ) .
X x* X

are both analytic functions.

Let F, be the solution space of (5.7.1) containing solutions analytic in x and y.
Fo is obviously a subspace of F. Writing

0= Orx + 8yy + WZ,
we conclude that Q : ' — F is a linear transformation having F, as its kernel.
kerQ={T € F:Q(T)=0}=F,].
Definition 5.7.2. A first order linear differential operator
L = X(an)ax+Y(an)ay +Z('x7y)a

where X, Y, Z € F is called a symmetry operator of (5.7.1) if the commutator of L
and Q, that is [L, Q] = R(x,y)Q for some R € F.
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Theorem 5.71. W c F, = L¥ ¢ F..

Proof:
[L,0] = RQ
= LQ— QL =RQ
= QL=LQ—RQ
= O(LY) = (QL)¥
= (LQ—RQ)¥
= L(Q¥) —R(QY)
= L(0O)—R(0), since ¥ is a solution of Q
=0.
So LY € F..

Theorem 5.7.2. The set of all symmetry operators of (5.7.1) is a Lie algebra, that
is, if L1 and Ly are symmetric operators then

(i) oL +BL,
is a symmetry operator
(i) [L1, L]
is a symmetry operator.

Proof: Let G be the set of all symmetry operators of (5.7.1) and let Ly, L, € G.
[L1, Q] = RiQ and [L,, Q] = R,Q for some R}, R, € F. Consider,

[aLy,+BLs, Q) = at[L1, 0] + B[L2, Q]
= a(R10)+B(R0)
= (aR + BR2)Q
=R30

where
Ry =0aR;+BR, €F.
= al +BL, €G.

Hence (i). We can write,
Ly =X10c+Y10,+7Z

and

Ly =X,0,+ Y28y + 7.
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It is easy to check that

[LiLy — LrLy, Q) = [(Li +Z2)Ry — (Ly +Z1 )R] Q.

Therefore
Lil,—I»L € G= [L],Lz] €qG.

Hence (ii) and hence the theorem.
Since L is a symmetry operator, we have

LO—QOL=RQ (5.7.2)
L=Xd.+Yd,+Z

and
Q =0y + dyy + W
(5.7.2) gives,
(X Oy +Y 9y + Z][Oux + Ay + W f — [Onx + Oy +W?][X O, + YO, +Z]f
= R(Oxx+ 9y + W) . (5.7.3)
Left-side of (5.7.3) gives

(X Ocenf + X Ouyy f+XW2Oif +Y Dy f +Y Dy f + WY Oy f + ZOrf + ZOyy f + Zw? f]
- [Xxxaxf + 2anxx + Xamf + Yxxayf + 2Yxaxy + Yaxxyf =+ Zxxf + zzxaxxf
+Z0xof + XyyOuf +2Xy 0y f + X Oy f + Y30 f +2Y,0y, f +Y Oy f
+Zyyf +2Z,0yf + Z0yy f + W X0 f + WY, f +wZ] f
= [-2X, 0 — 2(X, + Y1) Ory — 2V, 0y — (Xox + Xy +27,) 0y — (Yar + Y3y +22,)0,
_(Zxx +Zyy)] f
From (5.7.3),

2X,Ory + 2(Xy + i) Ory + 2y 0y + (X + Xyy + 2Z,) 0,
+ (Yax + Yoy +22,)0) + (Zex + Zyy) = —R(rx + Oy +w?).

= (a) 2X, =—R=2Y,
X, +Y,=0=X,=—Y, (5.7.4)
(b)) Xu+Xy+22,=0,Y+Y,,+2Z,=0, (5.7.5)
(c) Zx +Zyy = —Rw?. (5.7.6)
From (a)
Xux + Xy = 0.

YX)C_‘_}/}’_)’ == 0. (5.7.7)
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Putting (5.7.7) in (5.7.5) we have
Zy,=0and Z, = 0.

Hence
Z =6 (constant); (¢) = R=0. (5.7.8)

Therefore (5.7.4) gives
X, =0=Y,
= X=/f(y)andY =g(x)
= Xy=f(y) and Y, =g (x).

Hence
Xy =Y,
= f'(y)=—¢ (x).
Therefore
X=oa+yyandY =B —vyx; a,B,ycC.
Now,

L=X0,+Yd+Z
=adx+ PBdy+Z+y(ydx—xdy),

which is a linear combination of independent vectors dx, dy, ydx —xdy, 1.

Hence
B ={dx, dy, ydx—xdy, 1}

is a basis of the Lie algebra G.

This Lie algebra having a basis {P;,P,,M,E} where P, = dx, P, = dy,M =
ydx —xdy, E = 1 is called the symmetry algebra of the given Helmholtz equation.
The elements are called symmetry operators.

Let G be a matrix Lie algebra having a basis {P, P, M, & } where,

000 000 011 100
Pi=000|,P,=[000],M=|1 0 ol,&=|01 0],
100 010 00 0 001

having commutation relation
[IPMM] - ]P)Z; [P27M] = 7]P>17 []P)la]P)ﬂ =0

and
[6,P1]=[E,P] = [§,M]=0.

Hence the symmetry algebra of Helmholtz equation (5.7.4) provides a represen-
tation of matrix Lie algebra on the representation space .
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5.7.1 Helmholtz equation in three variables

QY = (0x,x, + Oxyxy + Oz +W )‘P(xl,xg,xg) =0. (5.7.9)

Definition 5.7.3. A linear differential operator
L=X0x1+Ydx,+Udxz+Z, X,Y,UZ€F
is called a symmetry operator if

[L,Q] = RQ for some R € IF.

Proceeding as in the case of two variables, we arrive at

L= 010x) + adxy + 039x3 + Qa(x39x3 — x20x3)
+ (X5(x1 0x3 —JC3(9X|) + 056(JC2(9)C1 —Xza)ﬂ).

Take

Py = 0x1, P, = dx>, P; = dx3,
J1 ZX3(9X2 —)623)637 ]2 :x18x3 —x3&x1, J3 :)Q(axl —xla)Q.

P, Py, P, Jy, Ja, J3 are linearly independent and so they generate a six dimensional
vector space.

[&P]:O

-,lv Z elmn
JZ7 Z elmn

where

ej23 = ex31 =e312 =1
€13 = e321 =ej32 = —1

while all other ¢’s are zero.

[Ji,J2] = e121J1 +e12202+e12303
=0+4+0+1/5=4

[Ji,P] = e121Pi+e122P +e123P3
—0+0+1P; =Py

and so on. These six operators generate a 15 dimensional Lie algebra.
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Consider the matrix Lie algebra ¢(3) having a basis

0000 0000
0000 0000
Pr=10000l" ®=|o00o0
100 0] 0100
[0 00 0] 00 0 0]
0000 00 —10
PBs=1loo10" 9=lo1 0 0
1000 0] 10 0 0]
[0 010 (0 —1 0 0]
|0 o000l 1 000
27 1=1000|” 2" |o0o00
10 000 1 0 0 0]

{P,P2,P3,J1,J2,J3} is a basis of ¢(3), and both Lie algebra G and matrix Lie
algebra e(3) are isomorphic.

Note 5.7.2: Gauss’ hypergeometric function will give rise to a symmetric algebra
which is isomorphic to sl(4,C).

Note 5.7.3:
w(z) =2F1(a, B; 7 2)
) —

is a solution of [z(6 + &) (8 + ) — 8(8 +y—1)]w=0
KZ—!—O&) (z+[5) (zd—H/—lﬂ w(z) =0
o w(s,u,t,z) =s*uP 7 F (o, B 7:2)

is a solution of
2.0 2.0
\*0z a5 ) S 1M \fa T u
2] 1 d 0 B
— (sutaz) {t (Zaz —Hat) }]w(s,u,t,z) =0 (5.7.10)

(The significance of writing this is to get a wave equation). For example, consider

d d J o _
(zdz+a>f(z):0<:> (zaZJrsas)S f(z)=0

«.9f(2) df(z) _
—_— TZ + af(Z) =

5%z +as¥f(z) =0 <z
dz

& {z;z +a} f(z)=0.
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Let
0 d d 0
o _ B_ -
L _S<Z82 s&s)’L _M<Z81 u8u>

d d d
e Y R afy _ el
Ly=t1 (z +t t)’L sutaz.

Equation (5.7.10) becomes
(L“Lﬁ 1B VLY) w(s,u,t,z) = 0.

Four variable wave equation is

9? 9?
<3V13V2 B aV3aV4) r=0

The operators L%, LB, L*BY, L, generate a 4-dimensional Abelian Lie algebra. For,
[L“,Lﬁ} —0=1%F [PL"=0
= L¥LP = [PL¥ (commute, therefore Abelian).

Since L%, LB, L*B7, Ly generate an Abelian Lie algebra, we introduce another co-
ordinate system (v, va,v3,v4) such that
0d d d 0
L= 1P = — 1PV = — andL,= —.

vy vy dvy 3
The relationship between (s,#,u,z) and (vi,va,v3,vs) is

s = s(vi,v2,v3,va), u = u(v1,v2,v3,v4)

t = t(vi,v2,v3,v4), 2=2(V1,V2,V3,V4).
Using chain rule,

Jd ,d d dds d du d Jdt I Iz

SZafz‘FS %7871/1:5871/1+%87m+587m+87z87m
ds du ot dz
avi U ow . T aw T awm ¢
ds 5 1
a—v]:s :>s:—;
dz dz b4
a—vl:sziafvl:f;

9,29 _0 _0909s dodu 9ot 0oz
. T U T 9w, 9sdv,  Qudvs  didv,  dzom

9.9 _0 995 ddu dadt 9oz
929t 9vs dsovs  dudvs  didvs | 9zovs

t_l
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Therefore

95 _g_9u Ot 9z _z_z
3V3_ _81/3’ aV3_ ’8V3_I_V3'

That is = v3. But

92 oo dwm 2x 30
dz OJva Odsdva OQudvy 0Jtdvs Iz

éﬂzﬂ:i:Oandﬁ:sut.
aV4 8V4 8V4 8V4
Therefore
Z=Sutvy = {—1] [—} X V3V4q.

V1 V2
That is Vavs

T

(v, v2, v, v8) = (1) () P 3) 2R, B 1 )

is a solution of a 4-variable wave equation
(Ovyvy — Guny )W(V1, v2, v3, v4) = 0.
Let V be a vector space having a basis
B = {s“" Pt PV B la+n, B+ny Y+ pi ), mon, pel}.

The symmetry algebra G provides an infinite dimensional representation of sl(4,C)
on the representation space V.

5.8 Lie Group

Definition 5.8.1. A Lie group is a nonempty set G having the following properties:
() G is a group, say, with respect to multiplication,
(i) G is an analytic manifold,
(iii) Group multiplication o : G X G — G and group inversion A : G — G are ana-
lytic with respect to the manifold structure.

Example 5.8.1.

cosf —sinf 0
E(2)=< |sin® cosf® 0| :a,beR,0<6 <21
a b 1

Clearly E(2) is a group with respect to multiplication. Also, E(2) = {(a,b,0) :
a,b € Rand 0 < 6 < 2x}. Since the parameters a, b, 6 are independent, E(2) is a
3-dimensional manifold. E(2) satisfies (iii). Therefore E(2) is a Lie group.
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Theorem 5.8.1. Let G(11, 12, ... ,1,y) be an m-dimensional Lie group such that the

parametersty, ty, ...ty are independent. Then the Lie algebra corresponding to the
Lie group G has a basis
dA(t, ta, ...t
{Wblz,zz..:tmzo cAEG, k= 1,2,...m}.

Example 5.8.2. Basis of the Lie algebra of E(2). Consider

cos@ —sinf 0
E(2) = sinf cos@ 0|:a,beR,0<0<2r
a b 1
= {A(a,0,0):a,beRand 0 < 6 < 27}.
[0 0 0]
0A
&*le:a:b:OZ 000|=nr,
“ 10 0]
[0 0 0]
0A
%l@za:bzoz 000|=n,
101 0]
9A [—sin® —cosO 0
%|9:a:b:0: cos® —sin® 0| |g—g
| 0 0 0
[0 =1 0
=11 0 0| =M.
0 0 0

Therefore, by Theorem 5.8.1,{P;, P, M} is a basis.

5.8.1 Basis of the Lie algebra of the Lie group SL(2)

+1 b
SL(2) = H“c d+1] : (a+1)(d+1)bc1}
+1 b
{7 e
a+1
={A(a,b,c): |A[=1}
0A [to
%|a:b:c:0 - _O -1
0A o1
%M:b:c:o “loo
0A oo
ZLZ:I?:C:O_ _1 0 .
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o 5o [ o]}

Note 5.8.1: Trace of basis elements =0.

Therefore

is a basis.

Note 5.8.2: For special functions Miller takes the basis as
1
5 0 0—1 00
2
) oo e [5]

Example 5.8.3. General linear Lie group GL(2,F)

GLQJU::{Fjldil}:m+1x¢+0—bc¢0}
= {A(a,b,c,d) : |A| #0}.

Then
A _10] oA Jo1
£|a=b=c=d=0 - _0 O_) %|a=b=c=d=0 - 00
JA ~[oo] 94 oo
%Ll:b:c:dzo - _l O_a %|a:b:c:d:0— o1l

Therefore by Theorem 5.8.1,

ool o ol- [ )

—_

is a basis.

Exercises 5.8.

5.8.1. Prove that the solution space [, of the Helmholtz equation
(Ao +w*)¥(x,y) =0

has basis

{exp{i[kar (w? sz)%y]} tke R}.

5.8.2. Prove that the operators {P;, P, M} given by Proposition 5.3.1, Question 1
provide a representation of the Lie algebra e(2) on the solution space of F, of the
Helmholtz equation.

5.8.3. Prove that the symmetry algebra of the three-dimensional Helmholtz equation

(A3 +W3)l}1(-x1a-x2;x3) = 07 A3 = axlxl +ax2x2 +aX3JC3



244 5 Lie Group and Special Functions

is a six-dimensional Lie algebra having a basis

Pl = axla P2 :axza P3 - aX37 Jl :x3ax2 *XZax;;
J2 - xlaX3 _x3axla J3 :xZaxl _xlaxz

satisfying the commutation relations

Jl7 Zelmn ns Jla Zelmn ns P’la ] O e m n_l 2 3

where ¢;,,,, is the tensor such that
elpz=ez1=e3n=1,e130=e31 =e213=—1
and all other components zero.

5.8.4. Prove that the symmetry algebra of Exercise 5.7.1 is an isomorphic image of
the Lie algebra e(3) having a basis

0000 0000 0000
, 0000 , 0000 , 0000
Pilooool* ™ looool ™=|oooo
1000 0100 0010
00 0 0 0010 0 -1 00
, oo -10 , o o000 , |1 000
Ji=1o1 0 0" 2271000/ %[0 0 00
00 0 0 10 000 0 0 00

satisfying commutation relations as in Exercise 5.7.1.

5.8.5. Prove that the set of numbers of the form a + b\@, where a and b are rational
numbers, is a field.

5.8.6. Let V be a vector space of dimension n over F. Prove that V contains a sub-
space of dimension r, 0 < r < n.

5.8.7. Prove that the set {a+ib: a,b € F3} forms a field of 9 elements.

TEST
on Lie Theory and Special Functions

Time: 1% hours
5.1. Prove by mathematical induction that

d E [0511127063;)(} — W B |Grtmotmostn, oy e N (8)

e 372 BB (BU)n(B2)n 352 | B+n,By+n
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5.2. Prove that for X(y—a —f8) >0,

C(yC(y—oa-B)
L(y—a)l(y—B)

What is the result when @ = —n, where 7 is a +ve integer? (8)

2Fo, By 1] =

5.3. Using the operators

d d

d
J=—vitz—, I =z(-22v+z—), ] =——,
z dz

d dz
show that there exists a vector space V' so that

1. the representation of sl(2,C) on V is finite dimensional.
2. the representation of s1(2,C) on V is infinite dimensional. (12)

5.4. Prove that the symmetry algebra of the Helmholtz equation

(Oux+0hy +w?)¥(x,y) =0
is an isomorphic image of some matrix Lie algebra. (14)
5.5. Find the Lie algebra corresponding to the Lie Group E. (8)

(H. L. Manocha)



Chapter 6

Applications to Stochastic Process
and Time Series

[This chapter is based on the lectures of Dr. K. K. Jose, Department of Statistics, St. Thomas
College, Pala, Mahatma Gandhi University, Kerala, India.]

6.0 Introduction

In this chapter we discuss some elementary theory of Stochastic Processes and Time
Series Modeling. Stochastic processes are introduced in Section 6.1. Some modern
concepts in distribution theory which are of frequent use in this chapter are discussed
in Section 6.2. Section 6.3 deals with stationary time series models. In Section 6.4,
we consider a structural relationship and some new autoregressive models. Section
6.5 deals with tailed processes. In section 6.6, semi-Weibull time series models with
minification structure are discussed.

6.1 Stochastic Processes

The theory of stochastic processes is generally regarded as the dynamic part of prob-
ability theory, in which one studies a collection of random variables indexed by a
parameter. One is observing a stochastic process whenever one examines a system
developing in time in a manner controlled by probabilistic laws. In other words,
a stochastic process can be regarded as an empirical abstraction of a phenomenon
developing in nature according to some probabilistic rules.

If a scientist is to take account of the probabilistic nature of the phenomenon with
which he is dealing, he should undoubtedly make use of the theory of stochastic
processes. The scientist making measurements in his laboratory, the meteorologist
attempting to forecast weather, the control systems engineer designing a servomech-
anism, the electrical engineer designing a communication system, the hardware en-
gineer developing a computer network, the economist studying price fluctuations

247
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X(t,w)

Y

Fig. 6.1 A stochastic process

and business cycles, the seismologist studying earthquake vibrations, the neurosur-
geon studying brainwave records, the cardiologist studying the electro cardiogram
etc are encountering problems to which the theory of stochastic processes can be
applied. Financial modeling and insurance mathematics are emerging areas where
the theory of stochastic processes is widely used.

Examples of stochastic processes are provided by the generation sizes of popula-
tions such as a bacterial colony, life length of items under different renewals, service
times in a queuing system, waiting times in front of a service counter, displacement
of a particle executing Brownian motion, number of events during a particular time
interval, number of deaths in a hospital on different days, voltage in an electrical
system during different time instants, maximum temperature in a particular place
on different days, deviation of an artificial satellite from its stipulated path at each
instant of time after its launch, the quantity purchased of a particular inventory on
different days etc. Suppose that a scientist is observing the trajectory of a satellite
after its launch. At random time intervals, the scientist is observing whether it is
deviating from the designed path or not and also the magnitude of the deviation.

Let x(z,w) denote the altitude of the satellite from sea-level at time ¢ where w is
the outcome associated with the random experiment. Here the random experiment
is noting the weather conditions with regard to temperature, pressure, wind velocity,
humidity etc. These outcomes may vary continuously. Hence {x(z,w);z € T;w € Q}
gives rise to a stochastic process.

Thus a stochastic process is a family of random variables indexed by a parameter
t taking values from a set T called the index set or parameter space. It may be de-
noted by {x(z,w);t € T,w € Q}. A more precise definition may be given as follows.

Definition 6.1.1. A stochastic process is a family of indexed random variables
{x(z,w);t € T;w € Q} defined on a probability space (Q, 8, P) where T is an arbi-
trary set.
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A

w3

w4

X(t,w) w2

wl

t
Fig. 6.2 Different stochastic processes

There are many ways of visualizing a stochastic process.

(i) For each choice of t € T, x(¢,w) is a random variable.
(i) For each choice of @ € Q. x(¢,w) is a function of 7.
(iii) For each choice of w and #,x(¢,w) is a number.
)

(iv) In general it is an ensemble (family) of functions x(¢,w) where ¢ and w can
take different possible values.

Hereafter we shall use the notation x() to represent a stochastic process, omitting
w, as in the case of random variables. It is convention to use x, and x(¢) according
as the indexing parameter is discrete or continuous.

The values assumed by the r.v. (random variable) x(¢) are called states and the set
of all possible values of x(t), is called the state space of the process and is denoted
by S. The state space can be discrete or continuous. When S is discrete, by a proper
labeling, we can take the state-space as the set of natural numbers namely N =
{1,2,---}. It may be finite or infinite.

The main elements distinguishing stochastic processes are the nature of the state
space S and parameter space T, and the dependence relations among the random
variables x(¢). Accordingly there are four types of processes.

Type 1: Discrete parameter discrete processes:

In this case both S and T are discrete. Examples are provided by the number of
customers reported in a bank counter on the n’* day, the n'" generation size of a
population, the number of births in a hospital on the n'* day etc. There may be mul-
tidimensional processes also. For example consider the process (x,,y,) where x,
and y,, are the number of births and deaths in a municipality on the n' day.

Type 2: Continuous parameter discrete processes:

In this case T is continuous and S is discrete. Examples constitute the number of
persons in a queue at time 7, the number of telephone calls during (0,¢), the number
of vehicles passing through a specific junction during (0,7) etc.



250 6 Applications to Stochastic Process and Time Series

Type 3: Discrete parameter continuous processes:

In this case T is discrete and S is continuous. Examples are provided by the renewal
time for the n'”* renewal, life length of the n'" renewed bulb, service time for the n'"
customer, waiting time on the n'” day to get transportation, the maximum tempera-
ture in a city on the n'" day etc.

Type 4: Continuous parameter continuous processes:

In this case both T and S are continuous. Examples are constituted by the voltage in
an electrical system at time 7, the blood pressure of a patient at time ¢, the ECG level
of a patient at time 7, the displacement of a particle undergoing Brownian motion at
time ¢, the speed of a vehicle at time 7, the altitude of a satellite at time 7, etc.

For more details see Karlin and Taylor (2002), Papoulis (2000), Medhi (2004,
2006). Feller (1966) gives a good account of infinite divisible distributions. Ross
(2002) gives a good description of stochastic processes and their applications.
Medhi (2004) gives a good introduction to the theory and application of stochas-
tic processes.

Consider a computer system with jobs arriving at random points in time, queuing
for service, and departing from the system after service completion. Let Ny be the
number of jobs in the system at the time of departure of the k" customer (after ser-
vice completion). The stochastic process {Ny;k = 1,2,---} is a discrete-parameter,
discrete-state process. A realization of this process is shown in Figure 6.3

Next let x(7) be the number of jobs in the system at time ¢. Then {x(¢);r € T} is
a continuous parameter discrete-state process. A realization is given in Figure 6.4.

NkA

1 X X X X X X X X

I I I I X + X + I I I I I I I I I I I I I I l>
3456 7 8 91011121314 151617 18 19 20 21 22 23 24 25

a
0O e

Fig. 6.3 Discrete parameter discrete state process
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Fig. 6.4 Continuous parameter discrete state process
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Discrete parameter continuous state process

Let wy be the time that the k’” customer has to wait in the system before receiv-
ing service. Then {wy;k € T} is a discrete-parameter, continuous-state process, see
Figure 6.5

Finally, let y(¢) be the cumulative service requirement of all jobs in the sys-
tem at time 7. Then {y(r)} is a continuous parameter continuous-state process, see
Figure 6.6.



252 6 Applications to Stochastic Process and Time Series

NUAYE

Fig. 6.6 Continuous parameter continuous state process

6.1.1 Classical types of stochastic processes

We now describe some of the classical types of stochastic processes characterized
by different dependence relationships among x(z).

6.1.2 Processes with stationary independent increments

Consider a stochastic process {x(¢);t € T} where T = [0,00). Then the process
{x(#)} is called a process with independent increments if the random variables
Xty — Xtgs Xty — X150 00 5 Xy, are independent for all choices of 7,11, - - ,#, such
thatrg <t; < - <tp.

If the distribution of the increments x(¢; + ) —x(t;) depends only on £, the length
of the interval, and not on the particular time #;, then the process is said to have sta-
tionary increments. Hence for a process with stationary increments, the distributions
of the increments x(fo + h) — x(to),x(t; + h) — x(t1),x(t2 + h) — x(t2), - - - etc are the
same and depend only on £, irrespective of the time points 7o,y - -

If a process {x(¢)} has both independent and stationary increments, then it is
called a process with stationary independent increments.

- xtn—l

Result: If a process {x;;# € T} has stationary independent increments and has
finite mean value, then E (x;) = mg +mt where mo = E(x9) and m; = E(x;) —mq, E
denoting the expected value.
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6.1.3 Stationary processes

A stochastic process {x;} is said to be stationary in the strict sense (SSS) if the
joint distribution function of the families of the random variables [x; 5, X, 4]
and [x,l Xyt ,x;,] are the same for all 7 > 0 and arbitrary selections 71,2, ,1,
from 7. This condition asserts that the process is in probabilistic equilibrium and
that the particular times at which one examines the process are of no relevance. In
particular the distribution of x; is the same for each 7.

Thus stationarity of a process implies that the probabilistic structure of the
process is invariant under translation of the time axis. Many processes encountered
in practice exhibit such a characteristic. So, stationary processes are appropriate
models for describing many phenomena that occur in communication theory, as-
tronomy, biology, economics etc.

However strict sense stationarity is seldom observed in practice. Moreover, many
important questions relating to a stochastic process can be adequately answered in
terms of the first two moments of the process. Therefore we relax the condition of
strict sense stationarity to describe weak sense stationarity (WSS), also known as
wide sense stationarity.

A Stochastic process {x;} is said to be wide sense stationary if its first two mo-
ments (mean function and variance function) are finite and independent of ¢ and the
covariance function Cov(x;, ;1) is a function only of s, the time difference, for all
t. Such processes are also known as covariance stationary or second order stationary
processes. A process, which is not stationary, in any sense, is said to be evolutionary.

6.1.4 Gaussian processes and stationarity

If a process {x; } is such that the joint distribution of (x;,,x;,,x;,) forallz;,r,--- .1, is
multivariate normal, then {x, } is called a Gaussian (normal) process. For a Gaussian
process weak sense stationarity and strict sense stationarity are identical. This fol-
lows from the fact that a multivariate normal distribution is completely determined
by its mean vector and variance-covariance matrix. Here we need only mean, vari-
ance and covariance functions. In other words, if a Gaussian process {x; } is covari-
ance stationary, then it is strictly stationary and vice versa.

Example 6.1.1. Let {x,;n > 1} be uncorrelated random variables with mean
value 0 and variance 1. Then

0if n#m

Cov(x,,xp) = Lifnem

Hence Cov(x,, x,,) is a function of n — m and so the process is covariance stationary.
If x,, are identically distributed also, then the process is strictly stationary.
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Example 6.1.2. Consider the Poisson process {x(¢)} where

Plx(t) = n] = 7(? eMin=0,1,

Clearly,
Ex(t)] = At
Var[x(r)] = At which depends on ¢
Therefore the process is not stationary. It is evolutionary.
Example 6.1.3. Consider the process {x(z)} where x(¢) = A| + Axt where Aj,A»
are independent r.v.’s with E(A;) = a;, Var(A;) = 62,i = 1,2. Obviously
E[x(t)] = a) + ayt
Var[x(t)] = of + o31°
Cov[x(s),x(t)] = 67 + sto3.
These are functions of # and hence the process is evolutionary.
Example 6.1.4. Consider the process {x(r)} where x(t) = Acoswr + Bsinwt,
where A and B are uncorrelated r.v.’s with mean value 0 and variance 1, and w is
a positive constant.
In this case E[x(7)] = 0 and Var[x(t)] = 1, Cov[x(t),x(t+h)] = cos(hw), where E

denotes the expected value. Hence the above process is covariance stationary. This
process is called a sinusoidal process.

Example 6.1.5. Consider the process {x(7)} such that

(at)n—l

(a1 = 1,2,
Plx(t) = n] =
(a) . _
<1iaz)’”—0
Obviously
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which is a function of #. Hence the process is not stationary. It is an evolutionary
process.

Example 6.1.6. Consider the Bernoulli process: Consider a sequence of indepen-
dent Bernoulli trials with outcomes as success and failure. Let

1, if the outcome is a success
Xn = .
0, otherwise.

Then the process {x,;n > 1} has states 0 and 1 and the process is called a Bernoulli
process. Let us define {y,} by y, =0 forn=0and y, =x; +---+x,,n > 1. Then
the process {y,;n > 0} has the set of non-negative integers as the state space. This
yp, is binomially distributed with

Ply, =k] = <Z>pk(1 —p)"fk=0,1,2,---n; 0<p<1
where p is the probability of success in a trial.

Example 6.1.7. (The random telegraph signal process ): Let {N(¢),t > 0} de-
note a Poisson process, and let xo be independent of this process, and be such
that P(xg = 1) = P(xg = —1) = 1. Define x(t) = xo(—1)¥?"). Then {x(¢);r > 0}

= e"”ﬂ for

is called a random telegraph signal process. In this case P[N(¢) = k] T

k=0,1,2,---. Clearly
Elx(1)] = E[xo(~1)""]
= ExE[(-1)*"] =0
Cov(x(t),x(t+5)] = E[x(t)x(t +5)]
— Efg(— YO

I
&>}
=
S
=
—
e
=
T
=
£
T
2

Also

Var[x()] = 1 < eo.

Hence the above process is covariance stationary.
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For an application of the above random telegraph signal, consider a particle mov-
ing at a constant unit velocity along a straight line and suppose that collisions in-
volving this particle occur at Poisson rate A. Also suppose that each time when
the particle suffers from a collision it reverses direction. If x( represents the initial
velocity of the particle, then its velocity at time 7 is given by x() = xo(— 1)V If we
take D(t) = [§ x(s)ds, then D(t) represents the displacement of the particle during
(0,7). Tt can be shown that {D(t);t > 0} is also a weakly stationary process.

Example 6.1.8. Consider an Autoregressive Process {x, } where xo = z9 and x,, =

PXn—1+zasn>1,|p| < 1 where zo,z1,22, - - are uncorrelated random variables with
E(z,) =0;n>0and

Then

Xp = PXp—1+2n
=p(Pxn—2+2n-1)+2n
= szn—z +PZn—1+2n

Pn_lZi-

I
™=

i=0

Therefore
E(x,) =0

Cov[xp, Xp1m] = Cov

n n+m
n—i n+m—i
pl _p Z p <i
i=0 i=0

1

pn_ipn+m_iCOV(Zi,Zi)

Il
I

1 noo
62p2n+n1[] 2+Zp 2‘|
A=

2 ~m
c
= 17[)2’ n — oo,
—-p
Therefore this process is also covariance stationary.
Now we consider a special type of Gaussian Process, which is stationary in both
senses and has a wide range of applications.
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6.1.5 Brownian processes

We consider a symmetric random walk in which, in each time unit, there is a chance
for one unit step forward or backward. Now suppose that we speed up this process
by taking smaller and smaller steps in smaller and smaller time intervals. In the limit
we obtain the Brownian motion process. It is also known as the Wiener process, af-
ter Wiener who developed this concept in a series of papers from 1918 onwards.
Actually it originated in Physics, as the notion associated with the random move-
ments of a small particle immersed in a liquid or gas. This was first discovered by
the British botanist Robert Brown. The process can be more precisely developed as
follows: Suppose that, in the random walk, in each time interval of duration At we
take a step of size Ax either to the left or to the right with equal probabilities. If we
let x(¢) denote the position at time ¢, then

x(1) :Ax[x1+-~~+x[ﬂ]
where

+1 if the i'” step is to the right
X =
" =1 ifitis to the left

and [£] is the integer part of ;. We assume that x;’s are independent with P(x; =
1) = P(x; = —1) = 4. Since E(x;) = 0, Var(x;) = 1 we have E[x(t)] =0, Var[x(t)] =
(Ax[£]

Now we consider the case when Ax — 0 and Ar — 0 in such a way that E[x(r)] =0
and Var[x(t)] — o>t. The resulting process {x(¢)} is such that x(¢) is normally dis-
tributed with mean 0 and variance o2, and has independent, stationary increments.
This leads us to the formal definition of a Brownian motion process.

Definition 6.1.2. A stochastic process {x(¢);z > 0} is said to be a Brownian motion
process if (i) x(0) =0 (ii) {x(¢)} has stationary independent increments (iii)
for every ¢ > 0,x(¢) is normally distributed with mean value 0 and variance ¢°¢.

When ¢ = 1, the process is called a standard Brownian motion. Any Brownian
motion x(#) can be converted to a standard Brownian motion by taking B(t) = “@. If
{B(t)} is a standard Brownian motion and x(¢) = 6B(r) + ut, then x(¢) is normally
distributed with mean value u and variance t62. Then {x(t); > 0} is called a
Brownian motion with drift coefficient p. If {x(¢);z > 0} is a Brownian motion
process with drift coefficient i and variance parameter ¢, then {y(¢);¢ > 0} where
y(t) = exp[x(¢)] is a called a geometric Brownian motion process. It is useful in
modeling of stock prices over time when the percentage changes are independent
and identically distributed.

If {x(z);t > 0} is a Brownian motion process then each of x(z;),x(t,),--- can
be expressed as a linear combination of the independent normal random variables
x(t1),x(t2) — x(t1),x(t3) — x(t2), - - - x(t,) — x(t,—1 ). Hence it follows that a Brownian
motion is a Gaussian process.
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Since a multivariate normal distribution is completely determined by the mar-
ginal mean values and covariance values, it follows that a standard Brownian motion
could also be defined as a Gaussian process having E|[x(¢)] = 0 and for s > 1,

Covl[x(s),x(t)] = Cov[x(s)
= Cov|x(s)
= Var[x(s)]

= SGZ.

5),X(s) +x(t) = x(s)]

$),x(8)] + Cov]x(s),x(t) — x(s)]

Let {x(r);z > 0} be a standard Brownian motion process and consider the process
values between 0 and 1 conditional on x(1) = 0. Consider the conditional stochastic
process, {x(7);0 < < 1|x(1) = 0}. Since this conditional distribution is also mul-
tivariate normal it follows that this conditional process is a Gaussian process. This
conditional process is known as the Brownian bridge.

Brownian motion theory is a major topic in fluid dynamics and has applications
in aeronautical engineering in the designing of aeroplanes, submarines, satellites,
space crafts etc. It also finds applications in financial modeling.

6.1.6 Markov chains

An elementary form of dependence between values of x;,, in successive transitions,
was introduced by the celebrated Russian probabilist A.A. Markov, and is known as
Markov dependence. Markov dependence is a form of dependence which states that
Xp+1 depends only on x,, when it is known and is independent of x,,_1,x,_2,- -, Xo.
This implies that the future of the process depends only on the present, irrespective
of the past. This property is known as Markov property. In probabilistic terms, the
Markov property can be stated as

PlXpi1, = inp1|X0 = o, X1 = i1, \Xp—1 = in—1,Xn = Ip]

= P[XIH»I = in+1 |xn = ln]

for all states ig,i1,---,i,+1 and for all n. This is called Markov dependence of the
first order.

A stochastic process {x,} with discrete state space and discrete parameter space
is called a Markov chain if for all states i, j, iy, i1, ,i,—1 We have

Plxpi1 = jlxo =i, X1 = i1, Xp—1 = in—1,Xn = I]

= P{xy11 = jlxn =1] for all n.

The probability that the system is in state j at the end of (n+ 1) transitions given
that the system was in state i at the end of n transitions is denoted by pf}) and is
called a one-step transition probability. In general this probability depends on i, j

and n. If these probabilities are independent of n, we say that the Markov chain
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is homogeneous and has stationary transition probabilities. Here we consider only
such chains. Thus
1 ; .

Py = Plnsr = jlan = .
In a similar manner we can consider m-step transition probabilities denoted by pl(}")
where
(m)
Dij
If the state space of a Markov chain consists of only a finite number of states, it is
called a finite Markov chain. Otherwise we call it an infinite Markov chain.

The square matirx P consisting of the elements pi(l-l) for all possible states i and j

is called one-step transition probability matrix of the chain. Therefore

= Plxpm = jlxn =1].

P=[p]

Similarly the square matrix P consisting of the elements pl(;q) for all possible
values of the states i and j is called the m-step transition matrix of the chain. Hence

(m) _ 1, (m)
P = [pij ]
Obviously we have PY) = P and
Pl >0 and Yo =1.
J

Now we consider p§0> = P[xp = j]. It may be noted that pg_o) describes the proba-
bility distribution of xo. The vector p(© = (p{”, pi”,- - p'” ..} is called the initial
probability vector. Similarly pg-") = P[x, = j] gives the probability distribution of
x,. The vector p) = (p(()")7 p<1">, e p&") ---) is called the n-step absolute probability
vector.

Theorem 6.1.1. A Markov chain is completely defined by its one-step transition
probability matrix and the initial probability vector.

Proof 6.1.1: Consider

Plxo=ilx1 = j,xa =k,-+ . Xp—1 = 1,2, = 5]
= P[)C() = i] P[xl = j‘X() = i] P[xz = k‘X() = i7x1 = ]]
< P{xy=slxo =i, xp_1 =71}
=P(xo =i)P(x; = jlxo =1i) P(xp = k|x1 = j) - P(xy = s|xy—1 =71)
0) (1 1
SR
This shows that any finite dimensional joint distribution for the chain can be ob-
tained in terms of the initial probabilities and one-step transition probabilities, and
this establishes the theorem.
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Theorem 6.1.2. (Chapman-Kolmogorov Equations): The transition probabilities
of Markov chains satisfy the equation

(min) _ g m) (0 pere p@ _ 11 1=

or equivalently,
P =p* and pUmtn) = plmpn)

(i) Computation of absolute probabilities

Consider
PV =Pl = j)
P(xy = j) =) P(tn = j.x0 =1)
= ZP(xo = D)P(xy = jlxo = ).
i
Therefore

0
P =Y p))
l
(i) Inverse transition probabilities

(n)

The n-step inverse transition probabilities denoted by g; : is defined as

CI,(;Z) = P(xn = j|Xptm = 1)
for m > 0,n > 0. They describe the past behaviour of the process when the
present is given. But transition probabilities describe the future behaviour of
the process when the present is given.

Now
P(xy = jlXpgm = i) P(Xppm = 1)
= PQnm = i[xn = J)P(xn = J)-
Therefore
. . P(x, —ilx, = NP(x, = j
P(xm:]|xn+m:l): ( n+m P(|xm+ _])l>( m ])'
n-+m —
Hence
(n) (m)
(n) _ Pij Pj
qj B P_(ner) ’ m 2z 0

l

whenever the denominator is nonzero.
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(iii) Taboo probabilities

In this case the movement of the system to some specified states is prohibited.
For example consider

P(XQ = j,x1 75 k\xo = i) =P

(the system reaches state j at the end of 2 transitions without visiting state k

given that the system started from state 7). This is usually denoted by kPi<j2>'

Using the Chapman-Kolmogorov equations, we have
2 _ (m 1)
kPij" = Z Pim Pmj
m#k

It may be noted that kPi(j2> is different from P[x; = jlxo = i,x; # k] which is

equal to P[xy = j|x; # k]. Similarly P[x, = j, x| # k,m|xo = i] may be denoted
by miP,;. Obviously,

2 1 |
e W
v£k,m

Problems relating to taboo probabilities can be solved as shown above.
Exercises 6.1.

6.1.1. Give two examples each of the four types of stochastic processes.
6.1.2. Define a stochastic process with stationary independent increments.

6.1.3. For a process with stationary independent increments show that E (x;) = mo+
m t where my = E(X()) and m; = E(X]) — my.

6.1.4. What is a Poisson process ? Show that it is evolutionary.
6.1.5. Give an example of a strictly stationary process.
6.1.6. Give an example of a covariance stationary process.

6.1.7. Let {x,} be uncorrelated r.v.’s with E(x,) = 0, Var(x,) = 1. Show that {x,}
is strictly stationary.

e’lt(lt)";n:0717_“.

n!

6.1.8. Consider a Poisson process {x(7)} where p[x(t) =n] =
Find E(x(¢)) and Var(x(z)). Is the process stationary ?

such that p(xo = 1) = p(xo = —1) = 1. Define N(t) = xo(—1)N®). Find E(N(r))
and Cov(N(t),N(t +5)).

6.1.9. Consider a Poisson process {x(7)} as above. Let xo be independent of x()
i
2
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6.1.10. Define a Brownian process and show that it is an approximation of the ran-
dom walk process.

6.1.11. Obtain an expression for the covariance function of a Brownian motion
process.

6.1.12. What is geometric Brownian motion process? Discuss its uses ?

6.1.13. Consider the numbers 1,2,3,4,5. We select one number out of these at ran-
dom and note it as x;. Then select a number at random from 1,2---x; and denote
it as x». The process is continued. Write down the one step and two step transition
matrices of the chain {x, }.

6.1.14. 4 white and 4 red balls are randomly distributed in two urns so that each urn
contains 4 balls. At each step one ball is selected at random from each urn and the
two balls are interchanged. Let x;, denote the number of white balls in the first urn at
the end of the n'" interchange. Then write down the one-step transition matrix and
the initial distribution. Also find

(i) Plxs =4|xy =4]; (i) Plxy = 3];
(i) Plxy =4, x,=3,x3=2, x4 =1]; (iv) P[x; =3|x3 =4].

6.1.15. If x,, denotes the maximum face value observed in n tosses of a balanced die
with faces marked 1,2,3,4,5,6 write down the state space and parameter space of
the process {x, }. Also obtain the transition matrix.

6.2 Modern Concepts in Distribution Theory

6.2.1 Introduction

In this section we discuss some modern concepts in distribution theory which will
be of frequent use in this chapter.

Definition 6.2.1. Infinite divisibility.
A random variable x is said to be infinitely divisible if for every n € N, there
exists independently and identically distributed random variables yi,,y2n,- -, Y

such that x < Vin+Yon+ -+ Yun, where < denotes equality in distributions. In terms

of distribution functions, a distribution function F is said to be infinitely divisible

if for every positive integer n, there exists a distribution function F, such that F =

F,* F,*---%x F,, where * denotes convolution. This is equivalent to the existence of
n times

a characteristic function @,(¢) for every n € N such that @(¢) = [@,(¢)]" where @(z)

is the characteristic function of x.
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Infinitely divisible distributions occur in various contexts in the modeling of
many real phenomena. For instance when modeling the amount of rain x that falls
in a period of length 7', one can divide x into more general independent parts from
the same family. That is,

d
X=Xy +Xpy—py o T XTg,
Similarly, the amount of money x paid by an insurance company during a year is

expressible as the sum of the corresponding amounts x,xs,...,x5 in each week.
That is,
d
X=X| +x2+ - +x52.
A large number of distributions such as normal, exponential, Weibull, gamma,
Cauchy, Laplace, logistic, lognormal, Pareto, geometric, Poisson, etc., are infinitely

divisible. Various properties and applications of infinitely divisible distributions can
be found in Laha and Rohatgi (1979) and Steutel (1979).

6.2.2 Geometric infinite divisibility

The concept of geometric infinite divisibility (g.i.d.) was introduced by Klebanov
et al. (1985). A random variable y is said to be g.i.d. if for every p € (0,1), there

exists a sequence of independently and identically distributed random variables
(p) (p)

x;7,x5 7, ... such that
N(p)
yEY AP 6.2.1)
j=1
and
P{N(p):k}:p(l_p)kih k:1727
where y,N(p) and x(]-p ), j=1,2,... are independent. The relation (6.2.1) is equiva-
lent to ‘
o(1) =Y lg)) p(1—p)!
j=1
__ pel)
1—(1-p)g(t)

where @(¢) and g(¢) are the characteristic functions of y and x}p ) respectively.

The class of g.i.d. distributions is a proper subclass of infinitely divisible dis-
tributions. The g.i.d. distributions play the same role in ‘geometric summation’ as
infinitely divisible distributions play in the usual summation of independent random
variables. Klebanov et al. (1985) established that a distribution function F with char-
acteristic function @(¢) is g.i.d. if and only if exp {1 - %} is infinitely divisible.
Exponential and Laplace distributions are obvious examples of g.i.d. distributions.
Pillai (1990b), Mohan et al. (1993) discuss properties of g.i.d. distributions. It may
be noted that normal distribution is not geometrically infinitely divisible.
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6.2.3 Bernstein functions

A C*—function f from (0,o0) to R is said to be completely monotone if (—1)" g’;—{ >0
for all integers n > 0. A C*—function f from (0,e) to R is said to be a Bernstein
function, if f(x) >0, x> 0 and (—l)"?;;{ < 0 for all integers n > 1. Then f is also
referred to as a function with complete monotone derivative (c.m.d). A completely
monotone function is positive, decreasing and convex while a Bernstein function is
positive, increasing and concave (see Berg and Forst (1975)).

Fujita (1993) established that a cumulative distribution function G with G(0) =0
is geometrically infinitely divisible, if and only if G can be expressed as

(=)™ W (]0,x]), x>0

s

G(x) =

n=1

where W (dx) is the n-fold convolution measure of a unique positive measure

W (dx) such that

1 roo
m = /0 eist(dS), x>0

where f(x) is a Bernstein function, satisfying the conditions
limf(x) =0 and lim f(x) =
Xlo X—00

A distribution is said to have complete monotone derivative if its distribution
function F(x) is Bernstein. Pillai and Sandhya (1990) proved that the class of dis-
tributions having complete monotone derivative is a proper subclass of g.i.d. dis-
tributions. This implies that all distributions with complete monotone densities are
geometrically infinitely divisible. It is easier to verify the complete monotone crite-
rion and using this approach we can establish the geometric infinite divisibility of
many distributions such as Pareto, gamma and Weibull.

The class of non-degenerate generalized gamma convolutions with densities of
the form given by

M
Hl—i—c]x )7, x>0

is geometrically infinitely divisible for 0 < 8 < 1. Similarly distributions having
densities of the form

fo(x) = exPLexp(—bx%); 0<a<l1
is g.i.d. for 0 < B < 1. Also the Bondesson family of distributions with densities of

the form
—r

M Nj
x) = cxP! IT 1+ ) cjex®
=1 k=1

is gi.d. for 0 < B <1, ajp < 1 provided all parameters are strictly positive (see
Bondesson(1992)).
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6.2.4 Self-decomposability

Let {x,; n > 1} be a sequence of independent random variables, and let {b,} be a
sequence of positive real numbers such that

'}gl;lo 11;1}3;P{|xk| > bye} =0 forevery e >0 .
Let s, = Yj_; xx for n > 1. Then the class of distributions which are the weak limits
of the distributions of the sums b, sy — an: n > 1 where a,, and b, > 0 are suitably
chosen constants, is said to constitute class L. Such distributions are called self-
decomposable.

A distribution F with characteristic function ¢(¢) is called self-decomposable, if
and only if, for every o € (0,1), there exists a characteristic function @g(r) such
that @(1) = @(at)@u(1), for r €R.

Clearly, apart from x = 0, no lattice random variable can be self—-decomposable.
All non-degenerate self-decomposable distributions are absolutely continuous.

A discrete analogue of self-decomposability was introduced by Steutel and
Van Harn (1979). A distribution on Ny = {0,1,2,...} with probability generating
function (p.g.f.) P(z) is called discrete self-decomposable if and only if P(z) =
P(l— o+ az)Py(z); |z| < 1, a € (0,1) where Py(z) is a p.g.f.

If we define G(z) = P(1 —z), then G(z) is called the alternate probability
generating function (a.p.g.f.). Then it follows that a distribution is discrete self—
decomposable if and only if G(z) = G(06z)Gu(2); |z] < 1, @ € (0,1) where G4(z) is
some a.p.g.f.

6.2.5 Stable distributions

A distribution function F with characteristic function ¢(z) is stable if for every pair
of positive real numbers b and b,, there exist finite constants @ and » > 0 such that
©(b11)@(bat) = @(bt)e' where i = /1.

Clearly, stable distributions are in class L with the additional condition that the
random variables x,,; n > 1 in Subsection 6.2.4 are identically distributed also. F is
stable if and only if its characteristic function can be expressed as

Ing(r) = io — clt|P[1 + iyo(t, B)sgn ]

where o, 3,7 are constants with ¢ > 0,0 < 8 <2, |y| <l and
tan 8 B#1
(D([,B){zlz. -1
zlnftf; B=1

The value ¢ = 0 corresponds to the degenerate distribution, and § = 2 to the normal
distribution. The case ¥ =0, B = 1 corresponds to the Cauchy law (see Laha and
Rohatgi (1979)).
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6.2.6 Geometrically strictly stable distributions

A random variable y is said to be geometrically strictly stable (g.s.s.) if for any
p € (0,1) there exists a constant ¢ = ¢(p) > 0 and a sequence of independent and
identically distributed random variables y;,y», ... such that

yLg( Zy]

where P{N(p) =k} =p(1—p)* 1, k=1,2,...and y,N(p) and y;, j=1,2,... are
independent.
If @(¢) is the characteristic function of y, then it implies that

po(ct)
(1 p)g(a)’ @D

Among the geometrically strictly stable distributions, the Laplace distribution and
exponential distribution possess all moments. A geometrically strictly stable random
variable is clearly geometrically infinitely divisible.

A non—degenerate random variable y is geometrically strictly stable if and only
if its characteristic function is of the form

o(t) =

1
1) =
o) [1+At|* exp (—iZ0osgnt)]
where 0 < @ <2, 1 >0, [6] < min[1,2 — 1]. When o = 2, it corresponds to the

Laplace distribution. Thus it is apparent that when ordinary summation of random
variables is replaced by geometric summation, the Laplace distribution plays the
role of the normal distribution, and exponential distribution replaces the degenerate
distribution (see Klebanov et al. (1985)).

6.2.7 Mittag-Leffler distribution

The Mittag-Leffler distribution was introduced by Pillai (1990a) and has cumulative
distribution function given by
_1 k—1 xkoc

0<a<l 0.
; I'(l+ko) <esh x>

Its Laplace transform is given by ¢ (1) = 5 +z“ ,0<a<1,t>0,and the distribution
may be denoted by ML (). Here « is called the exponent. It can be regarded as a
generalization of the exponential distribution in the sense that & = 1 corresponds to
the exponential distribution. The Mittag-Leffler distribution is geometrically infi-
nitely divisible and belongs to class L. It is normally attracted to the stable law with
exponent .
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If u is exponential with unit mean and y is positive stable with exponent o, then
x = u'/%y is distributed as Mittag-Leffler (o) when u and y are independent. If u
is Mittag-Leffler () and v is exponential and « and v are independent, then w = %
is distributed as Pareto type III with survival function £, (x) = P(w > x) =
0<oa<l.

For the Mittag-Leffler distribution, E(x?) exists for 0 < § < o and is given by

r(1-2)r(1+38
E(x°) = ( F(l)—g) )

1.
I+x®*>

A two parameter Mittag-Leffler distribution can also be defined with the cor-
responding Laplace transform ¢(r) = %, 0 < o < 1. It may be denoted by
ML(at,A).

Jayakumar and Pillai (1993) considered a more general class called semi—Mittag-
Leffler distribution which included the Mittag-Leffler distribution as a special case.
A random variable x with positive support is said to have a semi—-Mittag-Leffler

distribution if its Laplace transform is given by

_ 1
14+n()

where 7 (7) satisfies the functional equation 1) (¢) = an(bt) where 0 < b < 1 and « is
the unique solution of ab® = 1. It may be denoted by SML(¢x). Then it follows that
n(bt) = b®h(t) where h(t) is a periodic function in ¢ with period ;}r‘;” . When A(t)
is a constant, the distribution reduces to the Mittag-Leffler distribution. The semi—
Mittag-Leffler distribution is also geometrically infinitely divisible and belongs to

class L.

(r)

6.2.8 a—-Laplace distribution

The a—Laplace distribution has characteristic function given by ¢(r) = W; 0<
a <2, —oo <t < oo, This is also called Linnik’s distribution. Pillai (1985) refers to
it as the a—Laplace distribution since &« = 2 corresponds to the Laplace distribution.
It is unimodal, geometrically strictly stable and belongs to class L. It is normally

attracted to the symmetric stable law with exponent . Also

* r(g)r(-Hr()

vaT(1-3)

E(°) =

where 0 < d<a; 0 < o <2.
If u and v are independent random variables where u is exponential with unit
mean and v is symmetric stable with exponent ¢, then x = u'/%y is distributed as
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a—Laplace. Using this result, Devroye (1990) develops an algorithm for generating
random variables having a—Laplace distribution.

Pillai (1985) introduced a larger class of distributions called semi—o—Laplace
distribution, with characteristic function given by

1
1+n()

where 1(¢) satisfies the functional equation 1(¢) = an(bt) for 0 < b < 1 and a is
the unique solution of ab® = 1, 0 < a < 2. Here b is called the order and « is called
the exponent of the distribution. If | and b, are the orders of the distribution such

that }E z; is irrational, then 7 (¢) = c|t|*, where ¢ is some constant. Pillai (1985)

o(t)

established that, for a semi—q—Laplace distribution with exponent o, E |x|‘S exists
for 0 < 6 < a. It can be shown that

1
14 |¢|*[1 —Acos (k1n |t])]

o(t)

where k = 1%, 0 < b < 1 is the characteristic function of a semi—a—Laplace distri-

bution for suitable choices of A and o < 1.

The semi—a—Laplace distribution is also geometrically infinitely divisible and
belongs to class L. It is useful in modeling household income data. Mohan et
al.(1993) refer to it as a geometrically right semi—stable law.

6.2.9 Semi-Pareto distribution

The semi—Pareto distribution was introduced by Pillai (1991). A random variable x
with positive support has semi—Pareto distribution SP(a, p) if its survival function is
1

given by Fy(xg) = P(x > xo) = TryGy) Where v (xp) satisfies the functional equation

pw(xo) = w(p"/%x):0<p <1, a>0.

The above definition is analogous to that of the semi—stable law defined by Levy
(see Pillai (1971)). It can be shown that y(x) = x%*h(x) where h(x) is periodic in
Inx with period ’1%17;‘”. For example if ~(x) = exp[f cos(aInx)], then it satisfies the
above functional equation with p = exp(—2x) and y(x) is monotone increasing
with 0 < B < 1. The semi-Pareto distribution can be viewed as a more general
class which includes the Pareto type III distribution when y(x) = cx®%, where ¢ is a
constant.

Exercises 6.2.

6.2.1. Examine whether the following distributions are infinitely divisible.

(i) normal (i) exponential (iii) Laplace (iv) Cauchy
(v) binomial (vi) Poisson (vii) geometric  (viii) negative binomial
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6.2.2. Show that exponential distribution is geometric infinite divisible and self-
decomposable.

6.2.3. Examine whether Cauchy distribution is self-decomposable.

6.2.4. Show that (i) Mittag-Leffler distribution is g.i.d and belongs to class L.
(i) a-Laplace distribution is g.i.d and self-decomposable.

6.2.5. Give a distribution which is infinitely divisible but not g.i.d.

6.2.6. Show that AR(1) structure x,, = ax,—1 + &,,a € (0, 1) is stationary Markovian
if and only if {x,} is self-decomposable.

6.2.7. Show that geometric and negative binomial distributions are discrete self-
decomposable.

6.2.8. Consider the symmetric stable distribution with characteristic function ¢(z) =
e 1% Is it self-decomposable?

6.3 Stationary Time Series Models

6.3.1 Introduction

A time series is a realization of a stochastic process. In other words, a time series,
{x:}, is a family of real-valued random variables indexed by ¢ € Z, where Z denotes
the set of integers. More specifically, it is referred to as a discrete parameter time
series. The time series {x;} is said to be stationary if, for any 1,1,,..., t, € Z, any
keZ,andn=1,2,...,

F,

Xt Xty seee sty ()C] 3 X250 7xn) - Fx,1+k,x,2+k,...,x,n+k (xl 3 X2y et 7xn)

where F' denotes the joint distribution function of the set of random variables which
appear as suffices. This is called stationarity in the strict sense. Less stringently,
we say a process {x,} is weakly stationary if the mean and variance of x; remain
constant over time and the covariance between any two values x; and x; depends
only on the time difference and not on their individual time points. {x;} is called
a Gaussian process if, for all #,;n > 1 the set of random variables {x;,x,,,...,x;,}
has a multivariate normal distribution. Since a multivariate normal distribution is
completely specified by its mean vector and covariance matrix, it follows that for
a Gaussian process weak stationarity implies complete stationarity. But for non—
Gaussian processes, this may not hold.
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6.3.2 Autoregressive models

The era of linear time series models began with autoregressive models first intro-
duced by Yule in 1927. The standard form of an autoregressive model of order p,
denoted by AR(p), is given by

P
Xt =

ajx;j+€; t=0,+1,4£2,...
j=1

where {¢} are independent and identically distributed random variables called in-
novations and a;, p are fixed parameters, with a,, # 0.

Another kind of model of great practical importance in the representation of ob-
served time series is the moving average model. The standard form of a moving

q
average model of order ¢, denoted by MA(q), is givenby x; = Y bje,_j+¢€,t €7
j=1

where b, g are fixed parameters, with b, # 0. In order to achieve greater flexibility
in the fitting of actually observed time series, it is more advantageous to include
both autoregressive and moving average terms in the model. Such models, called
autoregressive—moving average models, denoted by ARMA (p,q), have the form

14 q
xt:Zaszfj+Zbkft—k+ft7 tez
=1 =1

where {a j}le and {by}{_, are real constants called parameters of the model. It can
be seen that an AR(p) model is the same as an ARMA(p,0) model and a MA(q)
model is the same as an ARMA (o0,q) model.

With the introduction of various non—Gaussian and non—linear models, the stan-
dard form of autoregression was widened in several respects. A more general defin-
ition of autoregression of order p is given in terms of the linear conditional expec-
tation requirement that

P
E(xl‘x,q s Xt—2y - ) = Z ajXe—j.
j=1
This definition could apply to models which are not of the linear form (see Lawrance
(1991)).
6.3.3 A general solution

We consider a first order autoregressive model with innovation given by the struc-
tural relationship

0 ith probabilit
xn:en+{ WL probabity p 6.3.1)

Xp—1 with probability 1 —p
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where p € (0,1) and {¢,} is a sequence of independent and identically distributed
(i.i.d.) random variables selected in such a way that {x,} is stationary Markovian
with a given marginal distribution function F.

Let ¢(1) = E[e”™] be the Laplace—Stieltjes transform of x. Then (6.3.1) gives

0x, (1) = 9¢, () [P+ (1= p) s, (1))

If we assume stationarity, this simplifies to

_ (1)
N (L) (032
or equivalently
_ po(1)
0:(t) = 1= =0k (6.3.3)

When {x,} is marginally distributed as exponential, it is easy to see that (6.3.1)
gives the TEAR(1) model. We note that ¢.(¢) in (6.3.2) does not represent a Laplace
transform always. In order that the process given by (6.3.1) is properly defined, there
should exist an innovation distribution such that ¢, () is a Laplace transform for all
p € (0,1). For establishing the main results we need the following lemmas.

Lemma 6.3.1: (Pillai (1990b)): Let F be a distribution with positive support and
o(r) be its Laplace transform. Then F is geometrically infinitely divisible if and
only if

1

00 =100 v
where y/(1) is Bernstein with y(0) = 0.

Now we consider the following definition from Pillai (1990b).

Definition 6.3.1.  For any non-vanishing Laplace transform ¢(z), the function

is called the third characteristic.

Lemma 6.3.2: Let y(¢) be the third characteristic of ¢(¢). Then py/(¢) is a third
characteristic for all p € (0, 1) if and only if y(z) has complete monotone derivative
and y(0) = 0.

Thus we have the following theorem.

Theorem 6.3.1. ¢.(r) in (6.3.2) represents a Laplace transform for all p € (0,1)
if and only if ¢.(t) is the Laplace transform of a geometrically infinitely divisible
distribution.
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This leads to the following theorem which brings out the role of geometrically
infinitely divisible distributions in defining the new first order autoregressive model
given by (6.3.1).

Theorem 6.3.2. The innovation sequence {¢,} defining the first order autoregres-
sive model given by

0 with probability p
Xn = €n+ . -
Xp—1 with probability 1 — p

where p € (0,1), exists if and only if the stationary marginal distribution of x, is
geometrically infinitely divisible. Then the innovation distribution is also geometri-
cally infinitely divisible.

Proof 6.3.1: Suppose that an innovation sequence {¢,}, such that the model

(6.3.1) is properly defined, exists. This implies that ¢ (¢) in (6.3.3) is a Laplace
transform for all p € (0,1). Then from (6.3.3)

‘Px(t) :p(pe(t)[l - (1 _p)q)e(t)]il
p(1=p)" ' [9(1)]"

13

n=1

showing that the stationary marginal distribution of x, is geometrically infinitely
divisible. Conversely, if x,, has a stationary marginal distribution which is geomet-

rically infinitely divisible, then ¢,(¢) = %W where y(¢) has complete monotone

derivative and y(0) = 0. Then from (6.3.2) we get ¢.(r) = W which estab-

lishes the existence of an innovation distribution, which is geometrically infinitely
divisible.

6.3.4 Extension to a k-th order autoregressive model

In this section we consider an extension of the model given by (6.3.1) to the k-th
order. The structure of this model is given by

0 with probability pg
Xp,—1 with probability p;

Xp =€+« . (6.3.4)
Xp—k  With probability py

where p; € (0,1) fori=0,1,...,kand pp+ p; + -+ pr = 1. Taking Laplace trans-
forms on both sides of (6.3.4) we get
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¢x, (1) = 9e, (1)

k
po+ Z pi‘PXn—i (t)] .
i=1

Assuming stationarity, it simplifies to

¢x(t) = ¢f(t)

k
po+ Zpi¢x(t)]

= 9c(1) [po+ (1= po) 9 (1)].
This yields

()
%) po+(1—po)¢x(r) 33
which is analogous to the expression (6.3.2).

It may be noted that k = 1 corresponds to the first order model with p = py.
From (6.3.5) it follows that the results obtained in Section 6.1.2 hold good for the
k-th order model given by (6.3.4). This establishes the importance of geometrically
infinitely divisible distributions in autoregressive modeling.

6.3.5 Mittag-Leffler autoregressive structure

The Mittag-Leffler distribution was introduced by Pillai (1990a) and has Laplace
transform ¢ (7) = ﬁ 0 < a <1. When o = 1, this corresponds to the exponen-
tial distribution with unit mean. Jayakumar and Pillai (1993) considered the semi—
Mittag-Leffler distribution with exponent o. Its Laplace transform is of the form

T Where (¢) satisfies the functional equation

n(t) = an(bt), 0<b<1 (6.3.6)

and a is the unique solution of ab® = 1 where 0 < a < 1. Then by Lemma 6.3.1 of
Jayakumar and Pillai (1993), the solution of the functional equation (6.3.6) is 1 (¢) =
t*h(t) where h(r) is periodic in Ins with period —zlzlr—g‘. When h(t) = 1, n(t) =t“
and hence the Mittag-Leffler distribution is a special case of the semi-Mittag-Leffler
distribution. It is obvious that the semi—Mittag-Leffler distribution is geometrically
infinitely divisible.

Now we bring out the importance of the semi-Mittag-Leffler distribution in the
context of the new autoregressive structure given by (6.3.1). The following theorem
establishes this.

Theorem 6.3.3. For a positive valued first order autoregressive process {x,} sat-
isfying (6.3.1) the stationary marginal distribution of x,, and €,, are identical except
for a scale change if and only if x,’s are marginally distributed as semi-Mittag-
Leffler
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Proof 6.3.2: Suppose that the stationary marginal distributions of x, and ¢, are
identical. This implies ¢, () = ¢x(ct) where c is a constant. Then from (6.3.2) we get

_ 9x(t)
Ox(ct) = T (-0 (6.3.7)
Writing ¢, () = ] +171(f) in (6.3.7) we get
1 1

1+n(ct)  T+pn()

so that

n(ct) =pn(t).

By choosing ¢ = p'/@, it follows that x, is distributed as semi—Mittag-Leffler with
exponent o.

Conversely, we assume that the stationary marginal distribution of x;,, is semi-
Mittag-Leffler. Then from (6.3.2)

Y p— 1

T 1apn() - 1n(pV/ern)

This establishes that ¢, 4 p]/ “M, where {M,} are independently and identically
distributed as semi—Mittag-Leffler. It can be easily seen that the above result is true
in the case of the k-th order autoregressive model given by (6.3.4) also.

Exercises 6.3.

6.3.1. Define an AR(1) process and obtain the stationary solution for the distribution
of {€,} when {x,} are exponentially distributed.

6.3.2. Show that an AR(1) model can be expressed as MA (co) model.
6.3.3. Establish a new AR(1) model with exponential innovations.

6.3.4. Examine whether two-parameter gamma distribution is g.i.d., giving condi-
tions if any.

6.3.5. Show that the exponential distribution is a special case of Mittag-Leffler dis-
tribution.

6.3.6. Obtain the stationary distribution of {€,} in the AR(1) structure x, = ax,_; +
€n;a € (0,1) when {x,} follows exponential distribution. Generalize it to the case
of Mittag-Leffler random variables.

6.3.7. Obtain the structure of the innovation distribution if {x, } follows o-Laplace
distribution where x,, = ax,_| + €,. Deduce the case when o = 2.

6.3.8. Show that if {x,} follows Cauchy distribution then {e¢,} also follows a
Cauchy distribution in the AR(1) equation x,, = ax,,—1 + €.
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6.4 A Structural Relationship and New Processes

In this section we obtain the specific structural relationship between the stationary
marginal distributions of x, and €, in the new autoregressive model. Fujita (1993)
generalized the results on Mittag-Leffler distributions and obtained a new character-
ization of geometrically infinitely divisible distributions with positive support using
Bernstein functions. It was established that a distribution function G with G(0) =0
is geometrically infinitely divisible if and only if G can be expressed in the form.

(=D)"™AW ([0, x>0,4>0 (6.4.1)

agk

G(x) =

n=1

where W"*(dx) is the n-fold convolution measure of a unique positive measure
W (dx) on [0,0) such that

%x) - /O TeW(ds), x>0 (6.42)

for some Bernstein function f such that lim,|,(x) = 0 and lim,_.., f(x) = co. Then

the Laplace transform of G(x), with parameter ¢, is . Using this result we

A+ f(r)

get the following theorem.
Theorem 6.4.1. The k-th order autoregressive equation given by (6.3.4) defines a

stationary process with a given marginal distribution function F.(x) for x, if and
only if Fy(x) can be expressed in the form

(=)™ AW ([0,4]); x>0, A >0. (6.4.3)

gk

Fi(x) =

n=1

Then the innovations {€,} have a distribution function F,(x) given by
F(x) =Y (=1)""" (A /po)" W™ ([0,]); x>0, >0, (6.4.4)

where pg € (0,1) and W™ is as in (6.4.1).

Proof 6.4.1: We have from Theorem 6.3.1 that Fy(x) is geometrically infinitely
divisible. Then (6.4.3) follows directly from Fujita (1993). Now by substituting

x(7)

= 0 in (6.3.2) we get

A (m)
At pof @) (A/po) + £ ()

which leads to (6.4.4). This completes the proof.

9e(7)
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The above theorem can be used to construct various autoregressive models un-
der different stationary marginal distributions for x,. For example, the TEAR(1)
model of Lawrance and Lewis (1981) can be obtained by taking f(z) = ¢. Then
W™ ([0,x]) = f,—': so that F(x) = 1 —e ™ and F,(x) = 1 —e~ /P If we take A = 1
and f(z) =1%; 0 < oo < 1 we can obtain an easily tractable first order autoregressive
Mittag-Leffler process denoted by TMLAR(1). In this case W"*([0,x]) = r(%o;a)
In a similar manner by taking A = 1 and f() satisfying the functional equation
f(t)=af(bt) wherea=b"%;0<b<1,0< o <1, wecan obtain an easily tractable
first order autoregressive semi—Mittag-Leffler process denoted by TSMLAR(1).

6.4.1 The TMLAR(1) process

An easily tractable form of a first order autoregressive Mittag-Leffler process, called
TMLAR(1), is constituted by {x,} having a structure of the form

0 with probability p

xn=p'/ %M, + { (6.4.5)

Xp—1 Wwith probability 1-p

where p € (0,1); 0 < a <1 and {M, } are independently and identically distributed

as Mittag-Leffler with exponent ¢ and xy m 1- The model (6.4.5) can be rewritten
in the form
xn = P OMy + Lxa (6.4.6)

where {I,} is a Bernoulli sequence such that P(I, =0) =pand P([, =1)=1—p.

If in the structural form (6.4.5), we assume that {M,} are distributed as
semi—Mittag-Leffler with exponent a, then {x,} constitute a tractable semi—Mittag-
Leffler autoregressive process of order 1, called TSMLAR(1). Both models are
Markovian and stationary. It can be seen that the TMLAR(1) process is a spe-
cial case of the TSMLAR(1) process since the Mittag-Leffler distribution is a
special case of the semi—Mittag-Leffler distribution.

Now we shall consider the TSMLAR(1) process and establish that it is strictly
stationary and Markovian, provided x is distributed as semi—Mittag-Leffler. In or-
der to prove this we use the method of induction. Suppose that x,_; is distributed
as semi-Mittag-Leffler (a). Then by taking Laplace transforms on both sides of
(6.4.5), we get

95, (1) = 0u, (P 1) [P+ (1 = p) by, (1))

M[ﬁﬁlp)l;w}
e 55
IEXI0k
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Hence x,, is distributed as semi—Mittag-Leffler with exponent «. If xq is arbitrary,
then also it is easy to establish that {x, } is asymptotically stationary. Thus we have
the following theorem.

Theorem 6.4.2. The first order autoregressive equation
X =pVO My 4 Lxe,  n=12,..., pe(0,1)

where {I,} are independent Bernoulli random variables such that P(I, =0) = p =
1 — P(I, = 1) defines a positive valued strictly stationary first order autoregres-
sive process if and only if {M,} are independently and identically distributed as

. . . d
semi-Mittag-Leffler with exponent a and xy = M.

Remark 6.4.1: If we consider characteristic functions instead of Laplace trans-
forms, the results can be applied to real valued autoregressive processes. Then the
role of semi—Mittag-Leffler distributions is played by semi—o—Laplace distributions
introduced by Pillai (1985).

6.4.2 The NEAR(1) model

In this section we consider a generalized form of the first order autoregressive equa-
tion. The new structure is given by

. . (6.4.7)
axp,—1 with probability 1 — p

0 with probabilit
PR { p yp
where 0 < p < 1;0<a <1 and {¢,} is a sequence of independent and identically
distributed random variables such that {x,} have a given stationary marginal dis-
tribution. Let ¢,(z) = E[e "] be the Laplace-Stieltjes transform of x. Then (6.4.7)
gives

¢x, (1) = ¢, (1) [p + (1 = )Py, (ar)].

Assuming stationarity, it simplifies to

_ ()
p+(1—p)oar)

When p =0 and 0 < a < 1, the model (6.4.7) is the standard first order autore-
gressive model. Then the model is properly defined if and only if the stationary
marginal distribution of x;, is self-decomposable. When a = 1, 0 < p < 1 the model
is the same as the model (6.4.1), which is properly defined if and only if the station-
ary marginal distribution of x, is geometrically infinitely divisible. When a = 0 or
p =1, x,, and €, are identically distributed.

O.(1) (6.4.8)
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Now we consider the case when a € (0,1] and p € (0, 1], but not simultaneously
equal to 1. Lawrance and Lewis (1981) developed a NEAR(1) model with exponen-

A
tial (A) marginal distribution for x,. Then ¢, (1) = o1 and substitution in (6.4.8)

A4atl[ A
O (t) = [AH} _/Hpm} (6.4.9)

gives

which can be rewritten as

o= (12) ()[4 [ 2]

Hence ¢, can be regarded as a convex exponential mixture of the form

iy 6.4.10
paE, with probability 1=24 ( )

{E,, with probability =2
€=
1—pa

where {E,}, n =1,2,... are independent and identically distributed as exponential
(1) random variables. Another representation for €, can be obtained from (6.4.9)
by writing

o(1) = {H(l_")xir} {)ﬁpm} 6.4.11)

Then writing w.p. for ‘with probability’ €, can be regarded as the sum of two inde-
pendent random variables u, and v, where

0 w.p.
, = w-p-a (6.4.12)
en W.p.l—aand

Vp = paey

where {e,}, n=1,2,... are exponential (1). It may be noted that when p = 0, the
model is identical with the EAR(1) process, of Gaver and Lewis (1980). Thus the
new representation of €, seems to be more appropriate, when NEAR(1) process is
regarded as a generalization of the EAR(1) process.

6.4.3 New Mittag-Leffler autoregressive models
Now we construct a new first order autoregressive process with Mittag-Leffler mar-

ginal distribution, called the NMLAR(1) model. The structure of the model is as in

(6.4.7) and the innovations can be derived by substituting ¢, (z) O<a<l

in (6.4.8). This gives
14+a%t* 1
¢‘(t) = a apro | °
141 14 a%pt

BT
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Hence the innovations €, can be given in the form

o= MW } Pa"‘ (6.4.13)
pa*M, w.p.

1 paa

where {M,,} are Mittag-Leffler (o) random variables.
An alternate representation of €, is €, = u, + v, where u, and v, are independent
random variables such that

0  wp.a®
", = wp-a (6.4.14)
M, w.p.1—a%and

v =ap'/*M,

where {M,}, n=1,2,... are independent Mittag-Leffler () random variables.
It can be shown that the process is strictly stationary and Markovian. This gives
us the following theorem.

Theorem 6.4.3. The first order autoregressive equation given by (6.4.7) defines
a strictly stationary AR(1) process with a Mittag-Leffler (o) marginal distribution
for x,, if and only if the innovations are of the form €, = u,, + v, where u, and v, are
as in (6.4.14) with xo distributed as Mittag-Leffler ().

Proof 6.4.2: We prove this by induction. We assume that x,_; is Mittag-Leffler
(o). Then by taking Laplace transforms, we get

0, (1) = (0w, (ap"/“D)][a” + (1 = a®) g, (1))
x[p+(1=p)gy,_, (ar)]

1 a 1
= | —— 1— o
{l—i—ao‘pt“} [a +(1-a )l—i—t“}

l—p)——

X [p+( p)l—l—a“t“}

B 1 1+a%%*] [ 1+ pa®t®
T | | T || T ra%e
1

INERT

This shows that x,, is distributed as Mittag-Leffler (), and this establishes the suf-
ficiency part. The necessary part is obvious from the derivation of the innovation
sequence. This completes the proof.

The joint distribution of (x,,x,_1) is of interest in describing the process and
matching it with data. Therefore, we shall obtain the joint distribution with the use
of Laplace-Stieltjes transforms. The bivariate Laplace transform is given by
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By, (5:1) = E{exp(—sxn — 1xn—1) }
= ¢ (s){pgx(t) + (1 —p)¢x(as+1)}

[ +a%s* 1 p n 1-p
o 14s® 14 pa%s®| | 1+1% 1+ (as+1)* |~

It is possible to obtain the joint distribution by inverting this expression.

6.4.4 The NSMLAR(1) process

Now we extend the NMLAR(1) process to a wider class to construct a new semi—
Mittag-Leffler first order autoregressive process. The process has the structure

0 .p-
xnenJr{ w.p. p
axp—1 wp.1l—p

where {¢,} are independently and identically distributed as the sum of two indepen-
dent random variables u,, and v,, where

0 .p. a”®
Uy = wp-a (6.4.15)
M, w.p.1—a%*and
Vn = apl/aMn
where {M,}, n = 1,2,... are independently and identically distributed as semi—
Mittag-Leffler (). This process is also clearly strictly stationary and Markovian

provided xo is semi—Mittag-Leffler (). This follows by induction. In terms of
Laplace transforms we have

9u, (1) = [P+ (1= )@y, (ar)] [ + (1 — a®) P, (1)]
x (o, (ap'/?1)]

AN | PR

1+n(at) 1+n(r)
= [P+ 0P [Tty )
B 1+1n(t)'

Thus we have established the following theorem.
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Theorem 6.4.4. The first order autoregressive equation

xXp=alx, 1+e€,, n=12,...

where {I,} are independent Bernoulli sequences such that P(I, =0) = p and
P(l,=1)=1—p; pe(0,1), a € (0,1) is a strictly stationary AR(1) process with
semi—-Mittag-Leffler (o) marginal distribution if and only if {€,} are independently
and identically distributed as the sum of two independent random variables u, and
vy as in (6.4.15) and xo is distributed as semi-Mittag-Leffler (@).

When 1 (1) =%, the NSMLAR(1) model becomes the NMLAR(1) model.

Remark 6.4.2: If we consider characteristic functions instead of Laplace trans-
forms, the results can be applied to real valued autoregressive processes. Then the
role of semi-Mittag-Leffler distributions is played by semi-o-Laplace distribu-
tions introduced by Pillai (1985). As special cases we get Laplace and o-Laplace
processes.

Exercises 6.4.

6.4.1. If f(¢) =1¢, find W™ (]0,x]).
6.4.2. If f(¢) =1t%, find F,(x).
6.4.3. State any three distributions belonging to the semi-Mittag-Leffler family.

6.4.4. Show that the stationary solution of equation (6.4.7) is a family consisting of
g.i.d. and class L distributions.

6.4.5. Obtain the innovation structure of the NEAR(1) model.

6.4.6. Obtain the innovation structure of the NMLAR(1) model.

6.5 Tailed Processes

In an attempt to develop autoregressive models for time series with exact zeros
Littlejohn (1993) formulated an autoregressive process with exponential tailed mar-
ginal distribution, after the new exponential autoregressive process (NEAR(1)) of
Lawrance and Lewis (1981). However, the primary aim of Littlejohn was to extend
the time reversibility theorem of Chernick et al.(1988) and hence the model was not
studied in detail. Hence we intend to make a detailed study of this process. Here
the tail of a non—negative random variable refers to the positive part of the sample
space, excluding only the point zero.
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Definition 6.5.1. A random variable E is said to have the exponential tailed distri-

bution denoted by ET(A,0) if P(E =0) = 6 and P(E >x) = (1 —0)e ™ **, x>0

where A > 0 and 0 < 0 < 1. Then the Laplace-Stieltjes transform of E is given by
A A+6t

¢E(l):9+(1—6)m— I

6.5.1 The exponential tailed autoregressive process [ETAR(1)]

It is evident that the exponential tailed distribution is not self-decomposable and
so it cannot be marginal to the autoregressive structure of Gaver and Lewis (1980).
But an autoregressive process satisfying the NEAR(1) structure given by (6.4.7) can
be constructed as follows: We have from (6.4.8), by substituting ¢, (1) = Aift’ , the
Laplace transform of the innovation €, in the stationary case as

9.(t) = :%{:ﬁt}[a,+aui¥ifi—p)9ﬁ]

_[A+ar] A+ 61
A+t | [ A+br

where b =a[p+ (1 —p)6].

0.(1) = :a+<1_a))f+t] [Z+<1_Z> m}

so that the innovations {€,} can be represented as the sum of two independent ex-
ponential tailed random variables u,, and v,, where

u, LET(A,a)  and v, ET (A,0') (6.5.1)

where A’ = A /b and 8’ = 6 /b, provided 6 < b. Since p < 1, we require that 6 < a.
Thus the ETAR(1) process can be defined as a sequence {x,} satisfying (6.4.7)
where {€,} is a sequence of independent and identically distributed random vari-
ables such that ¢, = u, + v,, where u,, and v,, are as in (6.5.1).

It can be easily shown that the process is strictly stationary and Markovian pro-
vided xp is distributed as ET (A, 0). This follows by mathematical induction since

9x, (1) = e, () [p+ (1= p)gy,_, (at)]
- [l o0 (550)

- [35) [] 2)

A+t | |A+bt| | A+at

A+ 061
A+t
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When 6 =0, the ET (A, 0) distribution reduces to the exponential (1) distribution
and the ETAR(1) model then becomes the NEAR(1) model.

6.5.2 The Mittag-Leffler tailed autoregressive process [MLTAR(1)]

The Mittag-Leffler tailed distribution has Laplace transform given by

P )
O:(t) =0+ T

140
14’

0<a<l

and the distribution shall be denoted by MLT (o, 6). Similarly for a two-parameter
Mittag-Leffler random variable ML(a,4) the Laplace transform of the tailed
Mittag-Leffler distribution is given by ¢y (f) = 0 + (1 — 0) 727 = 47582 This
shall be denoted by MLT (o, A, 0). The MLTAR(1) process has the general structure

given by the equation (6.4.7). The innovation structure can be derived as follows.

9(r) = {111%“] [1 +a” [;4:2?& p)e]t“}

[ T+a%* ] [ 1461
T 141@ 1+ cr®

where ¢ = a*[p+ (1 — p)0]. Therefore

1 0. .a
;“‘?l‘
1. i
C+t

0.(t) = {a“+(1—aa)lita]

Hence the innovation {¢,} can be viewed as the sum of two independently distrib-
uted random variables u,, and v,, where

up L MLT (o, a%)

and
v, L MLT (,1,6')

where A’ = 1/¢!/® and 8’ = 6 /c provided 6 < c. This holds when 6 < a®.
The model can be extended to the class of semi—Mittag-Leffler distributions.
Here we consider a semi—Mittag-Leffler distribution with Laplace transform

A’(X
¢x(t) = 2100

where 7)(¢) satisfies the functional equation

n(mt) =m*n(t); 0<m<1, 0<a<l.
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This is denoted by SML(«,4). Then the semi-Mittag-Leffler tailed distribution
denoted by SMLT (e, A, 6) has Laplace transform

A% +0n(1)

A“+m(r)

The first order semi-Mittag-Leffler tailed autoregressive (SMLTAR(1)) process has
innovations whose Laplace transform is given by

o [2n] 12220

‘Px(t) =

where ¢ = a®[p+ (1 — p)8]. Therefore

o) = | et e |

et e+ (8w

Therefore, the innovations {¢,} can be represented as the sum of two independent
semi—Mittag-Leffler tailed random variables u,, and v,, where

uy L SMLT (0, A,a%) and v, < SMLT (a, 1, 6') (6.5.2)

where A’ = 1 /c'/*, 6" = 6 /c. Then we have the following theorem which gives the
stationary solution of the SMLTAR(1) model.

Theorem 6.5.1. For 0 < p <1, 0 < a < 1 the stationary Markov process {x,}
defined by (6.4.7) has a semi-Mittag-Leffler tailed SMLT (o, A, 0) marginal distri-
bution if and only if the innovation sequence {€,} are independent and identically
distributed as the sum of two independent semi—Mittag-Leffler tailed random vari-

ables as in (6.5.2), provided x 4 SMLT (¢, A,0).

The stationarity of the process can be easily established, as given below.

90, (1) = 9e, (1) [P+ (1= )9y, _, (a1)]
_ Puaan( )} Pmen((t)]

A%+1n(1) A%+ cen(1)
y [p+(1 B l;at_(-)nnaattt)]
-] s o]
_A%+On()

=T rn0) since N (at) = a”*n(z).
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Hence x, is distributed as SMLT (o, A, 0). The necessity part follows easily from
the derivation of the structure of the innovation sequence. Now we consider the
following theorem.

Theorem 6.5.2. In a positive valued stationary Markov process {x,} satisfying
the first order autoregressive equation x, = ax,—1 + €,, 0 < a < 1 the innovations
{€n} are independently and identically distributed as a tailed distribution of the
same type as that of {x,} if and only if {x, } are distributed as semi-Mittag-Leffler .

Proof 6.5.1: We have, assuming stationarity,

Ox(t) = Oc(at) ().

Suppose
O.(t) =0+ (1—0)¢(r) where0< 60 < 1.
Then
9x(t) = @x(ar)[6 + (1 — 68)¢x(1)].
Writing
1
O.(t) = o) we get

1 1 1
T R wetpn [eﬂl_e)lm(t)}

B [ 1 ] {1 +0n (t)}

Clt+n(an) | [ 14+n() |
This implies that 1(at) = 61 (¢). By taking 6 = a® it follows that the distribution
of x, is semi-Mittag-Leffler . Conversely, if {x, } are semi-Mittag-Leffler, we get
_ (1) _ 1+n(ar)

Oc(at) — 1+n()

_ 1+a%n()
~ ()
=a%+(1—a%)

oy

1+n(t)

Hence {¢, } is distributed as SMLT (ox,a%).

The SMLTAR(1) process can be regarded as generalizations of the EAR(1),
NEAR(1), MLAR(1), NMLAR(1), TEAR(1), ETAR(1) and MLTAR(1) processes.
These processes are useful to model non-negative time series data which exhibit ze-
ros, as in the case of stream flow data of rivers that are dry during part of the year.
They are useful for modeling life times of devices which have some probability for
damage immediately after putting it to use. In a similar manner, the models can be
extended to the semi-o-Laplace case and its special cases. Also geometric Mittag-
Leffler and geometric alpha-Laplace distributions and time series models can be
developed.
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Exercises 6.5.

6.5.1. Derive the Laplace transform of the exponential tailed distribution.

6.5.2. Derive the innovation structure of the Mittag-Leffler tailed autoregressive
process.

6.5.3. Examine whether the Mittag-Leffler tailed distribution is self-decomposable.

6.5.4. Give areal life example where the exponential tailed distribution can be used
for modeling.

6.5.5. Show that Laplace distribution belongs to the semi-a-Laplace family.

6.5.6. Define a geometric exponential distribution similar to the geometric stable
distribution.

6.5.7. Try to develop a generalized Laplacian model, with characteristic function
o
ox(1) = (ﬁ) .

6.5.8. Develop the concept in geometric infinite divisibility by replacing addition by
minimum in the case of g.i.d.

6.5.9. Develop an autoregressive minification structure by replacing addition by
minimum in the standard AR(1) equation.

6.6 Marshall-Olkin Weibull Time Series Models

6.6.1 Introduction

The need for developing time series models having non-Gaussian marginal dis-
tributions has been long felt from the fact that many naturally occurring time se-
ries are non-Gaussian with Markovian structure. In recent years Tavares (1980),
Yeh et al. (1988), Arnold and Robertson (1989), Pillai (1991), Alice and Jose (2004,
2005) and others have developed various autoregressive models with minification
structure. The Weibull distribution, including exponential distribution plays a cen-
tral role in the modeling of survival or lifetime data and time series data of non-
negative random variables such as hydrological data and wind velocity magnitudes.
Lewis and McKenzie (1991), Brown et al (1984) note that although studies have
shown that Weibull marginal distributions have been found adequate for wind ve-
locity magnitudes, unfortunately ‘no time series models have been rigorously de-
veloped for random variables possessing a Weibull distribution’. Wind power data
are even more likely to need very long tailed marginal distributions. Again in reli-
ability studies, sequences of times between failures are correlated and models with
non-constant marginal hazard rate are needed to model them adequately.
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6.6.2 Marshall-Olkin semi-Weibull distribution
We say that a random variable x with positive support has a semi-Weibull distribu-
tion and write x £ SW (B, p) if its survival function is given by

Fy(xp) = P(x > x,) = exp(—¥(x,)) (6.6.1)

where W(x) satisfies the functional equation,
PW(x) =W(pFx),f>0,0<p <1, (6.6.2)
Equation (6.6.2) will give on iteration
pW(x) = W(phax).

On solving (6.6.2) we obtain W(x) = xh(x), where h(x) is periodic in In x with

period (;ﬁ’;ﬁ ) . For details see Jose (1994, 2005) .

We consider a new family of distributions introduced by Marshall and Olkin
(1997). Considering a survival function F', we get the one-parameter family of sur-
vival functions

- oF (x)

Gxo) = ———————;—00 < x < 00,0 < O < oo, (6.6.3)
[1= (1= 0)F(x)]

It can be easily seen that when @ = 1, G = F. Whenever F has a density, the family

of survival functions given by G(x; ) in (6.6.3) has easily computed densities. In

particular, if F has a density f and hazard rate rr, then G has the density g given by

of(x)

gl o) = T (-—aF0P (6.6.4)

and hazard rate
re(x)

S e

,—00 < x < oo, (6.6.5)
Substituting (6.6.1) in (6.6.3) we get a new family of distributions, which we shall
refer to as the survival function of Marshall-Olkin semi-Weibull [MOSW (¢, 3,p)]
family, whose survival function is given by

— o
G(x,Ot) = m,x>o,a >O

The probability density function corresponding to G is given by

W ()
oe " WY (x)
55X > 0,0 > 0.

S = (1w
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The hazard rate is given by
¥'(x)

r(x; o) = T o 01— oo 70

, x> 0,00 > 0.
Now we establish the following properties:

Theorem 6.6.1. Ler N be an integer valued random variable independent of the
Xn's such that P[N > 2] = 1 where {x,} is a sequence of independent and identi-

1
cally distributed MOSW random variables. Then y = (%) B min (x1,x2,...,xn); N >
o, N > 1 is distributed as semi-Weibull.

Proof 6.6.1: We have

n=2
v _ 1 t W(x)
LN = 1+<;>W<<;>-l/ﬁx>] ¢

Hence Y is distributed as semi-Weibull.

Theorem 6.6.2. If {x|,x2,---,x,} are independently and identically distributed
1

as MOSP (a,B,p), then z, = (5)F min(x1,x2,---,x,),&,B > 0,n>1,n> @, is
asymptotically distributed as semi-Weibull.

Proof 6.6.2: If x is distributed as Marshall-Olkin semi-Pareto, MOSP («, 3, p),

then .
Floo,B,p)=—F——
14 G y(x)
where |
y(x) =y(pPx)
Hence

&
=
Il
~
| ——|
/N
QRI=z
N——
= —
2.
=
~—
=
=
S
)
Vv
=
| I

as n tends to infinity.
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Similar results can be obtained in the case of Marshall-Olkin Pareto and Weibull
distributions as a special cases.

Theorem 6.6.3. Ler {x;,i > 1} be a sequence of independent and identically dis-
tributed random variables with common survival function F (x) and N be a geomet-
ric random variable with parameter pand P(N =n) = pg"',n=1,2,..,0< p< 1,
q = 1 — p, which is independent of {x;} for all i > 1. Let uy = min;<;<yx;. Then
{un} is distributed as MOSW if and only if {x;} is distributed as semi-Weibull.

Proof 6.6.3:
H(x) = P(uy > x)
= ;[F (0)]"pg""!
PF(x)
1—(1=p)F(x)
Suppose )
F(x) = exp(—¥(x))

Then

A= —
1+ (3) @ -1)

which is the survival function of MOSW. This proves the sufficiency part of the
theorem. Conversely, suppose

Then we get
F(x) = exp(—¥(x)),

which is the survival function of semi-Weibull.

6.6.3 An AR (1) model with MOSW marginal distribution

In this section we consider a first order autoregressive model.

Theorem 6.6.4. Consider an AR (1) structure given by

& w.p. p
= . 6.6.6
o { min(x,_1,&,) w.p. (1—p) ¢ )

where {&,} is a sequence of independently and identically distributed random vari-
ables independent of x,, then {x,} is a stationary Markovian AR(1) process with
MOSW marginals if and only if {€,} is distributed as semi-Weibull distribution.



290 6 Applications to Stochastic Process and Time Series
Proof 6.6.4: From (6.6.6) it follows that

Fy, (x) = pFe, (x) + (1= p)F,_, (x)Fe, (x). (6.6.7)
Under stationary equilibrium,

pF(x)
[1—(1—p)F(x)]

If we take F.(x) = e~ ¥(¥)_ then it easily follows that

Fi(x) =

i _ p
Fx(X) = el},(x) _ (1 7[)) )

which is the survival function of MOSW. Conversely, if we take,

- _ P

FXn(x) - e\};(x) . (1 _p) ’
itis easy to show that Fg, (x) is distributed as semi-Weibull and the process is station-
ary. In order to establish stationarity we proceed as follows: Assume x,,_; 2L MOSW

and &, < semi-Weibull. Then

_ pef\l}(x)

Fy, (x) = 1— (1 7p)e—‘P(x) :

This establishes that {x, } is distributed as MOSW. Even if xy is arbitrary, it is easy
to establish that {x,} is stationary and is asymptotically marginally distributed as
MOSW.

The following theorem is regarding a k* order autoregressive model.

Theorem 6.6.5. Consider an autoregressive model of order k as follows:

En w.p. pPo
min(x,_1,€,) w.p. p1
Xy = mm(x,,_g, En) w.p. p2 (6.6.8)

min(x, g, €,) W.p. Pk

where 0 < p; < 1,(p1+p2+---+pr) =1 — po. Then {x,} has stationary marginal
distribution as MOSW if and only if {€,} is distributed as semi-Weibull.

The proof follows from the following facts.

F, (x) = po Fe, (x) + p1 B, (x) Fe, (x) + -+ pic Fr,_ (¥) Fe, ().
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Under stationary equilibrium,

Fi(x) = po Fe(x)+ p1 Fx(x) Fe(x) + -« + pi Fx(x) Fe(x).

This reduces to - (
_ Fe(x
w(x) = Poe )- :
[1= (1= po) Fe(x)]
It can be seen that the semi-Weibull distribution is a more general class of distri-

butions which includes Weibull distribution in the sense that for 4(x) = 1, we have
W(x) =P

6.6.4 Marshall-Olkin generalized Weibull distribution

Consider the two-parameter Weibull distribution with survival function
F(x) =exp(—(Ax)P), x> 0,4 > 0,8 > 0.

Then substituting in (6.3.2) we get a new family of distributions, which we shall
refer to as the Marshall-Olkin Generalized Weibull (MOGW) family, whose survival
function is given by

aexp[—(lx)ﬁ]
1— (1 —o)exp[—(Ax)P]

Glx;a, A, B) = x>0,4,B,a>0.

The probability density function corresponding to G is given by

aBABxP T exp(Ax)P

gl a,A,B) = exp[(Ax)P _(l_a)]27x>07p7[3706 > 0.

The hazard rate is given by

x: _ MB@P texp(dn)f
(x:p,a,B) = fexp )P — (I —a)}’ >0,A,B,a>0.

We also explore the nature of the hazard rate r(x). It is increasing if « > 1, f > 1
and decreasing if a < 1, B < 1. If B > 1, then r(x) is initially increasing and even-
tually increasing, but there may be an interval where it is decreasing. Similarly if
B < 1, then r(x) is initially decreasing and eventually decreasing but there is an in-
terval where it is increasing. When o = 1, it coincides with the Weibull distribution.
This points out the wide applicability of the MOGW distribution for modeling var-
ious types of reliability data. Theorem 6.6.4 and Theorem 6.6.5 can be extended in
this case also.



292 6 Applications to Stochastic Process and Time Series

6.6.5 An AR (1) model with MOGW marginal distribution

Theorem 6.6.6. Consider the AR (1) structure given by

& w.p. p
= ) 6.6.9
n { min(x,_1,&,) w.p. (1—p) ( )

where {€,} is a sequence of independently and identically distributed random vari-
ables, independent of x,, then {x,} is a stationary Markovian AR (1) process with
MOGW (p,A,B) marginals if and only if {€,,} is distributed as Weibull distribution
with parameters A and .

Proof 6.6.5: Proceeding as in the case of Theorem 6.6.4 if we take
Fe(x) = exp(~2x)P,

then it easily follows that

B B peXp(—;Lx)B
Fi(x) = [1—(1 _p)exp(—lx)ﬁ]
14

[exp(Ax)P — (1 - p)]
which is the survival function of MOGW (p, A, ). Conversely, if we take,

= o P
Fal) = P — ()]

it is easy to show that F¢, (x) is distributed as Weibull with parameters A, and
the process is stationary. In order to establish stationarity we proceed as follows:
Assume x,_; £ MOGW (p, A, B) and {€,} £Weibull (1, 3). Then
5N plexp(=2x)F]
F:Vn(‘x) - ﬁ .
{1—(1—p)exp(=Ax)P}
This establishes that {x,} is distributed as MOGW (p, A, B). Even if x is arbitrary,

it is easy to establish that {x,} is stationary and is asymptotically marginally dis-
tributed as MOGW (p, A, ) .

Theorem 6.6.7. Consider an autoregressive model x,, of order k with structure
(6.6.8). Then {x,} has stationary marginal distribution as MOGW if and only if
{&.} is distributed as Weibull.

Proof is similar to that of Theorem 6.6.6

Table 1 shows P(x, < x,—1), which are obtained through a Monte Carlo simula-
tion procedure. Sequences of 100, 300, 500, 700, 900 observations from MOGWAR
(1) process are generated repeatedly for ten times and for each sequence the prob-
ability is estimated. A table of such probabilities is provided with the average from
ten trials along with an estimate of standard error in brackets. (see Table 1).
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Table 6.1 P(x, < x,_;) for the MOGWAR(1) process where A = 1,3 =5.
Sample size
p/n 200 400 600 800 1000
0.1 0.7705171 0.7523951 0.7573636 0.745249 0.7589128
(0.002001358)  (0.003661458) (0.2899318) (0.002795277)  (0.002238917)
0.2 0.6740114 0.6597776 0.6564568 0.6621319 0.6654536
(0.005064845)  (0.003381987)  (0.003264189)  (0.002337129)  (0.001765257)
0.3 0.6253248 0.5887756 0.5930888 0.5941391 0.5913183
(0.0551385) (0.002164813) (0.0259571) (0.002407355)  (0.003051416)
0.4 0.5027496 0.4992585 0.5230972 0.5237219 0.5153204
(0.005699338)  (0.004394413)  (0.003465077)  (0.001724348)  (0.003295175)
0.5 0.4097892 0.4390949 0.4486389 0.4265652 0.4378709
(0.003480096)  (0.004124351)  (0.003437423)  (0.003071082)  (0.001833982)
0.6 0.3228981 0.3585286 0.3523585 0.3440362 0.357975
(0.005857569)  (0.005020905)  (0.003365158)  (0.002421289)  (0.003009052)
0.7 0.2695292 0.2676458 0.2646377 0.2773244 0.2731059
(0.005099691)  (0.003165013)  (0.003349412)  (0.003459127)  (0.003940234)
0.8 0.1873956 0.207557 0.1761628 0.1863542 0.2003661
(0.005808668)  (0.006569641)  (0.002695993)  (0.0033855295)  (0.003308759)
0.9 0.1175264 0.1194025 0.1119517 0.1012818 0.1130184
(0.007946155)  (0.006232362)  (0.005194928)  (0.002785095)  (0.003507806)

6.6.6 Case study

In this section, we illustrate the application of the MOGWAR(1) process in model-
ing a hydrology data as a case study. The data consists of total daily weighted dis-
charge (in mm?) of Neyyar river in Kerala, India, at the location Amaravilla (near
Amaravilla bridge) during 1993. Neyyar is one of the west flowing rivers in Kerala,
located in the Southern most part of Kerala. It originates from Agasthyamala at an
elevation of about 1,860 m. above mean sea level. From there it flows down rapidly
along steep slopes in its higher reaches and then winds its way through flat country
in the lower reaches. In the initial stages the course is in a southwestern direction
but at Ottasekharamangalam the river turns and flows west. It again takes a south-
western course from Valappallikanam upto its fall. The Neyyar is 56 Km. long and
has a total drainage area of 497 sq. Km. It is a main source of irrigation in southern
Kerala and the Neyyar Dam is a main source of hydroelectric power in that region.

The arithmetic mean of the given data is 0.81. The estimates are obtained as
p=0.5and B = 0.7. The calculated value of y? is 0.626, which is significantly
less than the tabled value. Hence MOGW distribution is found to be a good fit
in this situation. It is found that the simulated MOGWAR (1) process has close
resemblance to the actual data.

Exercises 6.6.

6.6.1. Define a minification process of order 1.

6.6.2. Obtain the class of distributions for which a stationary minification process is
defined.
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6.6.3. Develop a minification process with Pareto marginals.
6.6.4. Develop a semi-Weibull minification process.
6.6.5. Obtain the relationship between semi-Weibull and semi-Pareto distributions.

6.6.6. Obtain the innovation structure of a general Marshall-Olkin minification
process.

6.6.7. Develop a bivariate Pareto minification process.
6.6.8. Develop a bivariate exponential minification process of order o.
6.6.9. Derive the hazard rate function of a Marshall-Olkin exponential distribution.

6.6.10. Derive the stationary solution of a k' order minification process.
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Chapter 7
Applications to Density Estimation

[This chapter is based on the lectures of Professor Serge B. Provost of the Department of
Statistical and Actuarial Sciences, The University of Western Ontario, Canada.]

7.0 Density Estimation and Orthogonal Polynomials

It is often the case that the exact moments of a continuous distribution can be ex-
plicitly determined, while its exact density function either does not lend itself to
numerical evaluation or proves to be mathematically intractable. The density ap-
proximants proposed in this article are entirely specified by the first few moments of
a given distribution. First, it is shown that the density functions of random variables
confined to closed intervals can be approximated in terms of linear combinations of
Legendre polynomials. In an application, the density function of a mixture of two
beta random variables is approximated. It is also explained that the density func-
tions of many statistics whose support is the positive half-line can be approximated
by means of sums involving Laguerre polynomials; this approach is applied to a
mixture of three gamma random variables. It is then shown that density approxi-
mants that are based on orthogonal polynomials such as Legendre, Laguerre, Jacobi
and Hermite polynomials can be equivalently obtained by solving a linear system
involving the moments of a so-called base density function.

7.1 Introduction

This lecture is concerned with the problem of approximating a density function
from the theoretical moments (or cumulants) of the corresponding distribution. Ap-
proximants of this type can be obtained for instance by making use of Pearson or
Johnson curves [Solomon and Stephens (1978); Elderton and Johnson (1969)], or
saddlepoint approximations [Reid (1988)]. These methodologies can provide ade-
quate approximations in a variety of applications involving unimodal distributions.

297
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However, they may prove difficult to implement and their applicability can be sub-
ject to restrictive conditions. The approximants proposed here are expressed in terms
of relatively simple formulae and apply to a very wide array of distributions; more-
over, their accuracy can be improved by making use of additional moments. Interest-
ingly, another technique called the inverse Mellin transform, which is based on the
complex moments of certain distributions, provides representations of their exact
density functions in terms of generalized hypergeometric functions; for theoretical
considerations as well as various applications, the reader is referred to [Mathai and
Saxena (1978)] and [Provost and Rudiuk (1995)].

First, it should be noted that the hth moment of a statistic, u(xy,...,x,), whose
exact density is unknown, can be determined exactly or numerically by integrating
the product u(xi,. .. ,xn)h g(x1,...,x,) over the range of integration of the x;’s where
g(x1,...,x,) denotes the joint density of the x;'s, n=1,2,.... Alternatively, the mo-
ments of a random variable x can be obtained from the derivatives of its moment-
generating function or by making use of a relationship between the moments and the
cumulants when the latter are known, see [Mathai (1993), Smith (1995)]. Moments
can also be derived recursively as for instance is the case in connection with certain
queuing models. Once the moments of a statistic are available, one can often ap-
proximate its density function in terms of sums involving orthogonal polynomials.
The approximant obtained for nonnegative random variables depends on two para-
meters that are determined so as to produce the best initial gamma approximation
on the basis of the first two moments of the distribution. Furthermore, it was de-
termined that for commonly encountered unimodal distributions, twelve moments
usually suffice to produce reasonably accurate approximations.

The approximant proposed for distributions defined on semi-infinite intervals ap-
plies to a wide class of statistics which includes those whose asymptotic distribution
is chi-square, such as —21nA where A denotes a likelihood ratio statistic, as well as
those that are distributed as quadratic forms in normal variables, such as the sample
serial covariance. It should be noted that an indefinite quadratic form can be ex-
pressed as the difference of two independent nonnegative definite quadratic forms
whose cumulants, incidentally, are well-known. As for distributions having compact
supports, one has for example the Durbin-Watson statistic, the sample correlation
coefficient, as well as many other useful statistics that can be expressed as the ratio
of two quadratic forms, as discussed for instance in [Provost and Cheong (2000)].

In Section 7.4, we propose a unified approach for approximating density func-
tions, which turns out to be mathematically equivalent to making use of orthogonal
polynomials. This semiparametric methodology is also based on the moments of
a distribution and only requires solving a linear system involving the moments of a
so-called base density function.

Several illustrative examples are presented. For comparison purposes, each of
them involves a distribution whose exact density function can be determined. First,
the distribution of a mixture of two beta distributions is considered. The approxi-
mation technique presented in Section 7.3 is applied to a mixture of three gamma
random variables. A mixture of three Gaussian random variables is considered in
Section 7.4.
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For results on the convergence of approximating sums that are expressed in
terms of orthogonal polynomials, the reader is referred to Sansone (1959), Alexits
(1961), Devroye and Gyorfi (1985) and Jones and Ranga (1998). Since the proposed
methodology allows for the use of a large number of theoretical moments and the
functions being approximated are nonnegative, the approximants can be regarded
as nearly exact bona fide density functions, and quantiles can thereupon easily be
estimated with great accuracy. As well, the polynomial representations of the ap-
proximants make them easy to report and amenable to complex calculations.

Up to now, orthogonal polynomials have been scarcely discussed in the statis-
tical literature in connection with the approximation of distributions. This state of
affairs might be due to difficulties encountered in deriving moments of high orders
or in obtaining accurate results from high degree polynomials. In any case, given the
powerful computational resources that are widely available these days, such com-
plications can hardly any longer be viewed as impediments. It should be pointed
out that the simple semiparametric technique proposed in Section 7.4 eliminates
some of the complications associated with the use of orthogonal polynomials while
yielding identical density approximants.

7.2 Approximants Based on Legendre Polynomials

A polynomial density approximation formula is obtained in this section for distri-
butions having compact supports. This approximant is derived from an analytical
result stated in Alexits (1961), which is couched below in statistical nomenclature.
It should be pointed out that no a priori restrictions on the shape of the distribution
need to be made in this case.

The density function of a random variable x that is defined on the interval [—1, 1]
can be expressed as follows:

filx] = i Ay Py [x] (7.2.1)
k=0

where P;[x] is a Legendre polynomial of degree k, that is,

1 8" K Floor[k/2] (_])ix72i+k (—2l+2k)'

__ - Y (_ 2\* _
_2kk!axk( 1+x) ;3 2Ki1 (=2i+k)! (—i+k)!’

Plx] (7.2.2)

Floorlk/2] denoting the largest integer less than or equal to k/2, and

2k O () (204 2k) (<20 4-K)
2 =~ 2Ki (=2i+k)! (—i+k)!

=

Ak

142k

P (@) (7.2.3)



300 7 Applications to Density Estimation

with P*;(x) = Pi(x) wherein x*~2/ is replaced by the (k — 2i)th moment of x:
. 1 .
W —2i+k] = E (x 21T = / X2 f (x)d, (7.2.4)
-1

see also Devroye (1989). Legendre polynomials can also be derived by means of a
recurrence relationship, available for example in Sansone (1959), p. 178. Given the
first n moments of x, u[1],..., u[n], and setting p[0] = 1, the following truncated
sum denoted by f;, (x) can be used as a polynomial approximation to f;(x):

falll =Y MPi(x). (7.2.5)
k=0

As explained in Burden and Faires (1993), Chapter 8, this polynomial turns out to be
the least-squares approximating polynomial that minimizes fil (fr(x) = fr, (x))?dx,
the integrated squared error. As stated in Rao (1965), p. 106, the moments of any
continuous random variable whose support is a closed interval, uniquely determine
its distribution, and as shown by Alexits (1961), p. 304, the rate of convergence of
the supremum of the absolute error, |f(x) — fx, (x)|, depends on fi(x) and n, the
degree of f;,(x), via a continuity modulus. Therefore, more accurate approximants
can always be obtained by making use of higher degree polynomials.

We now turn our attention to the more general case of a continuous random
variable y defined on the closed interval [a,b], whose kth moment is denoted by

b
Wl =E0H = [ h 0 k=0.1,... (7.2.6)

where f,(y) denotes the density function of y. As pointed out in Section 7.1, there
exist several alternative methods for evaluating the moments of a distribution when
the exact density is unknown. On mapping y onto x by means of the linear transfor-
mation
. 2y—(a+D)

 b—a
one has the desired range for x, that is, the interval [—1,1]. The jth moment of
x, expressed as the expected value of the binomial expansion of ((2y — (a+ b))/
(b—a))/ is then given by

(7.2.7)

1
(b—a)l

e[j] = Z]‘, (j )2kuy[k}(—1)f’k (a+b)* (7.2.8)

k=0 k

and (7.2.5) can then be used to provide an approximant to the density function of x.
On transforming x back to y with the affine change of variables specified in (7.2.7)
and noting that dx/dy = 2/(b — a), one obtains the following polynomial approxi-
mation for the density function of y:

2y—<a+b)) . (72.9)

, = —da nl
fubl=/0=a) ¥ aun (25
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Example 7.2.1. Approximate density of a mixture of beta random variables

Consider a mixture of two equally weighted beta distributions with parameters
(3,2) and (2,30), respectively. A fifteenth-degree polynomial approximation was ob-

tained from (7.2.9). The exact density function of this mixture and its approximant,
both plotted in Figure 7.1, are manifestly in close agreement. Obviously, approaches
that are based on a few moments would fail to provide satisfactory approximations
in this case.

As will be mentioned in Section 7.4, beta-shaped density functions defined on
closed intervals can be approximated in terms of Jacobi polynomials. However, it
should be pointed out that approximants expressed in terms of Legendre polynomi-
als can accommodate a much wider class of distributions defined on closed intervals.

7.3 Approximants Based on Laguerre Polynomials

As mentioned in Section 7.1, the density functions of numerous statistics distrib-
uted on the positive half-line can be approximated from their exact moments by
means of sums involving Laguerre polynomials. It should be pointed out that such
an approximant should only be used when the underlying distribution possesses the
tail behaviour of a gamma random variable; thankfully, this is often the case for
statistics whose support is semi-infinite. Note that for other types of distributions
whose support is the positive half-line, such as the lognormal, the moments may not

uniquely determine the distribution; see for instance Rao (1965), p. 106 for condi-

tions ensuring that they do.

Consider a random variable y defined on the interval (a, o), whose jth moment
is denoted by ,[j], j=0,1,2,..., and let
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1+ 2
_ K 73.1
—a+ (1] ( )
yo wlllza (132)
C
and
x= y;“ (7.3.3)

As will be explained later, when the parameters ¢ and v are so chosen, the leading
term of the resulting approximating sum will in fact be a gamma density function
whose first and second moments agree with those of y. Note that although a can be
any finite real number, it is often equal to zero. Denoting the jth moment of x by

el j] =E[((y—nu)/c)], (7.3.4)

the density function of the random variable x defined on the interval (0, ) can be
expressed as

frlx] =xe™ i O;L;(v,x) (7.3.5)
j=0

where ' '
L (=DFT(1 4 j+v) /K

Lilv,x| = - - 7.3.6
i = X S ke -0 (7.36)
is a Laguerre polynomial of order j with parameter v and
L (D -4
o= 7.3.7
1= X Tk v) (= O (7.3.7)

which also can be represented by j!/T'(v+ j+ 1) times L;[v,x] wherein x* is replaced

with i, [k], see for example Szegd (1959) and Devroye (1989). Then, on truncating
the series given in (7.3.5) and making the change of variables y = cx+a, one obtains
the following density approximant for y:

(y a (y a)/c n

foly] = Z5L (y—a)/c).

Remark 7.3.1. On observing that f,,(y) is a shifted gamma density function
with parameters o = v+ 1 = (u[l] —a)?/(u[2] — u[1]?) and B = c = (u[2] —
u[1]?)/(1[1] — a), one can express fy, (x) as the product of an initial shifted gamma
density approximation whose first two central moments, o8 + a = p[[1]] and
aB? = u[[2]] — u[[1]]?, match those of y, times a polynomial adjustment; that is,

L —a l+a n
) = eP (ﬁalj_[(ﬁ ];)aijF((x)(a—l,(y—a)/c). (7.3.8)
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The following example is relevant as nonnegative definite quadratic forms in normal
variables which happen to be ubiquitous in Statistics can be expressed as mixtures of
chi-square random variables, see for instance Mathai and Provost (1992), Chapters
2and 7.

Example 7.3.1. Approximate density of a mixture of gamma random vari-
ables

Let the random variable y be a mixture of three equally weighted shifted gamma
random variables with parameters (o = 8,8; = 1),(ox = 16,3, = 1) and (a3 =
64, B3 = 1/2), all defined on the interval (5, 00). The hth moment of this distribution
is determined by evaluating the Ath derivative of its moment-generating function,
M, (t), with respect to ¢ atz = 0.

Figure 7.2 shows the exact density function of the mixture as well as the ini-
tial gamma density approximation given by fy, [y]. Clearly, traditional approximants
such as those mentioned in Section 7.1, could not capture adequately all the distinc-
tive features of this particular distribution.

The exact density function, f,[y] and its polynomial approximant, fy[y], are
plotted in Figure 7.3. (Once such an approximant is obtained, one could for instance
approximate it with a spline composed of third-degree polynomial arcs, in order to
reduce the degree of precision required in further calculations.)

This example illustrates that the proposed methodology can also accomo-
date multimodal distributions and that calculations involving high order Laguerre
polynomials will readily produce remarkably accurate approximations when per-
formed in an advanced computing environment such as that provided by Mathematica.

0.05
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Fig. 7.2 Exact density and initial gamma approximant
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7.4 A Unified Methodology

The remark made in the previous section suggests the following general semipara-
metric approach to density approximation, which consists of approximating the den-
sity function of a distribution whose first » moments are known by means of a base
density function whose parameters are determined by matching moments, times a
polynomial of degree n whose coefficients are also obtained by matching moments.

Result 7.4.1 Let f,[y] be the density function of a continuous random variable y
defined on the interval (a,b), E(y/) = py[j],x = (y—u) /s where u and s are constants,
a0 = (a—u)/s.bo = (b—u) /s, fulx] = Is|fylu+sx], E(xP) = E[((y—1)/5)7] = ],
and the base density function, yy[x|, be an initial density approximant for x defined
on the interval (ag, by), whose jth moment, n,[j], exists for j=1,...,2n. Assuming
that the tail behavior of yy[x] is similar to that of fi[x], fi[x] can be approximated by

fo ) = yilx] ) &x (7.4.1)
i=0

with (&, ...,&,)" = M~ (u[0],...,1[n]) where M is an (n+ 1) x (n+ 1) matrix
whose (h+ 1)th row is (my[h],...,mh+n]) ;h =0,1,...,n, and whenever &;[x]
depends on r parameters, these are determined by matching m,[j] to p[j] for j =
1,...,r. The corresponding density for y is then

LD = Fally—u)/sl/s. (714.2)

The coefficients &;, can easily be determined by equating the first 7 moments
obtained from f;, [x] to those of x :

0

b n b
/ Oxhwx[x]Za;—ix’dx:/ " fdx, h=0,1,....n, (743)
a i=0 a0
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which is equivalent to
(my[h],....me[h+n]).(&, ..., &) = Welh], h=0,1,...,n; (7.4.4)

this linear system can be represented in matrix form as

M (&, &) = ([0, ., i [m])’
where M is as defined in Result 7.4.1.

7.5 Approximants Expressed in Terms of Orthogonal
Polynomials

By making use of the same notation, we now show that the unified approach de-
scribed above provides approximants that are mathematically equivalent to those
obtained from orthogonal polynomials whose weights are proportional to a certain
base density function.

Let {T;[x] = ):}ICZO 84xk,i=0,1,...,n} be a set of orthogonal polynomials on the
interval (ag,bo) such that

by
/ wlx]T;[x] T}, [x]dx = 6, when i = h, h =0, 1,...,n, and zero otherwise, (7.5.1)
ag

where w(x] is a weight function, and let ¢y be a normalizing constant such that
crw(x] = y,[x] integrates to one over the interval (ag,bg). On noting that the orthog-
onal polynomials 7; are linearly independent [Burden and Faires (1993), Corollary
8.8], one can write (7.4.1) as

fo ¥l = crwlx] Y niTip[x] (15.2)
i=0

where the 7)/s are obtained from equating |, ;:) O Ty [x] f, [X]dx to [ al; O T [x] fx]dx for

h=0,1,...,n, which yields the following linear system:
bo n bo
cr / Tlxwx] Y niTix]dx = / T fWlde h=0,1,....n,  (7.53)
ag i=0 agpn

which is equivalent to

n bo h
y T],-CT/ Wil T T e = Y Sk, h=0,1,....m, (7.5.4)
i=0 a0 k=0

where 8y is the coefficient of x* in Tj,. Thus, by virtue of the orthogonality property
given in (7.5.1), one has

1 h
Y Suticlk], h=0,1,...n, (7.5.5)
CTeh =0

Nh =
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and

Jo ] = wlx] Z ( : ki()&kﬂx[’d) Tilx]. (7.5.6)

S\ crbi =

Now, letting y = u+sx, a = u+sag, b = u+ sbg, and denoting the density functions
of y and y, corresponding to those of x and x,, by fy[y] and fy, [y], respectively, f;[y]
whose support is the interval (a,b) can be approximated by

S Dl =wl(y—u)/s] i (1 i 5ikux[k}> Ti[(y —u)/s]. (7.5.7)

=0\ 56 (=

It is apparent that several complications associated with the use of orthogonal poly-
nomials can be avoided by resorting to the direct approach described in Result
7.4.1. Density approximants expressed in terms of Laguerre, Legendre, Jacobi and
Hermite polynomials are discussed below.

7.5.1 Approximants expressed in terms of Laguerre polynomials

Consider the approximants based on Laguerre polynomials discussed in Section 7.3.
In that case, y = cx+a, so that u = a,s = ¢,ap = 0,by = oo, w|x] = x’e ¥, T;[x] is the
Laguerre L;[v,x| orthogonal polynomial and 6, = I'[v+ A+ 1]/h!. It is easily seen
that the density expressions given in (7.5.7) and (7.3.8) coincide.

In this case, the base density function, W, [x] is that of a gamma random variable
with parameters v+ 1 and 1. Note that after the transformation, our base density
is a shifted gamma distribution with parameters v+ 1 and ¢, whose support is the
interval (a,co).

Alternatively, one can obtain an identical density approximant by making use of
Result 7.4.1 where in yy[x] is a Gamma(A + 1, 1) density function whose jth mo-
ment, m,[j], which is needed to determine the &’s, is given by ['[v+ 1+ j]/T[v+ 1],
j=0,1,....2n.

7.5.2 Approximants expressed in terms of Legendre polynomials

First, we note that whenever the finite interval (a,b) is mapped onto the interval
(ao,bo), the requisite affine transformation is

x=2"% (1.5.8)

with u = (aby — agb)/(bo — ap) and s = (b —a)/(bo — ap). Consider the approxi-
mants based on Legendre polynomials discussed in Section 7.2, which are defined
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(a+b)

on the interval (—1,1). In that case, u = “——, s = (b—a)/2, wlx] = 1, T;[x] is the
Legendre orthogonal polynomial P[x] and 6, = ﬁ It is easily seen that f,, [y]

given in (7.5.7) yields f;,[y] of (7.2.9).

7.5.3 Approximants expressed in terms of Jacobi polynomials

In order to approximate densities for which a beta type density is suitable as a
base density, we shall make use of the following alternative form of the Jacobi
polynomials

I'n+d

G,la, B,x] :n!m

JacobiP[n,o0 — 3,5 —1,2x — 1] (7.5.9)

defined on the interval (0, 1), where JacobiP[n,a;,b,z] denotes a standard Jacobi
polynomial of order n in z with parameters a; and b;. In this case, the weight func-
tion is x*(1 — x)P and the base density is that of a Bera(a + 1, 4 1) random vari-
able, that is,

— 1 A1 —y)P
%[x]_B[a—Fl,ﬁ—i—l]x (I-x)P,0<x<1, (7.5.10)

whose jth moment is given by

L Tla+B+2)Ta+ 1+ ]
mlj) = Ca+1Ta+j+B+2] (7.5.11)

The parameters ¢ and 3 can be determined as follows:

a = .ux[]](ux[l] —‘UX[ZD/([JX[Z] _ux[l]z) -1,
B=—-m1)(o+1)/([1] = 1), (7.5.12)

see Johnson and Kotz (1970). Moreover, in this case,

1 (2k+a+b+ 1)I2k+a+b+1]?

= : 7.5.13
ko kk+a+ Tk+a+b+ 1T[k+b+1] ( )

7.5.4 Approximants expressed in terms of Hermite polynomials

Densities of random variables for which a normal density can provide a reasonable
initial approximation can be expressed in terms of the modified Hermite polynomi-
als given by

H; [x] = (=1)*27*2HermiteH [k, xV/2] (7.5.14)
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-10 =5 5 10 15 2

Fig. 7.4 Exact and approximate (dashed line) PDF’s

where HermiteH [k, z] denotes a standard Hermite polynomial of order & in z. H [x]
is also defined on the interval (—oo,00), and its associated weight function is wx] =

efx2/2. Clearly, x = (y — u) /s with u = I-Ly[l] and s = uy[Z] — /,Ly[l}z. In this case,

the base density is that of a standard normal random variable, that is,

1
vilx] = Ee*xz/z, oo < x < oo, (7.5.15)
whose jth moment is given by
1 . . .
22 (14D (1 4 (=)D
m[j] = ( \/2% )5 ], j=0,1,..., (7.5.16)
and
Oy = V2mk!. (7.5.17)

Example 7.5.1. Consider an equally weighted mixture of a N(u,0?) = N(3,4)
and a N(1,1) distributions. The exact and approximate densities are shown in
Figure 7.4.
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Chapter 8
Applications to Order Statistics

[This chapter is based on the lectures of Dr. Yageen Thomas, Kerala University, Kariavattom,
Kerala, India, at the SERC Schools.]

8.0 Introduction

Order statistics deal with the properties and applications of ordered random vari-
ables and their functions. In the study of many natural problems related to flood,
longevity, breaking strength, atmospheric temperature, atmospheric pressure, wind
etc., the future possibilities in the recurrence of extreme situations are of much
importance and accordingly the problem of interest in these cases reduces to
that of the extreme observations. Let z1,22,...,2, be n random variables. Define
21 = min(21,22,-,2n), 22:n = second smallest of (z1,22,...,21)s -+.,Zi:n = i-th
smallest of (21,22, -.-,2n), - - - ,Zn:n = n—th smallest (the largest) of (z1,22,-..,2,) =
max(zy,22,...,2,). Then we have z;., < z2., < -++ < z,., and these ordered ran-
dom variables z1:,,22:p, - - -, 2n:n are known as the order statistics of the given set of
random variables. In particular z;., is called the i-th order statistic. In most of the
applications of order statistics in statistical inference problems, our interest is with
the order statistics of a random sample of size n drawn from a parent population.
We may write z;.,,22:, - - - , Zn:n to denote the order statistics of a random sample of
size n drawn from an arbitrary distribution. When one considers problems similar
to contamination of a random sample by outliers, order statistics of independent but
not identically distributed random variables are to be considered.

8.1 Distribution Function

Let x1:y,%2:p,-..,X,:, be the order statistics of n independently and identically dis-
tributed (i.i.d) random variables. Then for any real number x, the distribution func-
tion of x,., is denoted by F,.,(x) and is given by

311
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Fr:n(x) = P(xr:n < x)

= P{r or more of the n, x;’s are < x}

n
= ZP{ i of the n, x;’s are < x}

—Z() 'I-F()]"", x€R 8.1.1)

From the well-known relation between binomial sums and incomplete beta func-
tions we may also write (8.1.1) as

e [(n+1) 1 (n—r+1)—1
J - = I S — N G AN
%) ,/0 F(r)l"(nfr+l)t (1-1) dr
IF(x)(rvn r 1)a —oo Jx oo (8.1.2)

Example 8.1.1. Letx;.,,,xp.p,...,X,:, be the order statistics of a random sample
of size n drawn from the uniform distribution over [0, 1]. Obtain £, (x).

Solution 8.1.1: A random variable x is said to have a uniform distribution over
[0, 1] if its probability density function f(x) is given by

1, 0<x<1
f) = {O, elsewhere.

The distribution function F (x) of the uniform distribution is then given by

0, x<0
Fx)=<x, 0<x<1
1, x>1.

Fron(x) = i <”) X (1—x)" (8.1.3)

As a consequence of (8.1.2), we can write the following alternate expression for
Frn(x):

”+1 ~1 (n—r+1)—1
u (11— du. 8.1.4
/ Toreen” 7w ! .14
Note 8.1.1: It may be noted that if x,x,,...,x, are the observations of a random
sample of size n drawn from a population then the order statistics x1:,,X2:p, ..., Xn:n

can be considered as the order statistics of i.i.d. random variables.
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8.1.1 Density of the r-th order statistic

Suppose x1:,,X2:4, - - -, Xn:n are the order statistics of n i.i.d. random variables which
are distributed identically with distribution function F (x) and is absolutely continu-
ous and having the density function f(x), then the pdf (probability density function)
fr:n(x) of x,., can be obtained from (8.1.1) by differentiation. However f;.,(x) also
can be obtained in the following manner: The event x,., € (x, x4+ Ax] is the same as
x; < x for r—1 of the x;’s, x < x; < x+ Ax for exactly one of the x;’s and x; > x + Ax
for the remaining n — r of the x;’s. As Ax — 0 the probability that an observation lies
in the above mutually exclusive classes is F(x), f(x)dx and 1 — F(x) respectively.
Then as Ax — 0, by the multinomial probability law we have

P(x < xp:p < x+Ax)

fr:n(x):AliTO Ax
— n! x r=lrq O £(x
- e PO - FW W, @19

r=1,2,...,n; —co < x < oo,
Example 8.1.2. Let x,., be the r-th order statistic of a random sample of size n

drawn from the uniform distribution over [0, 1]. Obtain the pdf of x,.,

Solution 8.1.2: Clearly

n!

xr71(1 —x)"0<x< 1.

fr:n(x) =

Example 8.1.3. Letx;.,,x3.p,...,X,:, be the order statistics of a random sample
of size n from the exponential distribution with the following pdf,

) = {e_", x>0

0, elsewhere.

Obtain the pdf of x,.,.

Solution 8.1.3: Clearly,
Flx)=1—e".
Therefore

' (1 _e—X)r*1 e—(n—H—l)x x> 0.

In particular,

Sin(x) =ne ™, x>0.
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8.1.2 Joint distribution function of two order statistics

If x and y are two random variables and (u,v) € R? then F (u,v) = P(x < u,y <v) is
called the joint distribution function of x and y. It may be noted that if F} (1) = P(x <
u) and F>(v) = P(y <v) then Fj(u) and F»(v) are called the marginal distribution
functions of x and y respectively. Further,

Fi(u) =limy_oF (u,v) and F>(v) = lim, o F (u, v).

If x,., and x;., are the r-th and s-th order statistics for 1 < r < s < n of a random
sample of size n arising from a population with distribution function F(x) and if
F}. s:n(x,y) is the joint distribution function of x,.,, and xs., then it is clear that

Fs:n(x,y) = limy_ o Fy 5.5 (x, y) for every x > y.

That is,
Fr,x:n(xyy) :an(y) for alle)’- (816)

However for x < y we have,

Fr,s:n(xa Y) = P(xr:n <X, Xy S )’)
= P{at least r of the x;’s are at most x and at least s

of the x;’s are at most y}
(8.1.7)

-1y

Jj=si

n!
il (j—i)! (n—Jj)!
X [FOo)' [F(y) = F o)l [1=F ()"

(8.1.6) and (8.1.7) define the distribution function F; 5., (x,y).

8.1.3 Joint density of two order statistics

Suppose x;., and x,., for 1 <r <s < n be the r-th and s-th order statistics of a ran-
dom sample of size n arising from an arbitrary continuous distribution with distribu-
tion function F(x) and pdf f(x). Then for x <y, the event (x,., € (x, x+Ax], x;.5 €
(y, y+Ay]) is the same as x; < x for (r— 1) of the x;’s , x < x; < x+ Ax for exactly
one of the x;’s, x + Ax < x; <y for exactly s —r— 1 of the x; ’s, y < x; < y+ Ay for
exactly one of the x;’s and x; > y+ Ay for exactly n — s of the x;’s. Then by using the
multinomial probability law we have

P(x <Xpin Sx+AX, Y < Xgop < y+AY)
Ax Ay

fr.,s:n(X, y) = limAX—>O7Ay—>0
~(r= 1! (s—:!—l)z eI F(y)—Fx)p—" @18

<[L=FO)"™ f@f(), —eo<x<y<on
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In particular, if we put » = 1 and s = n in (8.1.8) then we obtain the joint pdf of the
most extreme order statistics and is given by

fl,n:n(x7 y) = n(n— 1) [F(y) _F(x)]n72 f(x)f(y)v —ooJx <Ly <o

Example 8.1.4. Let x,.,,, 5.5, | <r < s <nbe the r-th and s-th order statistics
of a random sample of size n arising from the uniform distribution over [0, 1]. Then
the joint pdf of x,., and x;., is given by

n!
(r—1)!(s=r—1)!(n—s)!

er—l(yix)s—r—l(l7y)n—s’ 0§X<y§ 1.

fr,s:n(x7 y) =

8.1.4 Moments of order statistics

Let x1.n, X2:5,...,X,.n be the order statistics of a random sample of size n drawn

from a population with distribution function F(x) and pdf f(x). Then the k-th mo-

ment of the r-th order statistic is denoted by u,@,, and is given by

r(kr>l = /.m xfr:n(x)dx

n!
= m (8.1.9)

x/ [P 1= FOOI™ flx)dx, k=1,2,...
The variance of x,., is then given by
Var(xy.) = E(x7.,) [E(xr:n)]z
= W= 1]
The product moment of x,., and x;., for 1 <r <s <nis given by

Hrs:n :E(xr:nxszn)

:// o0<X<y<mxyf,73~:n(x,y)d)c/\dy
=Cisin) [ [ o lFer Fo) - Far !
X (L= F()]"™ £(x) f(y)dx Ady

where
n!

(r—=D!(s—r—1)(n—s)!"

Then the covariance between x;., and x;., is given by

C(r,s:n)=

COV(xr:n, xs:n) = l'lr,s:n —MHrnls:n-
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Example 8.1.5. Letx;.,, X2:p,...,X,:, be the order statistics of a random sample

of size n drawn from the uniform distribution over [0, 1]. Then obtain ,ur(lfz,, Var(x;,.),
Cov(xyip, Xs:n) Where 1 <r <s<n.

Solution 8.1.4:

k n! ! r— n—r
.ur(:n:m/0 *Kx l(lfx) dx
B n! Lk+rI(n—r+1)
C(r=D!(n—r)! T(n+k+1)
_onl(k+r—1)!
C(r=D!(n+k)!

When we put k = 1 and k = 2 in the above expression we get

;
.ur:n:m
H(?): (r+1)r '
T (n+ 1) (n+2)
Therefore
Var(xr:n) = .ur(2r)z - [ﬂr:n}z
_r(r+1) r?
T (D) (+2) (1)
_ r(n—r+1)
(1 (n+2)
n!

Hrs:n = (V— 1)!(s_r—1)!(n—S)!

I ry !
x/ / xyxrfl(y—x)“r*l(l—y)"fsdx/\dy
0 Jo
n!

C(r=D!(s—r—1)!(n—s)!
X /01 (1 *y)"_sys“dy/olt’(l —1) ",

on putting x = yt.

B n! Fn—s+1HI(s+2)
(r—=D!(s—r—1)!(n—s)! I'(n+3)
L(r+1)I(s—r)
I'(s+1)

B ris+1)
 (n+1D)(n+2)
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Hence,

COV(xr:nvxs:n) = U s:n — MHr:nMs:n

_or(s+1) rs
T () (n+2) (n+1)?
_r(n—s+1)
 (n+1)2(n+2)

8.1.5 Recurrence relations for moments

The following is a basic recurrence relation which is very helpful in the evaluation
of the moments of order statistics.

Theorem 8.1.1. For an arbitrary distribution

O+ =l =) (8.1.10)

forn>2, 1<r<n—1landk=1,2,...

Proof 8.1.1: Suppose the parent distribution admits the moment of order k. We

have
(I’l—] ! « r— n—r—
B = e [P - PP s
B (n—1)!
C(r=D!(n—r—1)!
< [ HF) (- F) F@) - @
B (n—1)! o . e
— e A - e e
[ A - P e
= %/j;xkfr+l:n(x)dx+ n;r/:cxkfr;n(x)dx.
That is,
ur({cr)l—l = % r(f-)lzn+ M“V(k}i

From the above equation we get the required result.

Note 8.1.2: In several applications of order statistics, the moments of order sta-
tistics are to be evaluated. The recurrence relation (8.1.10) is very helpful in the
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evaluation of these moments, when explicit expressions for the moments of or-

der statistics fail to exist. It is to be noted that by using (8.1.10) one can evaluate

ur({(,z, r=1,2,...,n provided one integral among all integrals for the above moments

is evaluated directly and moments of order statistics of lower sample sizes are also
known.

8.1.6 Recurrence relations on the product moments

The following theorem provides a basic recurrence relation which has been estab-
lished by Govindarajulu and is very helpful in the evaluation of the product moments
of order statistics.

Theorem 8.1.2. For an arbitrary distribution with finite mean value,

(I’— 1>“r,5:n + (S_r>“r—1,s:n + (”_s+ ]).uvr—l,s—lzn
=nUr—1,5—1:n—1 (8.1.11)

forn>3and2 <r<s<n.

Proof 8.1.2:

- (n—1)!
.urfl,sflznfl - (r—Z)!(S—r— 1)'(”—5)‘

Xﬁ:ﬁfWVWﬁww—HMFFm—nmws

x f(x)f(y)dx Ady.

Introducing 1 = F(x) + (F(y) — F(x)) 4+ (1 — F(y)) within the above integral and
expanding it into three integrals we obtain the following:

7 (n—1)!
:u“rfl,sfl:n* (r—2)!(s—r—1)!(n—s)!

X{/Z/LWW@W”W@>50W”*quVﬂ
x f(x)f(y)dxAdy

[ ol tE W - POl - PO

x f(x)f(y)dxAdy

*[:ﬁfW“W”Wm—HMVm—HMWW

xﬂ@ﬂ»@A®}
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That is,

r—1 s — n—s+1

r
Hr—1,5—1:n = .ur,strz+ " .urfl,s:n"" n Hr—1,5—1:n-

n
Now the required result (8.1.11) is obtained from the above relation.

Note 8.1.3: The above recurrence relation helps us to compute all product mo-
ments s.,, 1 <r <s <nif we know n— 1 suitably chosen moments (for ex-
ample, the knowledge of the n — 1 immediate upper diagonal product moments
M. r41:n, 1 <r < n—11isenough for this purpose) provided the product moments of
order statistics of lower sample size are also known.

The above recurrence relation can be further modified and for such results see,
Arnold, Balakrishnan and Nagaraja (1998).

8.1.7 Order statistics from symmetric distributions

Suppose a random variable x has the distribution which is continuous and symmetric
about 0. Then if F(x) is the distribution function and f(x) the pdf of x, then f(x) =
f(—x) and F(—x) = 1 — F(x). Further in this case x and —x are identically distrib-
uted and if xy.,,X2.,,...,%,., are the order statistics of a random sample of size n
from this distribution then (xy.,,%2:n,...,Xn—1:n,Xn:n) is distributed identically as
(_xn:na —Xn—1:ny---y —X2:n;, _xlzn) as we have (xlzn <xon< ... <Xp-1:n < xn:n)
iff (—xpn < —Xp—1:0 < ... < —x2.p < —X1:p). In particular, we have

d
Xrin = Xn—r+1:n
(that is, x,., distributed identically as —x,_,11., ) and
d
(xr:naxs:n) = (*xnferl ny —Xn—r+1 :n)~

As a result of the above properties we have

k k
,uigll = (*l)k,uli_)r_t,_l;na 1<r<nm
Wy s:n = Hn—s+1,n—r+1:n, I<r<s<n.

8.2 Discrete Order Statistics

If the distribution of a random variable is discrete then the order statistics of a ran-
dom sample of size n arising from such a distribution are known as the discrete order
statistics of a random sample. In general, if x1,x7,...,x, are discrete random vari-
ables then the ordered random variables xi.,,X2:,,..., X,:, are known as discrete
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order statistics. If the distribution function of the parent distribution is F(x) and x,.,
is the r-th order statistic of a sample of size n arising from F'(x) then the distribution
function F;.,,(x) of x,.,, is

n

Fron(x) = Z <’:) [F))'[1-=Fx)]" ', r=1,2,...,nandx €R.
i=r

Example 8.2.1. If the parent random variable is discrete uniform with sup-

port S = {1,2,...,N} with probability mass function given by f(x) = 1/N,x =

1,2,...,N then

0, x<l1
X
Flx) = ][X]’ xeS
5, X€ERandx ¢S, 1<x<N
1 x>N

where [x] denotes the greatest integer contained in x. Then for x € S, we have

“L()G) -0

Similarly for other possible values of x also we can obtain F}.,(x).

8.2.1 Probability function of discrete order statistics

First method: Let F}.,(x) be the distribution function of x,.,, the r-th order sta-
tistic of a random sample of size n drawn from a discrete distribution. Then the
probability mass function f;.,(x) of x,., is given by

P(xr:n :x) Sr: n( ) F. n(x) —F,;,,(x—). (8.2.1)

Also from the relation between binomial sums and incomplete beta function (8.2.1)
can be also written as

F(}’l—l—l) Fe r—1 n—r
Fen®) = e 7T /! e (82.2)
Second method: For each observation x, we can associate a multinomial trial
with outcomes {x < u},{x = u} and {x > u} with corresponding probabilities
F(u—),f(u) and 1 — F(x) respectively. Now, the event {x,., = x} can be related
in r(n —r+ 1) distinct and mutually exclusive ways as (r — 1 — i) observations
are less than x,(n — r — j) observations exceed x and the rest equal to x, where
i=0,1,....r—1land j=0,1,...,n—r. Thus we have

r—ln— "n )]r—l—i[l_F(x)]n—r—j[f(x)]i+j+1
frn*ZZ r—l—l) (n—r—)Ii+j+1)!

i=0 j=0
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8.2.2 Joint probability function of two order statistics

The joint distribution function of x;., and x;.,, denoted by F..,(x,y) for x <y, is
given in (8.1.7). Then the probability mass function f;. s.,(x,y) for x <y is given by

fr,s:n(an) = Fr,s:n(xa)’) _Fr,s:n(x_ 1aY) _Fr,s:n(xay_ 1) +Fr.s:n(x_ 17)’— 1)

8.2.3 Bernoulli order statistics

Let x1.p,X2:p,...,%n:n be the order statistics of a random sample of size n arising
from the Bernoulli population with probability mass function (pmf)

T, ifi=1
Px=i)=<1-m, ifi=0
0, otherwise,0 < 7w < 1.

Then,

P(xr., = 1) = P(at least n — r+ 1 of the x;’s are taking the value 1)

- ,-,,iH <’:) (1l —m)"!

*

=7, (say).

Then P(x,., = 0) = 1 — &}. Hence it follows that the r-th order statistic x,., from a
Bernoulli distribution is also a Bernoulli random variable with probability of success
7} and hence we have

The joint probability mass function f;. ;.,(x,y) for I <r < <n is described below.

P(xr:n =0,x5., = 0) = P(xs:n = 0) =1- ﬂs*
P(xp.n =0,x5., = 1) = P(atleast n — s+ 1 and at most n —r
of the x;’s take the value 1)
n—r n . .
= Y () T(l—m)""
i=n—s+1 \!
=r —x.

P(xr:n =1,X:p = 1) :P(xr:n = 1) =

I



322 8 Applications to Order Statistics

Trivially we have P(x,., = 1,x;., = 0) = 0. Then from the above relations we have

*

,ufr,s:n =T,
and
Cov(Xypipn,Xsin) = T} — T, T,

— 5 (1-).

Note 8.2.1: From the above results we may take x,., as an unbiased estimator
n
i

of the parametric function 7} =Y _ ., ( ) 7' (1 —7)""" with variance equal to

7 (1),

8.3 Independent Random Variables

Let x1, x2,...,x, be n random variables with distribution functions Fi, F, ..., F, re-
spectively. Let the distribution functions be continuous with F; having pdf f;, i =
1,2,...,n. Let x1.,X2:p,...,X:, be the order statistics of the given random vari-
ables. Now we will obtain the pdf of x,., and the joint pdf of x,., and x;.,. In the
subsequent sections we will show that these densities are expressed as functions of
matrix arguments. Now we define the following:

Definition 8.3.1. Permanent of a square matrix Let A be a square matrix then we
write JA|T to denote the permanent of the square matrix which is defined by an
expansion just like that of the determinant of A with all terms positive. For example

121 31" o1t o3|
031 —1‘23 +z’13 +1‘12
123

=11+2+3=16.

8.3.1 Distribution of a single order statistic

Consider the case in which x;.3,x7.3x3.3 are the order statistics of the random vari-
ables x1,x2,x3 which are independently distributed with x; having the distribution
function F; and density f;,i = 1,2,3. Now consider the event xj.3 € (x,x + Ax].
Then

P(x1.3) = P(x1 € (x,x+ Ax];x2, X3 € (x4 Ax,0))
+P(x2 € (x,x+ Ax]5x1,x3 € (x+ Ax,0))
+P(x3 € (x,x+ Ax];x1,x2 € (x+ Ax,)).
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That is,

P(x1.3 € (x,x+Ax))
Ax
= fi(x)(1 = B (x))(1 = F3(x))
+ f2(x)(1 = Fi(x))(1 = F3(x))
+ ) (1=F(x)(1 = F(x)), —e0 < x < oo, (8.3.1)

f1:3(x) =lima, 0

Then we can easily show that the expression given in (8.3.1) is also given by

A 1=Fx) 1-FR@x)]"
fia() =5 120) 1-RB{) 1-HF)| , —e<x<e
AR 1=FB(x) 1-F(x)

Similarly one can further prove that

L |E@ A =A@
fz:a(X)=i B(x) fo(x) 1 =F(x)| , —eo<x<eo
TR (x) f3(x) 1= F3(x)

| F ) B i)
fr3lx) = 21 F(x) B(x) falx)] , —oo<x<oo.
B (x) F3(x) f3(x)

This method of obtaining the pdf f;.3, can be generalized in this manner and thus
one has the following pdf f;.,(x) of x,.,:

1
fron(x) = m

F]()C)~~~F1(x) 1()C)1—F1()C)---1—F1(X)
F(x) - Fa(x) fa(x) 1 =F(x) -+ 1 = F(x)
x| Lo . : (8.3.2)

Fn(x) Fn(x) fn(x) lan(x) 17Fn(x)
where | <r<nand —o < x < oo,

Example 8.3.1. Let x; have an exponential distribution with pdf

aie™*  x>0,a;,>0
(x) =
fix) {0, elsewhere,

where i = 1,2,3 and x1,x2,x3 are independently distributed. Then obtain the pdf of
x1:3 and hence obtain E(x;.3) and Var(x;.3).
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Solution 8.3.1: Clearly F;(x) =1—e %", i=1,2,3

_ _ _ +
aie alxe alxe apx

1
fis(x) = g |z~ et =2t x50

a3 efa3x efa3x efa3x

= (a1 +ar +az)e (@rata)r x5 (8.3.3)

That is, x;.3 is exponentially distributed with parameter a; + a; + a3 and hence
E(x1:3) and Var(x;.3) are easily available.

8.3.2 Joint distribution of two order statistics

Let x; have distribution function F;(x) and density f;(x), i = 1,2,3 and be indepen-
dent. Then consider the event {x;.3 € (x,x+ Ax],x2.3 € (y,y+ Ay}, forx < y. Let
M(x) = P{x1.3 € (x,x+Ax], x2:3 € (y,y + Ay]}. Then

M(x) = P{x1 € (x,x+Ax]; x2 € (y,y +Ay]; x3 € (y+ Ay, ) }

+P{x1 € (x,x+Ax];x3 € (Y + AV x2 € (y+Ay,0) }
+P{x € (x,x+Ax];x1 € (y,y + AV 3 € (y+Ay,0) }
+P{x2 € (x,x+Ax];x3 € (n,y +AY[;x1 € (y+Ay, )}
+P{x3 € (x,x+Ax];x1 € (y,y +AV]; 02 € (y+Ay,0)}
+P{x3 € (x,x+ Ax]; 22 € (y,y + AV x1 € (y+ Ay, )}
Therefore
f123(x,y) =limay—o Pinse (x’x+ixj’Ax2:3 € by +a9)}
Ay—0 y
= H@){L0)A-FBO)+A0)(1-FR0)} (8.3.4)
(

+LEO{AGA=-FBO)+H0)(1-F())}
T HE{AGA =R0)+ L0 =F(y)}, —e<x<y<e.
One can easily verify that (8.3.4) is also equal to
A AG) T-FAE)|

fi2:3(x) = T fH(x) L) 1 =FE(y)| , —o<x<y<eoo.
A BO) T-F()

Similarly we can show that

| fi(x) Fi(y) —Fi(x) fi(y)
f1,3:3(x):i f(x) B(y) —E(x) ()] , —ee<x<y<eo
A B(y) = F(x) f3(y)
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and

Fi(x) fite) A

fr3:3(x) = i B (x) fa(x) 2(y)] , —e<x<y<oo.

CB(x) f(x) f3()

In general we can have a straight forward generalization of the above approach to
obtain an expression for f;. 5., (x,y).

TEST

on Order Statistics

Time: 1 hour
Three fifth of the paper carries full marks. All questions carry equal marks.

8.1. Define order statistics. If x1., and x»., are the order statistics of a random
sample of size two drawn from a continuous distribution with probability density
function f(x), obtain the pdf of x;., and x;.5.

8.2. Obtain the expression for the distribution function (df) F,.,(x) of the r-th
order statistic x,., of a random sample of size n arising from a distribution with df
F(x). Give the connection between F;., and the incomplete beta function.

8.3. Let xy.4,X2:p,...,X,., be the order statistics of a random sample of size n
arising from the uniform distribution over (0, 1). Obtain the pdf of x,., and x;., and
the expressions for E (xX., ) and Var(x,.,).

84. Let usz, be the k-th moment of the order statistic x,., of a random sample
arising from a distribution with pdf f(x). Then show that

n®, = - e - ey n>2 22

r—1:n’
Describe the importance of this relation.

8.5. Let x; be an observation from f;(x), i = 1,2,3 where
fix)=ae ™, x>0, frlx)=be " x>0, fi(x)=ce *x>0
where a > 0, b > 0, ¢ > 0 Derive the pdf x.3 and obtain its mean and variance.

(Yageen Thomas)
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8.4 On Concomitants of Order Statistics

8.4.1 Application of concomitants of order statistics

Since there is no direct extension of order concept to multivariate random variables,
the extension of procedure based on order statistics to such situations is inapplicable.
But however from a random sample arising from a bivariate distribution, ordering
of the values recorded on the first variable x generates a set of random variables
associated with the corresponding y variate. These random variables obtained due to
the ordering of the x’s are known as the concomitants of order statistics. Let (x,y) be
a random vector with joint cumulative distribution function (cdf),F(x,y) and joint
probability density function (pdf), f(x,y). Let (x;,y;), i = 1,2,...,n be a random
sample drawn from the distribution of (x,y). Let x;,,, be the ' h order statistic of the
X observation, then the y variate associated with the x;.,, is called the concomitant
of the i’ order statistic and is denoted by Yjizn]- It may be noted that Bhattacharya
(1974) has independently developed the above concept of concomitants of order
statistics and he called them as induced order statistics.

Applications of concomitants of order statistics arises in several problems of
study. The most important use of concomitants of order statistics arises in selec-
tion procedures when k(< n) individuals are chosen on the basis of their x-values.
Then the corresponding y-values represent the performance on an associated char-
acteristic. For example, if the top & out of # bulls, as judged by their genetic make
up, are selected for breeding, then yj, iy 1.)," "+, ¥[r:y) Might represent the average
milk yield of their female offspring. As another example, x might be the score on
a screening test and y the score on a latter test. In this example only the top k per-
formers in the screening test are selected for further training and their scores on a
second test generates the concomitants of order statistics. These concomitants of
order statistics help one to reduce the complexity of identifying the best performers
among a group of individuals.

Suppose the parent bivariate distribution is defined with cdf F(x,y) and pdf
f(x,y), then the pdf of the " concomitant Yjrn) for 1. <r < nis given by (see,
David and Nagaraja, 2003, p.144 ),

8[rn] (y) = /xf(y|x)fr:n(x)dx7 8.4.1)

where f;.,(x) is the pd f of the ' order statistic x,., of the x variate and f(y|x) is the
conditional pdf of y at a given x. The joint pd f of yj,.,; and yjs, for 1 <r<s<n
is given by (see, David and Nagaraja, 2003, p.144),

8rs:n) O1,32) = /j:o /;X:)f(yl lx1) f(v2x2) frson (1, X2)dxy dxa, (8.4.2)

where f.g.,(x1,x2) is the joint pdf of x., and x,,. From Yang (1977) we get the
expressions for, E(yj., ), Var(y,)), for 1 <r <nand Cov(yj.p),Ysn) for 1 <r <
s < n and are given below.
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E(y[r:n]) = E[E(y[xrn)], (8.4.3)
Var(y[r:n]) = Var[E (y|xr:n)] + E[Var(y|xr:n)] (8.4.4)

and
Cov(y[r:n] 7y[s:n]> - COV[E(y‘xr:n) ) E(y|xs:n)]- (8.4.5)

There is extensive literature available on the application of concomitants of order
statistics such as in biological selection problem (see, Yeo and David,1984), ocean
engineering (see, Castillo,1988), development of structural designs (see, Coles and
Tawn,1994) and so on. Concomitants of order statistics have been used by sev-
eral authors in estimating the parameters of bivariate distributions. Harrell and Sen
(1979) and Gill et al. (1990) have used concomitants of order statistics to estimate
the parameters of a bivariate normal distribution. Spruill and Gastwirth (1982) have
considered another interesting use of concomitants in estimating the correlation co-
efficient between two random variables x and y. Barnett et al. (1976) have considered
different estimators for the correlation coefficient of a bivariate normal distribution
based on concomitants of order statistics. The distribution theory of concomitants
in the bivariate Weibull distribution of Marshall and Olkin is discussed in Begum
and Khan (2000a). Begum and Khan (2000b) have also developed the distribution
theory of concomitants of order statistics from Gumbel’s bivariate logistic distribu-
tion. In Section 5, we consider an application of concomitants of order statistics in
estimating a parameter of Morgenstern type bivariate uniform distribution.

Let (x1,y1), (x2,¥2),--- be a sequence of independent and identically distributed
random variables with cdf F(x,y),(x,y) € R x R. Let Fy(x) and F,(y) be the mar-
ginal cd fs of x and y respectively. Let {R,,n > 1} be the sequence of upper record
values (see, Arnold et al., 1998, p.8) in the sequence of x’s as defined by,

Ry=x,, n=12,--

where 1 = 1 and #, = min{j : x; > x;,_,} for n > 2. Then the y-variate associated
with the x-value, which qualified as the ' record will be called the concomitant of
the n'" record and will be denoted by R[,). Suppose in an experiment, individuals
are measured based on an inexpensive test and only those individuals whose mea-
surement breaks the previous records are retained for the measurement based on an
expensive test; then the resulting data involves concomitants of record values. For a
detailed discussion on the distribution theory of concomitants of record values see,
Arnold et al. (1998) and Ahsanullah and Nevzorov (2000).
The pdf of n'" (n > 1) record value is given by,

1 -
8r, (x) = W[—log(l — F ()] fel) (8:4.6)
and the joint pd f of m'" and n'"* record values for m < n is given by,
[—log(1 = Fe(x1))]" " [~log(1 — Fi(x2)) +log(1 — Fe(xy))]" "
(m—1)! (n—m—1)!

Salxr) fx(x2)
T F(n)

8RRy (X1,X2) =

(8.4.7)
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Thus the pd f of the concomitant of n” record value is given by

fig ) = [ FORIgR, (d

where gg, (x) is as defined in (8.4.6) and f(y|x) is the conditional pdf of y at a given
value of x of the parent bivariate distribution.

The joint pdf of concomitants of m™ and n' record values is given by (see,
Ahsanullah and Nevzorov, 2000),

oo X)
gR[m],R[n]()’layZ):L /7 FOulx) f(v2lx2)gry, k, (x1,%2)dxydxa,

where gg,, &, (X1,x2) is defined by (8.4.7). Some properties of concomitants of record
values were discussed in Houchens (1984), Ahsanullah and Nevzorov (2000) and
Arnold et al. (1998). However, not much work is seen done in the distribution theory
and applications of concomitants of records in statistical inference problems. In
Subsection 8.4.2, we provide an application of concomitants of record values in
estimating some parameters of Morgenstern type bivariate logistic distribution.

8.4.2 Application in estimation

Scaria and Nair (1999) have discussed the distribution theory of concomitants of
order statistics arising from Morgenstern family of distributions (MFD) with cd f
defined by (see, Kotz et al., 2000, P.52),

Floy) = E@E@{T+a(l - @)1 -£0)} -1<a<l. (8438

An important member of the MF D is Morgenstern type bivariate uniform distribu-
tion with pd f given by,

F(x7y)=9)1%2{1+a<1—g1) (1—32)}, (8.4.9)

0<x<O, 0<y<6y; -1 <<l

Now we derive the Best Linear Unbiased Estimator (BLUE) of the parameter 6,
involved in (8.4.9) using concomitants of order statistics (see, Chacko and Thomas,
2004).

Let yj..,), = 1,2, ,n be the concomitants of order statistics of a random sam-
ple of size n drawn from (8.4.9). Then the pdf of y|., and the joint pdf of y|.,
and yj,.,] are obtained as,

1 n—2r+1 2y
: =— el [ . <r<n. 4.
8lrn) () [Ha p <1 )] 1<r<n (8.4.10)
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and

1 n—2r+1 2y
g[r.s:n](yl7y2) = o2 |:1 +o0—- (1 — 1)
2

n+1

B 2 o (n=2st L 2r(n—2s)
n+1 n+1 (n+1)(n+2)

(8.4.11)

From (8.4.10) and (8.4.11) we get the means, variances and covariances of concomi-
tants of order statistics as follows:

1 n—2r+1
E[y[r:n]] ) |:2— 6(Vl+l) :l
= 6260, (8.4.12)
where
£ i g2l
rian — 2 6(n+1) .
_g| L _on—2rti)?
Var[,Y[r:n]] = 92 12 36(n—|— 1)2
= 63 Prrn (8.4.13)
where
_ 1 @2t 1)
pr-,r:n— 12 36(n—|—1)2
and
2
20 [(n=2s+1)  2r(n—2s)
€Ol ol =62 56 { (1) (+2)n+l)
_(n—2r—|—1)(n—2s+1)
(n+1)2
= 03 Prsons (8.4.14)
where
B 0672 {(n—Zs-i—l) ~ 2r(n—2s) (n—2r+1)(n—2s+l)}
Prsn = 3¢ (n+1) (n+2)(n+1) (n+1)2 .
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Let Y, = Vi) ,y[n:n]]' be the vector of concomitants. Then from (8.4.12) we
can write

E(y) = 6:6,
where

é - [é[l:n]a' o aé[n:n]y'

Then from (8.4.13) and (8.4.14), the variance-covariance matrix of y|, is given by
D(y[n]) = G9227
where

G = ((Prsn))-

If a is known then (y[n],Gzé,GzzG) is a generalized Gauss-Markov setup and
hence the BLUE ( éz of 6,) is given by,

6,=(&'G7'E)'E'G yy
and the variance of 6, is given by,
Var(6;) = (£'G1¢) 713

It is clear that 65 is a linear function of the concomitants Y F=1,2,--- ,n. Hence
we can write 6, = Y ary[rn)> Where ar, r =1,2,---,n are constants. It is to be
noted that the possible values of o are in the interval [—1, 1]. If the estimate 65 of 6,
for a given o = o € [—1,1] is evaluated, then one need not consider the estimate
for 6, for & = —ay as the coefficients of the estimate in this case can be obtained
from the coefficients of 6, for ot = o). This property can be easily observed from
the following theorem:

Theorem 8.4.1. Let y|.,), r = 1,2,--- ,n be the concomitants of order statis-
tics of a random sample (x;,y;),i = 1,2,--- ,n arising from (8.4.9) for a given
o =o€ [—1,1]. Let the BLUE éz(O!o) of 6, for given o based on the concomi-
tants Yj.,),r = 1,2,--- ,n be written as 6 (o) =Y, aY|y.)- Then the BLUE of
ég(—ao) of 6, when o0 = — o is given by

92(_050) = Zaan»ly[r:n] with Var[éz(—ao)] = Var[éZ(aO)]'
r=1

Proof 8.4.1: From(8.4.13)and(8.4.14)for1 <r <nwehave Py ., =pPn—r1n—r+in
and for 1 <r <s <n, we have P, = Pu—st1n—r+1:n. Moreover G is symmetric.
Therefore we can write for any a € [—1,1], G =JGJ, where J is an an n X n matrix
given by,
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0 0 1
e
1 -« 0 0
Again from (8.4.12) we have for any o € [—1, 1],
1 n—2r+1
ér:n(%)—i—%m
- §n7r+1:n(7a0)-
Thus
S(—m) =JG5(—m).

Therefore, if &¢ = 0 is changed to @ = —ay then the estimate éz(—ao) is given by,
0>(—00) = (&'(~ )G ' (~aw)) & (—00)G 'Yy
= (£'(0)IG'TE(00)) & (a0)IG 1Y (—aw).
Since JJ =1 and JGJ = G, we get,
02(— ) = (&'(0)G ™' &(a)) " 'E (00)G ¥y
n
= Z arY[n7r+1:n]-
r=1
That is the coefficient of y|,., in 6, for oo = a is the same as the coefficient of
Vin—ri1:a] ID 6> for a = —ay. Similarly we get
Var[6:(—ap)] = Var[6> (o).
Thus the theorem is proved.

We have evaluated the coefficients a, of y(,.,,1 <r <nin 6, and Var(éz) for
n=2(1)10 and a = 0.25(0.25)0.75 and are given in Table 8.4.1. In order to obtain

A

the efficiency of our estimate 6, we introduce a simple unbiased estimate of 6, as,

6, = Ytzn] + Yinn)»
with variance given by,
~ 1 o 2n n—1
Var(6,) = 67 | - + — — :
ar(62) = 6, [6+18+<(n+1)(n+2) n+1)]
. . Var(6: . AL E
We have obtained the ratio VZEE (53 as a measure of the efficiency e; = ¢(6,|6>)

of our estimator 6 relative to the unbiased estimator 6 for n = 2(1)10 and
o =0.25(0.25)0.75. It can be seen that the efficiency of our estimator 6, of 6, is rel-
atively very high when compared with 6,. An advantage of the above method of ob-
taining the BLUE of 6, is that with the expressions for E [y, ] and Cov[y[.], (5]
one can also obtain without any difficulty the BLUE of 8, even if a censored sample
alone is available.
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8.4.3 Concomitants of record values and estimation problems

In this section we (see, Chacko and Thomas, 2005) consider the concomitants of
record values arising from Morgenstern family of distributions with cdf given in
(8.4.1). We further derive the joint pdf of concomitants of m'" and n'" (m < n)
record values arising from MFD. Based on these expressions we also derive the
explicit expression for the product moments of concomitants of record values.

An important member of the MFD is the Morgenstern Type bivariate logistic
distribution (MTBLD) and its cd f is given by,

s ol 2 ol 52
e prfgt) )
i frenf-z2)] ] s

(x,y) €R* (61,6,) €R*; 61 >0,0,>0, -1 <a<l.

Suppose in certain complicated experiments significance is attributed to the values
of the secondary measurement made by an accurate expensive test on individuals
having record values with respect to the measurement made preliminarily on them
by an inexpensive test. Now we derive (see, Chacko and Thomas 2005) the BLUE’s
of 6, and o, involved in the MT BLD defined by (8.4.15) when « is known and also
obtain the BLUE of 6, when 0> and a are known based on concomitants of first n
record values.

The joint cd f of the standard MT BLD is obtained by making the transformation
=" and v =222 in (8.4.15) and is given by,

Fyy (u,v) = [1+exp(—u)] ' [1 +exp(—v)] ™!

" exp(—u—v)
{” [T+ exp(—w)][T + exp(—)] } - (8410

Let (u;,v;),i = 1,2,--- be a sequence of independent observations drawn from
(8.4.16). Let an] be the concomitant of the n'”* record valueRE‘n} arising from (8.4.16).
Then.the pdf f[j;] (v) of R’[kn] and the joint pd f f[’;n’n] (vi,v2) of R’[*m] and R’[kn] form<n
are given below,

Fiy() = [1+exp(—v))2exp(—v) {1 Fo(l—2m) [:sz} } . (8.4.17)
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and for m < n,
i (V1v2) = [1+exp(—v1)] 2 [1 +exp(—v2)] exp(—vi —2)
x {1 + {2l (mn) — 1} (CXP(V‘))

1 +exp(—vi)
+a{2hL(m,n)—1} <1+::EE i))

+ & {4l3(m,n) — 21y (m,n) — 2L (m,n) + 1}

(o) (Frope) )

where,
m ) = oy (2 o n—gl(—l)nmrl(n—'fﬁ)
e e e
(8.4.18)
I(m;n) (mlgrf(;l);ql) ( _21”>
x"m()l(—l)""” ()i (B4
and 7

st~ i 5 0 (R ()

—(n—r—-2) <r! (1 - 2r1+1) _"::2’:;2 (szr!S)! <2r+1s+l o 3r+ls+1>>]'

(8.4.20)

Thus the means, variances and covariances of concomitants of first n record val-
ues (for n > 1) arising from (8.4.16) are given by,

E[R},]=a(1-2""") =pu, (say), (8.4.21)
2

Var[R[, ] = % —a*(1-2""2 = v, (say) (8.4.22)

and for m < n,

Cov[Rp, Rjy] = o [{413(m,n) 21y (m,n) = 2 (m,n) + 1} = (1-217") (1 -2'7")]
=Vpn (say), (8.4.23)
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Let (x;,y;) i =1,2,--- be a sequence of independent observations drawn from
a population with cd f defined by (8.4.15). If we write u = * 91 andv =12 662 then
we have x; = 0 4+ oju; and y; = 6, + opv; fori = 1,2, Then by using (8 4.21),
(8.4.22) and (8.4.23) we have forn > 1,

E[R};)] = 62+ Caliy, (8.4.24)
Var[R(,)] = 03 Van (8.4.25)

and for m < n,
COV[R[m]7 R[n]] = Gzzvm,n- (8.4.26)

Clearly from (8.4.20), (8.4.21) and (8.4.22) it follows that w,,V,, and v,,, are
known constants provided o is known. Suppose R}, = (Ryj),R[y], -+ ,R,)) denote
the vector of concomitants of first n record values. Then from (8.4.24) to (8.4.26),
we can write

E[R[n]] =601+o0ou, (8.4.27)

where 1 is a column vector of n ones and © = ({1, , ) . Then the variance-
covariance matrix of Ry, is given by,

D[R] =Hos, (8.4.28)

where H = ((v; j)). If & involved in pt and H are known, then (8.4.27) and (8.4.28)
together define a generalized Gauss-Markov setup and then (proceeding as in David
and Nagaraja 2003, p. 185) the BLUE’s of 6, and o, are given by

a  WH '(pl'—1p")H!

6, — < Ry, (8.4.29)
and
_ / -
8y = 1 ““A HIOH Ry, (8.4.30)
where

A=(WH ') (VH") = (W'H )%

The variances of the above estimators are given by

ry—1
Var(s) = (“ HA “) 2, (8.4.31)

and

'H'1
Var(6,) = ( ) o7. (8.4.32)
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Clearly 6, and 6, can be written as 6, = Y biR;) and =YY", ciR|j where b;
and ¢;, i=1,2,---,n are constants.

We have evaluated, the coefficients b; and ¢; of Ry, 1 <i<n in 6, and
6> Var(6,) and Var(6,) for n = 2(1)10 and o = 0.25(0.25)0.75 and are given
in Table 8.4.2 and Table 8.4.3 respectively. In order to compare the efficiencies of
our estimators (92 and 6, we introduce two simple unbiased estimators of 8, and o,
based on the concomitants of the first and 7/ records as given below,

62 =Ry,
and

- Ry — Ry
6h=—————.
a(l—21-m)
Clearly from (8.4.23) it follows that 6, is unbiased for 6, and & is unbiased for 5.
By using (8.4.24), (8.4.25) and (8.4.26), we get the variances of 6, and &> as,

2

~ T
Var[6,] = ?622
and
Varly) = [ 21—ty
2= oZ(1—2n2 |\ 3
—20{4L(1,n) =21y (1,n) — 2L (1,n) + 1}|.
We have obtained the variance of 65, the relative efficiency %2?; of 92 relative to
- 2
0, for n = 2(1)10; ¢ = 0.25(0.25)0.75 and are provided in Table 8.4.2. Again we
have obtained the variance of G,, the relative efficiency Xiiggi; of 6, relative to 6,

forn =2(1)10; oe = 0.25(0.25)0.75 are provided in Table 8.4.3.

Remark 8.4.1: We can see that the BLUE 6, of 6, does not depend much on the
association parameter ¢ but the BLUE 6, of 6, depends very much on o and our
assumption is that ¢ is known. Therefore in the situation where o is unknown we
introduce a rough estimator for & as follows, in order to make our estimators éz and
6> useful for the o unknown situation.

For MTBLD the correlation coefficient between the two variates is given by
p= %a. If r is the simple correlation coefficient between R; and R;),i = 1,2,3,---
then a rough moment type estimator for ¢ is obtained by equating r with the popu-
lation correlation coefficient p and is obtained as,
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: 3
-1, if r<—=
a=<1, if r>3
9 = x2
n? :
r%, otherwise.

Remark 8.4.2: From the tables we can see that the efficiency of the BLUE of 65,
the location parameter ranges from 1 to 1.25 and the efficiency of the BLUE of o,
the scale parameter ranges from 1 to 1.75. It is clear that the efficiency of the BLUE
of o, is better than the efficiency of the BLUE of 6,. However, one should keep
in mind that competitors are naive estimators because those are the only available
estimators to obtain the relative efficiency of our estimators in this situation.
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Chapter 9
Applications to Astrophysics Problems

[This chapter is based on the lectures of Professor Dr. Hans Haubold of the Office of Outer
Space Affairs, United Nations, Vienna, Austria.]

9.0 Introduction

Understanding Nature Through Reaction and Diffusion

2005: Albert Einstein 1879-1955: International Year of Physics (IYP), annus
mirabilis of Einstein 1905. Two papers on statistical mechanics (Avogadro num-
ber and size of molecules, fluctuations), two papers on special relativity (velocity of
light, E = mcz), one paper on quantum mechanics (photoelectric effect). All of Ein-
stein’s papers start with a reference to experiments and subsequently develop theory
that may explain the experiments and allow predictions.

2006: Ludwig Boltzmann 1844-1906: Discovers microphysical basis (statistical me-
chanics, entropy) of macrophysical theory (thermodynamics, entropy) and explains
second law of thermodynamics with laws of statistical mechanics.

2007: International Heliophysical Year (IHY): Can science of IHY contribute to
fundamental physics? Prigogine’s quest for probabilistic foundation of classical and
quantum mechanics? Haken’s synergetics based on slaving principle: In general just
a few collective modes become unstable and serve as “ordering parameters” which
describe the macroscopic pattern. At the same time the macroscopic variables, i.e.,
the ordering parameters, govern the behavior of the microscopic parts by the “slav-
ing principle”. In this way, the occurrence of order parameters and their ability to
enslave allows the system to find its own structure.

341



342 9 Applications to Astrophysics Problems

9.1 Entropy: Boltzmann, Planck, and Einstein on W

9.1.1 Entropic functional

Clausius entropy (second law of thermodynamics)

ds
—>0. 9.1.1
dr — ( )
— Boltzmann entropy (Boltzmann’s principle)
S=klnW. 9.1.2)

— Boltzmann-Gibbs statistical mechanics and Maxwell-Boltzmann distribution
function for gases.

— Planck’s law, Boltzmann’s entropy, and the black-body radiation law

— Prigogine’s strict formulation of second law of thermodynamics.

dS = deyS +dinS; dextS :z 0; djneS > 0.
— Tsallis entropy
wl-a—1
S, =k———. 9.1.3
=k 9.1.3)
Nonextensive statistical mechanics and Tsallis distribution function.

9.1.2 Entropy and probability

Boltzmann’s first definition (ok for Einstein)

T.
Si, T, *l, T — oo, (914)
T
— Boltzmann’s second definition (criticized by Einstein)
N!
w= fine grained. 9.1.5)
H,'ni!
— Boltzmann’s complexions (gas, W?)
™
W =NIII,-4 - coarse grained. 9.1.6)
Ny!
— Planck’s complexions (radiation, W?)
(N\' + P\' - 1) '
W=Ij— . 9.1.7
SONGN(P = 1)) ( )

Einstein’s definition of statistical probability

we V"
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Note 9.1.1:  Insystems far from thermal equilibrium, Shannon information plays
the same role as entropy in systems in thermal equilibrium or close to it, namely as
the cause of processes. However, the question remains whether the maximization
of information (or entropy) is indeed the fundamental law which drives systems in
a unique way. The question is whether evolution and development are governed by
extremal principles, especially extremal principles connected with a single function,
such as entropy or information (Haken).

9.1.3 Boltzmann-Gibbs

What can be added to thermodynamics by knowing something of the structure of
matter? This question lead to the development of kinetic theory and statistical me-
chanics. In statistical mechanics, properties of matter are deduced by applying statis-
tics to large numbers of molecules. In information theory, the information-carrying
capacity of communications systems is deduced by applying statistics to large num-
bers of messages. Fundamental equation of information theory(S) = equation for
entropy in statistical mechanics(S). Individual molecule — very large collection of
macroscopically identical systems = ensemble. Total internal energy of ensemble
(first law of thermodynamics):

E= anEq = constant. 9.1.9)
q

Total of n members in the ensemble

n= an = constant. (9.1.10)
q

Number of different ways an ensemble of » members can be arranged for g states:

n!
w:anq!' (9.1.11)
Total entropy of the ensemble is some function of ,
S=klnw (9.1.12)
In®=Inn!—Y Inn,!. 9.1.13)
q

Stirling’s formula: From the asymptotic formula for gamma functions (see Chapter 1)

X =Tx+1)~ V2 e ™. (9.1.14)

Hence

1 1
Inx! ~ 3 In(27) + 3 Inx+xlnx—x.
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If we omit § In(27r) + § Inx then for very large x we have
Inx! &~ xInx —x. (9.1.15)

For very large x we will take it as equal to the right side. Then

lna):nlnn—n—Z(nqlnnq)—l—an (9.1.16)
q q
when all n,’s are large.
1
In® =nlnn—Y (nglnng) =n llnn— =Y (nglnny) (9.1.17)
q 7y

since Y, ng/n =1,

Inw= nlz(qlnn) Z(’;qlnnq)] 9.1.18)

q q
" (lnn, — — q @)
=1} [*(nn, —Inn)| = —n Y (%1 72). 9.1.19)
q q
Estimation of the probability of quantum state g:
n
P,=-L lnw=-nY (P,InP, 9.1.20
=7, n ”;( 7 10 Py) ( )
S=—kn) (P;InP,). (9.1.21)
q
Two constraints — maximum — Lagrange method:
n
ngEq) =nY (“LE,) =Y (PE,) = U. 9.1.22)
;( aEq) ; el g,( aEq)

Let us maximize S subject to the conditions }, P, = 1 and }, F;E, = U where U is
fixed. Let A; and A, be Langrangian multipliers. Let

f(PL,Py,---) = —nk Y (PjInPy) + Ay (ZPqEq - U) + A2 <qu - 1) .
q q q

Then for each i, 81]; =0, i=1,2,---. That is,

% =0= 7nk[lnPi+1]+7L]Ei+7Lz:0é

InP.=A—BE;= P, =¢"e PP (9.1.23)
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where A and 8 are some constants. We can determine A by using the fact that

Y P =etY e Pla= (9.1.24)
q q

1
et = = (9.1.25)
q

Distribution of probabilities for the possible quantum states of ensemble =
Maxwell-Boltzmann distribution:

e PEg - e’ﬁEq

P, = = 9.1.26
q Zq e,ﬁEq 7 ( )
Definition 9.1.1. Partition function
Z= Ze*ﬁE‘i.
q
Note 9.1.2:  Stirling’s approximation, coming from an asymptotic expansion of
a gamma function is the following: For |z| — e and o bounded
T(z4 ) ~ V2rz e de . (9.1.27)

Stirling’s formula given in equation (9.1.14) holds for very large x and the remaining
steps hold when each of ny,ny,--- is very large.

9.2 Gravitationally Stabilized Fusion Reactor: The Sun

The Sun is a spherically symmetric gas sphere in hydrostatic equilibrium. Rotation
and magnetic fields can be neglected. The innermost region of the Sun (solar core)
is a gravitationally stabilized fusion reactor. Energy is being produced by thermonu-
clear reactions generating photons (surface source) and neutrinos (volume source).
The evolution of the Sun proceeds through the change of chemical abundances
(kinetic equations).

9.2.1 Internal solar structure

Solar structure is determined by conditions of mass conservation, momentum con-
servation, energy conservation, and the mode of energy transport. One can derive
succinctly the equations of solar structure and develop a model in hydrostatic equi-
librium as a model of the Sun in order to illustrate important physical requirements.
Then by arguing physically that the density gradient can be matched to a simple
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function, one can derive a complete analytic representation of the solar interior in
terms of a one-parameter family of models. Two different conditions can be used
to select the appropriate value of the parameter specifying the best model within
the family: (i) the solar luminosity is equated to the thermonuclear power generated
near the center and/or (ii) the solar luminosity is equated to the radiative diffusion
of energy from a central region. The central conditions of the Sun are well calcu-
lated by these analytic formulas. The model yields a good description of the solar
center to be found by methods of differential and integral calculus, rendering it an
excellent laboratory for applied calculus and special functions.

In the following we are concerned with the hydrostatic equilibrium of the purely
gaseous spherical central region of the Sun generating energy by nuclear reactions
at a certain rate. For this gaseous sphere we assume that the matter density varies
non-linearly from the center outward, depending on two parameters & and 7,

p(x) = pc fp(x), 9.2.1)
fo(x) = [1-x°]7, 9.2.2)

where x denotes the dimensionless distance variable, x = r/R,,0 < x < 1, R, is the
solar radius, 6 > 0,y > 0, and 7 is kept a positive integer in the following consider-
ations. The choice of the density distribution in (9.2.1) and (9.2.2) reveals immedi-
ately that p(x = 0) = p, is the central density of the configuration and p(x=1) =0
is a boundary condition for hydrostatic equilibrium of the gaseous configuration.
For the range 0 < x < 0.3 the density distribution in (9.2.1) and (9.2.2) can be fit nu-
merically to computed data for solar models by choosing 6 = 1.28 and y = 10. The
choice of restricting x to x < 0.3 is justified by looking at a Standard Solar Model
which shows that x < 0.3 comprises what is considered to be the gravitationally sta-
bilized solar fusion reactor. More precisely, 95% of the solar luminosity is produced
within the region x < 0.2 (M < 0.3M_,). The half-peak value for the matter density
occurs at x = 0.1 and the half-peak value for the temperature occurs at x = 0.25. The
region x < 0.3 is also the place where the solar neutrino fluxes are generated. As we
are concerned with a spherically symmetrical distribution of matter, the mass M (x)
within the radius x having the density distribution given in (9.2.1) and (9.2.2) is the
following:

M
M) _ g3 4zp () 9.2.3)
dx >
which means
X Y
M(x) = RS 47p, / P2 {1—?} dr. 9.2.4)
0

Put u = % and for positive integer ¥ expand the binomial part to obtain

A7p, Yo(_ m x0 3 yam
M) = 1, P go(nf!)/o W1y
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i 1 (3
Writing Tm) ~ B9 31 we have

4 33
M(x) = g7rR?Dpr32F1 (—y, ==+ 1;x5>

33
= MopexsFy (—%5;5+ 1;x5) = Mo fu(x), 9.2.5)

where fj(x) will be given below, M, denotes the solar mass and »Fj(.) is Gauss’
hypergeometric function, My = %nR%. Equations (9.2.5) is satisfying the boundary
condition M(x = 0) = 0 and determines the central value p. of the matter density
through the boundary condition M(x = 1) = M, where p,. depends then only on &
and 7 of the chosen density distribution in (9.2.1) and (9.2.2). Then

1 [(3+1+yrQ)
pe = — = (9.2.6)
2F(-7,3:3+51)  TE+D0(y+1)
by evaluating the ,F| at x = 1, see Chapter 1,
3 3 3
S+ +2)..G+
pC:(‘s )5 ‘) G4y 9.2.7)
v
Therefore
fu(x) = l]Z[ S )R (e (9.2.8)
MO =1 LS TS ) -

For computing pressure and temperature use the following equations and then fol-
low through the above procedure to obtain the results given below.

dpP(r M(r)p(r
d(r) _ (F)Z{“ ) (9.2.9)
P =p(0) - [ SO 9.2.10)
and
T(r) = ﬁ;’ E:; 9.2.11)

at an arbitrary distance r from the center. Converting to x = z— we have the expres-
sions for P(x) and 7' (x) under the p(x) in (9.2.2). :

For hydrostatic equilibrium of the gaseous configuration the internal pressure
needs to balance the gravitational attraction. The pressure distribution follows
by integration of the respective differential equation for hydrostatic equilibrium,
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making use of the density distribution in (9.2.1) and the mass distribution in (9.2.5),
that is

9 M2
P) = g Gt o), 9.2.12)
where
2
L 3 > 1 (7’}/)m
=115+
e L”;1<5 V] B mGEm(Gm)
L_ Sm+2 _ % E .3
CGimrl), 2ﬂ< g tmgtmt+La® ), (0213

where G is Newton’s constant and ,Fj(.) denotes again Gauss’ hypergeometric
function.

The Pochhammer symbol (% +m+1)y = F( +m+1+ y)/F( +m+1),
Y = 1,2 often appears in series expansions for hypergeometrlc functlons Equations
(9.2.12) and (9.2.13) give the value of the pressure P. at the centre of the gaseous
configuration and satisfy the condition P(x =1) = 0.

It should be noted that P(x) in (9.2.12) denotes the total pressure of the gaseous
configuration, that is the sum of the gas kinetic pressure and the radiation pressure
(according to Stefan-Boltzmann’s law). However, the radiation pressure, although
the ratio of radiation pressure to gas pressure increases towards the center of the Sun,
remains negligibly small in comparison to the gas kinetic pressure. Thus, (9.2.12)
can be considered to represent the run of the gas pressure through the configuration
under consideration. Further, the matter density is so low that at the temperatures
involved the material follows the equation of state of the perfect gas. Therefore, the
temperature distribution throughout the gaseous configuration is given by

_ M P(x)
u Mgy
3kNAG me( X), (9.2.15)
where
13 11 (=V)m
frix) = [Y!,gl<5+l> ?[1_x5]7’n§’0m!(%+m)(%+m)

v! Sm+2 2 2 5
:Z]—xwﬂ< v.sHmstme 1) |, 0216

where k is the Boltzmann constant, Ny Avogadro’s number, y the mean molecular
weight, and 2 Fj (.) Gauss’ hypergeometric function. Equations (9.2.15) and (9.2.16)
reveal the central temperature T (x = 0) = T, and satisfy the boundary condition
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T(x=1) = 0. Since the gas in the central region of the Sun can be treated as com-
pletely ionized, the mean molecular weight i is given by u = (2X + %Y + %Z)‘l7
where X,Y,Z are relative abundances by mass of hydrogen, helium, and heavy ele-
ments, respectively, and X +Y +Z = 1.

9.2.2 Solar fusion plasma

The solar fusion plasma is a weakly non-ideal gas, characterized by the plasma
parameter

r— (Ze)? _ mean C(?ulo.mb potential energy; 9.2.17)
akT mean kinetic (thermal) energy

1/3

a=n

is order of average interparticle distance; n is average density.

I'<<1 ideal plasma
<l weakly non-ideal plasma
r>1 high density / low temperature plasma.

9.2.3 Estimation of central temperature in the Sun

The basic condition for thermonuclear reactions between charged particles is that
their thermal energy must be large enough to penetrate the Coulomb repulsion be-
tween them. Nuclear reactions are collision phenomena characterized by cross sec-
tions. The cross section o of a reaction is defined as the probability that the reaction
will occur if the incident flux consists of one particle and the target contains only one
nucleus per unit area. The microscopic nature of the particles requires the quantum
mechanical treatment of the collision problem. The number of reactions is directly
proportional to the number density of the incident flux and the number density of the
target. In the case of the nuclear fusion plasma within the Sun, thermal equilibrium
is commonly assumed for the ensemble of nuclei. The distribution of the relative
velocities among the nuclei is assumed to be Maxwell-Boltzmannian.
The thermonuclear raction rate is given by

rip =niny < OV >12, (9.2.18)

where n; and n, denote the number densities of particles of type 1 and 2, respec-
tively, and < ov >1; is the reaction probability in the unit volume per unit time.
This definition of the reaction rate reveals immediately that the quantity

T = [ <ov>pl (9.2.19)
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has the dimension of time and can be considered to be the lifetime of particle 2
against reaction with particle 1. A suitable representation of the nuclear cross section
contains two factors: A geometrical factor to which quantum mechanical interaction
between two particles is always proportional, A> ~ (uv?)~! (where A is the reduced
de Broglie wave length, and p is the reduced mass) and the probability for two
particles of charge Zje and Z,e to penetrate their electrostatic repulsion:

2 Z\Zye?
o(v) = Mi exp { Y 1h§e } . (9.2.20)

The constant S is called astrophysical cross section factor and absorbs the intrinsical
nuclear parts of the probability for the occurrence of a nuclear reaction. Then, the
reaction probability is defined as the product of the cross section ¢ and the relative
velocity v, averaged over the Maxwell-Boltzmann distribution of relative velocities
of the reacting particles,

3/2 2
F(v)dv = (2]%) exp { STVT } 4mAdv. 9.2.21)
To investigate the competition between the exponential factors contained in the
Maxwell-Boltzmann distribution function and the Gamov penetration factor the fol-
lowing order of magnitude estimation is pursued. For the number density of the
particle gas we use the mean density of the Sun with mass M, and radius R, nor-
malized to the mass of the proton, m,,

My 1

= —_— 9.2.22
m=y - ( )

)

The velocity of the nuclei is assumed to be the root-mean-square velocity of the
Maxwell-Boltzmann distribution,

4kT\ "2
Vi2 = () . (9.2.23)
mp
The nuclear energy generated in the Sun, which is lost by radiation, can be estimated
in writing
Epue =~ XAmM ¢, (9.2.24)

where X is the fraction of mass the Sun can use for nuclear energy generation,
AmM_,c? is the fraction of mass of the Sun really converted into radiation energy.
Thus, the nuclear lifetime of the Sun is of the order

. Le o Lo

TR N —s. 9.2.25
E”uc )(AI’I’[M@C2 ( )
For the lifetime of particle 2 one has
1 Lg
— X —— X Ny02Vi2. (9.2.26)

T12 Enuc
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Thus,
L M 25 2me? 1/2
Ll e exp{— ¢ (m’> } (9.2.27)
XAmMgc R m, my (kT)1/2 h \4kT

and isolating the exponential term in this expression by setting it equal to unity and
then taking the logarithm, one gets

2\ 1/2 2 2
M2 XAmS
2moy (22} ~n o2 oM (9.2.28)
arkT L@R%m?,/z(kT)l/z

The numerical value of the logarithmic term on the right-hand-side in this equa-
tion is relatively insensitive to the values inserted for the various quantities in
the brackets. Using solar values for the quantities, M, ~ 2 x 10%3g, L. ~ 4 x
1033ergs™',Re ~ 7 x 10%¢m, T, ~ 10'K,X = 0.1,Am = 0.007,5,, = 4 x 1072
keV barn, one obtains for the logarithmic term a numerical value of about 10. Then
one obtains 5
kT = (%?6’2)) myc? ~ SkeV. (9.2.29)

This is the central temperature of the stationarily thermonuclear burning Sun. Actual
central temperatures are about a factor 5 smaller or larger than this value due to
the fact that the majority of nuclear reactions occur in the high-energy tail of the
Maxwell-Boltzmann distribution function. The Sun has to adjust this temperature
through the competition between the distribution function of relative energies of the
particles and the penetration factor of the reacting particles.

Emden (polytropic gas spheres), Chandrasekhar (hydrostatic equilibrium), Bethe
(nuclear energy generation), Fowler (thermonuclear reaction rates), Davis (solar
neutrino detection).

9.3 Crucial Astrophysical Experiments: Data Analysis

9.3.1 The experiments

Davis: Detection of solar neutrinos (radiochemical: Homestake with 108 measure-
ments 1970-1995, SAGE with 57 measurements 1990-2006, Gallex/GNO with 84
measurements 1996-2001; real time: SuperKamiokande with 184/358 measure-
ments 1996-2001, SNO). The Sun is a gas sphere in hydrostatic equilibrium, slowly
rotating, exhibiting magnetic fields, and oscillating. The solar neutrino problem,
constituting the discrepancy between theoretically predicted and detected number
of solar neutrinos, was (partially) solved by taking into account the Mikheyev-
Smirnov-Wolfenstein effect (neutrino oscillations). Remaining question is whether
the solar neutrino flux is varying over time, and if so, what is the physical mecha-
nism that makes the flux varying?
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Dicke: Sunspot cycle variations in the ~11 year half-cycle period all the way from
7.3 year to 17.1 yr. Random walk in the phase of the cycle? Superposition of differ-
ent periodic cycles? Driver of the cycle (convective zone, tachocline, core)? Is there
a chronometer hidden deep in the Sun?

Burlaga: The solar wind (Voyager) is a driven nonlinear nonequilibrium system con-
sisting of a supersonic speed expanding fully ionized plasma that carries magnetic
fields. The Sun injects matter, energy, momentum, magnetic fields. At distant he-
liosphere (approximately 90 Astronomical Units) the solar wind relaxes to a quasi-
stationary, metastable state. The speed of the wind and the strength of the magnetic
field show fluctuations over time and a fractal and multifractal scaling structure.
How to describe possible deviations from thermodynamic equilibrium?

9.3.2 Analysis of the time series

Curve fitting: Attempts can be made to approximate (periodic) variations of mea-
sured physical quantities to different analytic functions. Three functions are pre-
ferred for this purpose: (i) gamma distribution depending on a power of the
argument, (ii) lognormal function, and (iii) exponential distribution depending on
a n-grade polynomial. Respective fitting parameters of these three functions can be
calculated. Does such a function correspond to the solution of a reaction-diffusion
equation governing the processes of reaction and diffusion (energy and mass trans-
fer) of disturbances traveling from a source into an environment?

Fourier and wavelet analysis (time variation): Time series analysis is a rich field
of mathematical and statistical analysis in which physical understanding of a time
varying system can be gained through the analysis of time series measurements.
Traditional methods of time series analysis are Fourier, wavelet, and autocorrelation
analysis.

Fokker-Planck equation (deterministic and stochastic processes): Many natural phe-
nomena are characterized by a degree of stochasticity. A long standing problem is
the development of methods to model such phenomena. That is, given a set of data
taken for a phenomenon, to develop an equation that can reproduce the data with
an accuracy comparable to the measured data. If such a method is available, it can
be utilized to reconstruct the original process with similar statistical properties; to
understand the nature and properties of the stochastic process; and to predict the fu-
ture behavior of the phenomenon, if it is time dependent, or its behavior over length
scales, if it is length scale dependent. A preferred technique for this analysis, based
on the Fokker-Planck equation (Langevin equation) is able to distinguish between
deterministic and stochastic elements of a phenomenon by determining drift and
diffusion coefficients.
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We begin by describing the steps that lead to the development of a stochastic
equation, based on the (stochastic) data set, which is then utilized to reconstruct the
original data, as well as an equation that describes the phenomenon.

As the first step we check whether the data follow a Markov chain and, if so,
estimate the Markov time (length) scale #37. As is well-known, a given process with
a degree of randomness or stochasticity may have a finite or an infinite Markov time
(length) scale. The Markov time (length) scale is the minimum time interval over
which the data can be considered as a Markov process. To determine the Markov
scale 77, we note that a complete characterization of the statistical properties of sto-
chastic fluctuations of a quantity x in terms of a parameter ¢ requires the evaluation
of the joint probability distribution function (PDF) B, (xy,t1; - ;xp,1,) for an arbi-
trary n, the number of the data points. If the phenomenon is a Markov process, an
important simplification can be made, as the n-point joint PDF, P,, is generated by
the product of the conditional probabilities p(xit1,ti+1|x;,%), fori=1,--- ,n— 1.
A necessary condition for a stochastic phenomenon to be a Markov process is that
the Chapman-Kolmogorov (CK) equation,

plxa,tolxi, 1) = / p(x2,2]x3,13) p(x3,83]x1,11)dx3 (9.3.1)

should hold for any value of #3 in the interval f, < 3 < #1. One should check the
validity of the CK equation for different x; by comparing the directly-evaluated
conditional probability functions p(xa,#|x1,#;) with the ones calculated according
to right side of equation (9.3.1). The simplest way to determine #), for stationary or
homogeneous data is the numerical calculation of the quantity, S = |p(x2,t2|x1,t1) —
J p(x2,t2]x3,13) p(x3,23|x1,11 )dx3], for given x; and xp, in terms of, for example,
13 —t1 and considering the possible errors in estimating S. Then, fy; = 13 —#; for that
value of t3 —t; for which S vanishes or is nearly zero (achieves a minimum).

Deriving an effective stochastic equation that describes the fluctuations of the
quantity x() constitutes the second step. The CK equation yields an evolution equa-
tion for the change of the distribution function P(x,) across the scales . The CK
equation, when formulated in differential form, yields a master equation which takes
the form of a Fokker-Planck equation:

EP(x 1) = —iD(”(x t)+8—2D(2)(x )| P(x,1) (9.3.2)
di dx o ’ e o

The drift and diffusion coefficients, DU (x,7) and D) (x,7), are estimated directly
from the data and the moments M®) of the conditional probability distributions:

1
D) = i

?

1
MK = E/(X/ —x)*p(x 1+ At|x,1)dx . (9.3.3)
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We note that this Fokker-Planck equation is equivalent to the following Langevin
equation:

d

ar
where f(r) is a random force with zero mean value and Gaussian statistics, J-
correlated in ¢, i.e., {f(¢t)f(¢')) = 286(r —'). Note that such a reconstruction of a
stochastic process does not imply that the data do not contain any correlation, or
that the above formulation ignores the correlations.

Regeneration of the stochastic process constitutes the third step. Eq. (9.3.4) en-
ables us to regenerate a stochastic quantity which is similar to the original one in
the statistical sense. The stochastic process is regenerated by iterating (9.3.4) which
yields a series of data without memory. To compare the regenerated data with the
original ones, we must take the spatial (or temporal) interval in the numerical dis-
cretization of (9.3.4) to be unity (or renormalize it to unity). However, the Markov
length or time is typically greater than unity. Therefore, we should correlate the data
over the Markov length or time scale. There are a number of methods to correlate
the generated data in this interval. Here, we propose a new technique which we refer
to as the kernel method, according to which one considers a kernel function K (u)
that satisfies the condition that,

(1) = DW(x) + /D (x) f(1), 9.3.4)

/m Ku)du=1, (9.3.5)

such that the data are determined by

(1) = ih ix(ti)l( (t ;”) , (9.3.6)

where £ is the window width. For example, one of the most useful kernels is the
standard normal density function, K (u) = (27) /2 exp(— 7u?). In essence, the ker-
nel method represents the data as a sum of ‘bumps’ placed at the observation points,
with its function determining the shape of the bumps, and its window width 4 fixing
their width. It is evident that, over the scale /, the kernel method correlates the data
to each other.

Note 9.3.1: If a system exhibits a power law distribution, it can be described by a
nonlinear Fokker-Planck equation. The establishment of states with power law dis-
tributions is regarded as a collective phenomenon. The power law distribution arises
from the interactions between the subsystems of a many-body system. Alternatively,
one can describe power law distribution by means of linear Fokker-Planck equations
with state-dependent diffusion coefficients. In the context of linear Fokker-Planck
equations, power law distributions describe a single system that is subjected to a
multiplicative noise source or to some kind of temperature fluctuations. Currently,
data analysis techniques are being developed that can be used to extract the model
equations of systems described by Markov diffusion processes from experimental
data.
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9.4 Fundamental Equations for Nonequilibrium Processes

9.4.1 Chapman-Kolmogorov equation

In probability theory and in the theory of stochastic processes, the Chapman-
Kolmogorov equation is an identity relating the joint probability distributions of
different sets of coordinates on a stochastic process. Suppose that { f;} is an indexed
collection of random variables, that is, a stochastic process. Let

pi17~-..,in(fla---afn) 9.4.1)

be the joint probability density function of the random variables fj to f,,. Then the
Chapman-Kolmogorov equation is

Pitoi  (Flreee fuet) = L AU RN AN 9.4.2)

i.e. a straightforward marginalization over the nuisance variable. When the stochas-
tic process under consideration is Markovian, the Chapman-Kolmogorov equation
is equivalent to an identity on transition densities. In the Markov chain setting, one
assumes that i; < ... <i,. Then, because of the Markov property,

pil ..... i,,(flw"afn):pil(fl)piz;il(f2|f1)"'pin;i,l,1(fn‘fn—1)7 (943)

where the conditional probability p;.;(fi| f;) is the transition probability between the
times i > j. So, the Chapman-Kolmogorov equation takes the form

pica (B 1) = [ pr (1) (121 F1)df ©44)

When the probability distribution on the state space of a Markov chain is discrete,
the Chapman-Kolmogorov equation can be expressed in terms of (possibly infinite-
dimensional) matrix multiplications, thus

T(t+s)=T(t)T(s) (9.4.5)

where T () is the transition matrix, i.e., if X; is the state of the process at time 7, then
for any two points i and j in the state space, one has

T;j(r) = p(X; = j|Xo =), 9.4.6)

that is, the probability that X; is in state j given that Xy was in state i.

9.4.2 Master equation

In physics, a master equation is a phenomenological first-order differential equation
describing the time evolution of the probability of a system to occupy each one of a
discrete set of states:
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dpy
? - ZTkmpm; (947)
m

where py is the probability for the system to be in the state k, while the matrix
(Tin) is filled with a grid of transition rate constants 7j,,’s. In probability theory,
this identifies the evolution as a continuous time Markov process with the integrated
master equation obeying a Chapman-Kolmogorov equation. Note that

Y Ty =0 9.4.8)

(i.e. probability is conserved) so the equation may also be written as follows:

dpe

FTE Z(Tkipi — Tikp)- (9.4.9)

i
If the matrix (7}) is symmetric, i.e. all the microscopic transition dynamics are state
reversible so that

Tii = Ty (9.4.10)

then this gives
d
” =Y Tulpi 9.4.11)
i

Many physical problems in classical and quantum mechanics can be reduced to
the form of a master equation. One generalization of the master equation is the
Fokker-Planck equation which describes the time evolution of a continuous proba-
bility distribution.

9.4.3 Fokker-Planck equation

The Fokker-Planck equation was used for the statistical description of Brownian
motion of a particle in a fluid. Brownian motion follows the Langevin equation
which can be solved for many different stochastic forcings with results being av-
eraged (Monte Carlo method). However, instead of this computationally intensive
approach, one can use the Fokker-Planck equation and consider W (v,7), that is the
probability density function of the particle having a velocity in the interval (v,v+dv)
when it starts its motion with vy at the time fy. The general form of the Fokker-Planck
equation for N variables is

D] N N 82
Za )C], ) N)+,§{/:Zif9x:3

D}i(x1,....xn) | W (9.4.12)

where D! is the drift vector and D? the diffusion tensor, the latter of which results
from the presence of the stochastic force.
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Note 9.4.1: There are linear and nonlinear Fokker-Planck equations and there
are generalizations of their standard representations: generalizations concerning the
drift and diffusion coefficients, the transition probability densities related to the so-
Iutions of Fokker-Planck equations, and the Fokker-Planck operator as contained
in the Fokker-Planck equation. Further to the Fokker-Planck equation, there are
other types of evolution equations for probability distributions and density mea-
sures: Liouville equations, linear and nonlinear master equations, Boltzmann equa-
tions, fractional linear and nonlinear Fokker-Planck equations. Methods developed
for Fokker-Planck equations determined by free energy measures can also be ap-
plied to nonlinear reaction-diffusion equations.

9.4.4 Langevin equation

In statistical physics, a Langevin equation is a stochastic differential equation de-
scribing Brownian motion in a potential. The first Langevin equation to be studied
were those in which the potential is constant, so that the acceleration a of a Brownian
particle of mass m is expressed as the sum of a viscous force which is proportional
to the particle’s velocity v (Stokes’ law) and a noise term representing the effect of
a continuous series of the collisions with the atoms of the underlying fluid:

ma:m% =—Bv+n(). (9.4.13)
Often interesting results can be obtained, without solving the Langevin equation,
from the fluctuation dissipation theorem. The main method of solution, if a solution
is required, is by use of the Fokker-Planck equation, which provides a deterministic
equation satisfied by the time dependent probability density. Alternatively, numer-
ical solutions can be obtained by Monte Carlo simulation. Other techniques, such
as path integration have also been used, drawing on the analogy between statistical
physics and quantum mechanics (for example the Fokker-Planck equation can be
transformed into a the Schroedinger equation by rescaling a few variables).

9.4.5 Reaction-diffusion equation

A specific form of the master equation is the reaction-diffusion equation. The sim-
plest reaction-diffusion models are of the form

99 9%
5 _§W+F(¢) (9.4.14)

where & is the diffusion constant and F is a nonlinear function representing the reac-
tion kinetics. Examples of particular interest include the Fisher-Kolmogorov equa-
tion for which F = y¢(1 — ¢?) and the real Ginzburg-Landau equation for which
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F =y¢(1 — ¢). The nontrivial dynamics of these systems arises from the competi-
tion between the reaction kinetics and diffusion.

Open macroscopic systems with reaction (transformation) and diffusion (trans-
port): Evolution of a reaction-diffusion system involves three types of processes:
(i) internal reaction (transformation), (ii) internal diffusion (transport), and (iii) in-
teraction with the external environment. Of special interest are asymptotic states of
reaction-diffusion systems that are reached after some time and wherein the sys-
tem will remain unless internal or external disturbances bring the system out of this
state. At one extreme, asymptotically the system may become a closed system with
no interaction with the environment, relaxing to a state of internal thermodynamic
equilibrium. Another extreme, when all internal transformations cease, the system
reaches a state of transport equilibrium with the external environment. Both these
asymptotic states are stationary. Starting from either of them and gradually switch-
ing on external transport or internal transformation, one obtains two basic branches
(diffusion and reaction) of stationary asymptotic states. It may be the case that these
two branches meet midway in such a manner that the stationary state remains unique
and stable in the whole range of parameters. However, it may also occur that some-
where away from the two equilibrium limits both thermodynamic branches undergo
some kind of bifurcation leading to their destabilization and to the emergence of a
variety of other asymptotic states, not all of them being stationary, symmetric, or
even ordered. Such phenomena are known as kinetic instabilities. The primary char-
acteristic of a kinetic system is the kind of instabilities that may exhibit. Attempts
to develop a unified theory of instabilities in nonequilibrium systems are contained
in the works of Nicolis and Prigogine and Haken.

One of the best understood theoretical mechanism for pattern formation is the
Turing instability of a homogeneous steady state in a two-species reaction-diffusion
system. On its own, diffusion tends to smooth out irregularities; however, the dif-
ferential diffusion of two distinct species coupled by nonlinear reaction terms may
result in certain wavelengths becoming unstable so that pattern are produced.

The general form of a two-species reaction-diffusion model is

W = Afi(n1,m2) +V2ni (x,1) ©413
w = A fa(n1,m2) +dVna(x,1).

In these equations, n; (x,) and ny(x,7) are the number densities for the two species.
The functions f; and f, are generally nonlinear functions describing the reaction
kinetics. The constant d is the ratio of the diffusion coefficients of species 2 to
species 1, and A > 0 is a scaling variable which can be interpreted as the charac-
teristic size of the spatial domain or as the relative strengths of the reaction terms.
The standard reaction-diffusion model is a diffusion-limited process in which the
time for reactions to occur within a given reaction zone is considered to be much less
than the time for reactants to diffuse between reaction zones. The reaction-diffusion
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model is also a mean-field model in which it is assumed that the reactions do not
themselves introduce correlations between the diffusing species but are dependent
only on local average concentrations. Thus microscopic fluctuations in n(x,) at the
atomic level are ignored. If the concentration of species is spatially homogeneous,
then the reaction-diffusion model reduces to the classical macroscopic rate equa-
tions from the law of mass action (ben Avraham, Havlin). The canonical model for
Turing instability induced pattern formation is a reaction-diffusion equation with
activator-inhibitor reaction kinetics: the above two equations with d f>/dn; > 0 and
dfi1/dn, < 0. In this case species 1 is an activator for production of species 2 and
species 2 is an inhibitor for production of species 1. A linear stability analysis about
the homogeneous steady-state solution, nj,nj, reveals that necessary conditions for
Turing instability induced pattern formation are (Murray)

ajl+axn<0
ayjax —apaz >0

1 2
d> <a“[(auazz —apay)'? + (—6112“21)1/2]> (9.4.16)

where a;; = df;/dn; is evaluated at the homogeneous steady-state solution. If the
above conditions are met, then it can be shown that there is a range of wave numbers
q defined by (Murray)

1
ﬁ[(dau +an) — ((day) +an)? —4d(ayaxn — apna )% < ¢
1
< g[(dau +ain)+ ((darr +axn)* —4d(anaxn — 6112021))1/2] (9.4.17)

which will become excited and thus produce patterns. A necessary requirement for
pattern formation, consistent with the above equations, is that the inhibitor diffuse
faster than the activator (d > 1) in all activator-inhibitor systems.

Note 9.4.2: Recently, physical systems have been reported in which the diffusion
rates of species cannot be characterized by a single parameter of the diffusion con-
stant. Instead, the (anomalous) diffusion is characterized by a scaling parameter « as
well as a diffusion constant D and the mean-square displacement of diffusing species
< r2(t) > scales as a nonlinear power law in time < 72(¢) >~ t%. The case 0 < a < |
is called subdiffusion and, accordingly, the case o > 1 is called superdiffusion. The
problem of anomalous subdiffusion with reactions in terms of continuous-time ran-
dom walks (CTRWSs) with sources and sinks leads to a fractional activator-inhibitor
model with a fractional order temporal derivative operating on the spatial Laplacian.
The problem of anomalous superdiffusion with reactions has also been considered
and in this case a fractional reaction-diffusion model has been proposed with the
spatial Laplacian replaced by a spatial fractional differential operator.
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9.5 Fractional Calculus

Mathematics of dynamical systems: There are three distinct paradigms for scientific
understanding of dynamical systems. (i) In the Newtonian approach the system is
modeled by a differential equation and subsequently solutions of the equations are
obtained. (ii) In the approach through the geometric theory of differential equations
(= qualitative theory) the system is also modeled by a differential equation but only
qualitative information about the system is provided (Poincaré, Smale). (iii) Algo-
rithmic modeling uses the computer, uses maps (discrete-time dynamical system)
rather than differential equations (continuous-time dynamical system) that means
to use algorithms instead of conventional formulas. This approach is a data driven
modeling process.

Integer-order derivatives and their inverse operations (integer-order integrations)
provide the language for formulating and analyzing many laws of physics. Inte-
ger calculus allows for geometrical interpretations of derivatives and integrals. The
calculus of fractional derivatives and integrals does not have clear geometrical and
physical interpretations. However the fractional calculus is almost as old as inte-
ger calculus. As early as 1695, Leibniz, in a reply to de 1’Hospital, wrote “Thus it
follows that d'/2x will be equal to xv/dx : x,... from which one day useful conse-
quences will be drawn”.

A first way to formally introduce fractional derivatives proceeds from the re-
peated differentiation of an integral power. (Formal definitions and a detailed dis-
cussion may be found in Chapter 2. Some definitions will be given here for the sake
of completeness of the present discussion).

dr m!

— = " 9.5.1
o (mfn)!x ( )

For an arbitrary power U, repeated differentiation gives

&, Tt .

with gamma functions replacing the factorials. The gamma functions allow for a
generalization to differentiation of an arbitrary order .

4w Tt e

de@”  T(u—o+1) ©.5.3)

The extension defined by the latter equation corresponds to the Riemann-Liouville
derivative. It is sufficient for handling functions that can be expanded in Taylor se-
ries. A second way to introduce fractional derivatives uses the fact that the nth deriv-
ative is an operation inverse to an n-fold repeated integration. Basic is the integral
identity

/ax/ayl .../ayn_l dy,...dy1f(ym) = ﬁ/jdyf(y)(x_y)nfl. 9.5.4)
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A generalization of the expression allows one to define a fractional integral of arbi-
trary order & via

D) = s [ Oy (2 a) ©55)

A fractional derivative of an arbitrary order is defined through fractional integration
and successive ordinary differentiation. The following is a causal convolution-type
integral.

£(0) = /0 " deh(t)glt - 7) (9.5.6)

(transforms the input signal A(¢) into the output signal f(¢) via the memory function
(the impulse response) g(¢). If g(r) is the step function

1 for t>0
8(r) = {0 for +<0 ©.5.7)

then the latter expression is a first-order integral. And if g(r) = 6(¢) is the Dirac
delta-function, then the transformation represented by the former integral repro-
duces the input signal (this is the zeroth-order integral). It may be assumed that the
fractional integration of order v, (0 < v < 1),

7(6) = 1"(1\/)/(; deh(t)(i —7)"~"! (9.5.8)

interpolates the memory function such that it lies between the delta-function (total
absence of memory) and the step function (complete memory).

Stanislavsky developed a specific interpretation of fractional calculus: It was
shown that there is a relation between stable probability distributions and the frac-
tional integral. The time degree of freedom becomes stochastic. It is the sum of ran-
dom time intervals and each of them is a random variable with a stable probability
distribution. There exists a mathematically justified passage to the limit from dis-
crete time steps (intervals) to a continuous limit. Corresponding processes have ran-
domized operation time. The kinetic equations describing such processes are written
in terms of time derivatives (or time integrals) of fractional order. The exponent of
the fractional integral (derivative) is directly related to the parameter of the corre-
sponding stable probability distribution. The occurrence of the fractional derivative
(or integral) with respect to time in kinetic equations shows that these equations
describe subordinate stochastic processes. Their directional process is directly re-
lated to a stochastic process with a stable probability distribution. This introduces
a stochastic time arrow into the equations. In contrast to the traditional determinate
time arrow with a “timer” counting equal time intervals, the stochastic “timer” has
an irregular time step. This time step is a random variable with a stable probabil-
ity distribution. This character of the probability distribution gives rise to long-term
memory effects in the subordinate process, and the relaxation (reaction) in such
a system has a power-law character. Although the above mentioned transforma-
tion of stochastic processes does not violate the laws of classical thermodynamics,
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it requires some modification of their macroscopic description. This manifests itself
in the appearance of a generalized (fractional) operator with respect to time in the
kinetic description of such anomalous systems. The order of this operator permits
finding the parameter ¢ corresponding to the stable distribution.

9.6 Nonextensive Statistical Mechanics

In 1865 Clausius introduced the concept of entropy in the context of classical ther-
modynamics without any reference to the microscopic world. Boltzmann discov-
ered the fundamental description of the behavior of classical macroscopic bodies
in equilibrium in terms of the properties of classical microscopic particles out of
which they consist. He used both dynamical and statistical methods. Planck ap-
plied Boltzmann’s method to radiation and discovered quantum mechanics. Einstein
argued with Boltzmann and Planck that the statistical description of a physical
system should be based on the dynamics (Newton’s equation of motion) of the sys-
tem. Boltzmann, in his research papers in 1868 and 1872, generalized the Maxwell-
Boltzmann equilibrium velocity distribution for point particles in free space to the
case of a number of material points that move under the influence of forces for
which a potential function exists. It seems that he did not realize that he intro-
duced probabilistic concepts in his “mechanical” considerations. Only in 1877 he
proposed the relation between the second law of thermodynamics and probability
theory with respect to the laws of thermal equilibrium and established the link be-
tween the thermodynamic entropy S and the probability W for the dynamical states
of a physical system at a given total energy in phase space. According to Einstein,
Boltzmann’s statistical approach (without any reference to dynamics) only applies
strictly to equilibrium. Later, Gibbs generalized Boltzmann’s principle in {l-space
(S =kInW + constant) to I'-space (S = —k [ f(T')In f(I')dT") but the two approaches
are equivalently valid only for equilibrium. Their generalization to nonequilibrium
states remains an open problem.

The first classical non-Boltzmann-Gibbs statistics of physical systems was dis-
covered by Tsallis. One of the properties within Clausius concept of entropy is the
extensivity of the entropy, i.e., its proportionality to the number N of elements of
the system. The Boltzmann-Gibbs entropy

w
Sp =k pilnp; (9.6.1)
i=1

(discrete version where w is the total number of microscopic states, with probabili-
ties {p;}). If the N elements (or subsystems) are probabilistically independent, then
the joint probability is a product of the probabilities of individual events:

Diyiyosin = Piy Piy -+ Piy- 9.6.2)
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It can be verified that
SpG(N) < NSp(1). (9.6.3)

If the correlations within the system are close to this ideal situation (e.g., local in-
teractions), extensivity is still verified, in the sense that

SpG(N) < N, N — oo. (9.6.4)

However there are more complex situations for which Spg is not extensive. For
an important class of systems (e.g., asymptotically scale-invariant), a connection
between S and W is known:

W
=Y 1D

S, =k
q q_l

(q ER;S = SBG)~ 9.6.5)
This entropy was proposed by Tsallis as a possible basis for a generalization of
Boltzmann-Gibbs statistics that is currently referred to as nonextensive statistical
mechanics. In such a theory the energy is typically nonextensive whether or not the
entropy is. The property

Sq(A+B) _ Sy(A) | Sq(B)

Kk T U9

S4(A) Sq(B)
ko k

(9.6.6)

which led to the term “nonextensive entropy”, is valid only if the subsystems A and
B are probabilistically independent. In some applications of g-statistics to physical
problems, the entropic indices g can be computed from first principles when the
precise dynamics is known. In other applications, when neither the microscopic
nor the mesoscopic dynamics is accessible, only a phenomenological approach is
possible, and g is determined by fitting.

9.7 Standard and Fractional Reaction

9.7.1 Boltzmann-Gibbs statistical mechanics

9.7.1.1 Differential equation

Which is the simplest ordinary differential equation? It is

dy

7.1
o= 9.7.1)

whose solution (with y(0) = 1) is y = 1. What could be considered as the second in
simplicity? It is

(9.7.2)
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whose solution is y = 1 + x. And the next one? It is
dy
o

whose solution is y = e*. Its inverse is x = Iny, which coincides with the celebrated
Boltzmann formula

i (9.7.3)

SpG = kInW, (9.7.4)

where k is Boltzmann constant, and W is the measure of the space where the sys-
tem is allowed to “live”, taking into account total energy and similar constraints.
If we have an isolated N-body Hamiltonian system (microcanonical ensemble in
Gibbs notation), W is the dimensionless Euclidean measure (i.e., (hyper)volume)
of the fixed-energy Riemann (hyper)surface in phase space (Gibbs’ I'-space) if the
system microscopically follows classical dynamics, and it is the dimension of the
associated Hilbert space if the system microscopically follows quantum dynamics.
In what follows we indistinctively refer to classical or quantum systems. We shall
nevertheless use, for simplicity, the wording “phase space” although we shall write
down formulas where W is a natural number. If we introduce a natural scaling for x
(i.e., if x carries physical dimensions) we must consider, instead of Eq. (9.7.3),

dy

=Y 9.7.5)
in such a way that ax is a dimensionless variable. The solution is now

y=e™, (9.7.6)

This differential equation and its solution appear to admit at least three physical
interpretations that are crucial in Boltzmann-Gibbs statistical mechanics. The first
one is (x,y,a) — (¢,&, 1), hence

£ =eM, 9.7.7)
where ¢ is time,

Ax(r)
1m
Ax(0)—0 AX(O)

§

is the sensitivity to initial conditions, and A is the (maximal) Lyapunov exponent
associated with a typical phase-space variable x (the dynamically most unstable one,
in fact). This sensitivity to initial conditions (with A > 0) is of course the cause of the
mixing in phase space which will guarantee ergodicity, the well known dynamical
justification for the entropy in Eq. (9.7.4).
The second physical interpretation is given by (x,y,a) — (¢,Q,—1/71), hence
Q=¢/", (9.7.8)
where Q = %, and 7 is the characteristic time associated with the relaxation
of a typical macroscopic observable O towards its value at the possible stationary
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state (thermal equilibrium for BG statistical mechanics). This relaxation occurs pre-
cisely because of the sensitivity to initial conditions, which guarantees strong chaos
(essentially Boltzmann’s 1872 molecular chaos hypothesis). It was Krylov the first
to realize, over half a century ago, this deep connection. Indeed, 7 typically scales
like 1/A.

The third physical interpretation is given by (x,y,a) — (E;,Zp;,—f3), hence

e_ﬁEi W
pi=— z=Y e PE, 9.7.9)
j=1

where E; is the eigenvalue of the i-th quantum state of the Hamiltonian (with its
associated boundary conditions), p; is the probability of occurrence of the i-th state
when the system is at its macroscopic stationary state in equilibrium with a ther-
mostat whose temperature is f = 1/(kf3) (canonical ensemble in Gibbs notation). It
is a remarkable fact that the exponential functional form of the distribution which
optimizes the Boltzmann-Gibbs generic entropy

w
Sse = —k Y pilnp;, (9.7.10)
i=1

with the constraints

o

Il
=

pi=1, (9.7.11)
and
4
Zp,-E,- =U (U =internal energy), (9.7.12)
i=1

precisely is the inverse functional form of the same entropy under the hypothesis of
equal probabilities, i.e., p; = % for all 7, hence the logarithmic Eq. (9.7.10). To the
best of our knowledge, there is (yet) no clear generic mathematical linking for this
fact, but it is nevertheless true. It might seem at first glance a quite bizarre thing to do
that of connecting the standard Boltzmann-Gibbs exponential weight to the solution
of a (linear) differential equation, in contrast with the familiar procedure consisting
in extremizing an entropic functional (Eq. (9.7.10)) under appropriate constraints
(Egs. (9.7.11) and (9.7.12)). It might be helpful to remind to those readers who
so think that it is precisely through a differential equation that Planck heuristically
found the celebrated black-body radiation law in his October 1900 paper, considered
by many as the beginning of the path that led to quantum mechanics.

In concluding the present remarks by saying that, when we stress that Egs.
(9.7.1), (9.7.2) and (9.7.3) naturally co-emerge within Boltzmann-Gibbs statisti-
cal mechanics, we only refer to the generic (or more typical) situations, not to all
the situations. It is known, for example, that relaxation occurs through a power-
law function of time at any typical second-order phase transition, whereas the
Boltzmann-Gibbs weight remains exponential.
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9.7.1.2 Mean value

The Boltzmann-Gibbs entropy in Eq. (9.7.10) can be rewritten as the following
mean value:

1
SBc :k<ln> , (9.7.13)
Di

W
where (---) = Zp[(- -+). The quantity In(1/p;) is some times called surprise or
i=1

unexpectednessiWe notice that the averaged quantity has the same functional form
as that corresponding to the equal probability case Eq. (9.7.10), where 1/p; plays
the role of W.

9.7.1.3 Composition law for independent systems

Let us consider systems A and B as probabilistically independent, i.e., such that
p?jJ“B = p’;‘ p? forall (i, j)). We can immediately prove that entropy (9.7.10) satisfies

the following property
SpG(A+B) = Spc(A) +Spa(B) , (9.7.14)

referred from now on as extensivity. This property is sometimes referred to as addi-
tivity, reserving the word extensivity for the infinitely many body systems; we will
for simplicity not make such a distinction here.

The linear property (9.7.14) of course encompasses the fact that, since Wy p =
WaWp, whenever we have equal probabilities, the logarithmic form (9.7.10) is ab-
solutely fitted. For example, if we have N independent coins (or dices), it is W = 2V
(or 6V), hence Spg = NkIn2 (or Spg = NkIn6). If we have, as another example, a
d = 3 regular lattice with ferromagnetic Heisenberg interactions between first neigh-
bors at very high temperature, itis W ~ Ap" (withA >0, p > 1, and N — o), hence
Spc ~ Nklnp. In all these cases, we have Spg o< N, which precisely fits the Clausius
concept of thermodynamic entropy. It can be explored when the ubiquitous behavior
W(N) ~ pV (with N >> 1) is drastically violated, e.g., when W o N7, with v > 0,
which also appears to be ubiquitous in both natural and artificial systems.

9.7.2 Generalized Boltzmann-Gibbs statistical mechanics

There are several other properties than those discussed above, which also specifi-
cally characterize Boltzmann-Gibbs statistical mechanics, but we shall restrict the
present analysis to only those, i.e., differential equations, mean value, entropy com-
position law. As we already mentioned, there is of course no logical-deductive
manner to generalize a physical theory. Or, there is no generic or unique way of gen-
eralizing a logically consistent set of axioms into another one which also is logically
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consistent and which, by construction, recovers the original one as a particular case.
It is therefore only metaphorically that we shall use, in what follows, the mathemat-
ical structure of Boltzmann-Gibbs statistical mechanics in order to generalize it.

9.7.2.1 Differential equations

Egs. (9.7.1), (9.7.2) and (9.7.3) can be unified in a single differential equation

through
dy

P =a-+Dby. (9.7.15)
This can also be achieved with only one parameter through
dy
— =y €ER 9.7.16
o) @eR) ( )

Egs. (9.7.1), (9.7.2) and (9.7.3) are respectively recovered for ¢ — —oo, ¢ = 0 and
q = 1. The solution of Eq. (9.7.16) (with y(0) = 1) is given by

y=[1+1-g/ D =e (ef =¢). (9.7.17)

The inverse function of the g-exponential is the g-logarithm, defined as follows
—— =Ingx  (Injx=Inx). (9.7.18)

The Boltzmann principle, Eq. (9.6.1), can be generalized, for equal probabilities, as

follows

wi-a—1
l—q

As for the Boltzmann-Gibbs case, if x carries a physical dimension, we must con-

sider, instead of Eq. (9.7.16),

Sy(pi=1)W, Vi) = kln,W =k (9.7.19)

d
d% —ap? (a1 =a), (9.7.20)

hence
y=e,". (9.7.21)

As for the Boltzmann-Gibbs case, we expect this solution to admit at least three
different physical interpretations.
The first one corresponds to the sensitivity to initial conditions

E=c;", (9.7.22)

where A, generalizes the Lyapunov exponent or coefficient. This was conjectured in
1997, and, for unimodal maps, proved recently.
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The second interpretation corresponds to relaxation, i.e.,
—t/7,
Q=¢, . (9.7.23)

There is (yet) no proof of this property, but there are several verifications (for in-
stance, for a quantum chaotic system).
The third interpretation corresponds to the energy distribution at the stationary

state, i.e.,
*ﬁqu w
p= (z,=Y e . (9.7.24)
Z4 j=1

This is precisely the form that comes out from the optimization of the generic en-
tropy S, under appropriate constraints. This form has been observed in a large vari-
ety of situations.

Before closing this subsection, let us stress that there is no reason for the val-
ues of g appearing in Eqgs. (9.7.17), (9.7.18) and (9.7.19) be the same. Indeed, if
we respectively denote them by gs., (sen stands for sensitivity), q,.; (rel stands for
relaxation) and gg4 (stat stands for stationary state), we typically (but not neces-
sarily) have that g5, < 1, g,; > 1 and gy, > 1. The possible connections between
all these entropic indices are not (yet) known in general. However, for the edge of
chaos of the z-logistic maps we do know some important properties. If we consider
the multifractal f(o) function, the fractal or Hausdorff dimension dy corresponds
to the maximal height of f(a); also, we may denote by @i, and @,y the values of
o at which f(o) vanishes (with 04, < Qiuay)- It has been proved that

1 1 1
= — . (9.7.25)
1— qsen Omim Onax
Moreover, there is some numerical evidence suggesting
: (1—dy) (9.7.26)
qrel — 1 1 o

Unfortunately, we know not much about g, but it would not be surprising if it was
closely related to ¢,.;. They could even coincide, in fact.

9.7.2.2 Mean value

Since we have seen in the previous subsection that the logarithmic function naturally
generalizes into the g-logarithmic one, let us define

1
Sq= k<lnq > , (9.7.27)
Pi
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where we may call In,(1/p;) the g-surprise or g-unexpectedness. Then, it is straight-
forward to obtain

Sq=k —=— (8 = Spo), (9.7.28)

which is the entropy on which we shall base the present generalization of Boltzmann-
Gibbs statistical mechanics.

9.7.2.3 Entropy composition law for independent systems

If we consider now the same two probabilistically independent systems A and B that
we assumed before, we straightforwardly obtain

SUATB) | SyA) | SA) | SilA) S(B)

. . p (9.7.29)

We re-obtain Eq. (9.7.10) in the limit (1 —¢) /k — 0. Since S, is always nonnegative,
we see that, if ¢ < 1 (¢ > 1), we have that S;(A +B) > S,(A) +S4(B) (S4(A+B) <
S4(A) +S4(B)), which shall be referred as the superextensive (subextensive) case.
It is from this property that the expression nonextensive statistical mechanics was
coined (Tsallis).

9.7.3 Fractional reaction

In terms of Pochhammer’s symbol

_ lan:07067£()
(Ol)rz_{OC(OC—‘r-l)...(OC—l—n—1),,161\77 (9.7.30)

we can express the binomial series as

(1-x)"%= i (@ <1, (9.7.31)

The Mittag-Leffler function is defined by

; Flan 1 (9.7.32)

This function was defined and studied by Mittag-Leffler. We note that this function
is a direct generalization of an exponential series, since

E\(z) = exp(2). (9.7.33)
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It also includes the error functions and other related functions, for we have

Eyjp(£2"/?) = €[l +erf(£2/2)] = eferfe(F2'/2), (9.7.34)

where ) .
erf(z) = — / e du,erfe(z) = 1 —erf(z),z € C. (9.7.35)

nl/2 Jo

The equation
o
Eupgz) =) — (9.7.36)
ap(?) n;or(oerﬁ)

gives a generalization of the Mittag-Leffler function. When 8 = 1, Eq. (9.7.36) re-
duces to Eq. (9.7.32). Both the functions defined by Egs. (9.7.32) and (9.7.36) are
entire functions of order 1/¢ and type 1. The Laplace transform of E, g(z) follows
from the integral

/ e PP Ey g(Aar*)dt = p P (1—ap™®)7!, (9.7.37)
0

where R(p) > |a|'/* R(B) > 0, which can be established by means of the Laplace
integral

/' e PP tdr =T(p)/pP, (9.7.38)
0

where R(p) > 0,R(p) > 0. The Riemann-Liouville operator of fractional integra-
tion is defined as

DV () = ﬁ / ) (=)’ du,v > 0, (9.7.39)

with ,DY f(1) = f(t). By integrating the standard kinetic equation

d

ZNi{1) = —aiNi{t), (e; > 0), (9.7.40)
it is derived that

Ni(t) = No = —c; oD; 'Ni(t), (9.7.41)
where (D, !'is the standard Riemann integral operator. Here we recall that the num-
ber density of species i, N; = N;(t), is a function of time and N;(r = 0) = N is the
number density of species i at time ¢ = 0. By dropping the index i in Eq. (9.7.41),
the solution of its generalized form

N(t)—No = —c" QD;VN(I)7 (9.7.42)
is obtained as

= (1))

N(t):Ngkgbm.

By virtue of Eq. (9.7.36) we can rewrite Eq. (9.7.43) in terms of the Mittag-Leffler
function in a compact form as

N(t) = NoEy(—c"t"),v > 0. (9.7.44)

(9.7.43)
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Later we will investigate the solutions of three generalized forms of Eq. (9.7.40).
The results are obtained in a compact form in terms of the generalized Mittag-Leffler
function.

9.7.4 Thermonuclear reaction coefficient

Understanding the methods of evaluation of thermonuclear reaction rates is one of
the most important goals of research in the field of stellar and cosmological nu-
cleosynthesis. Practically all applications of fusion plasmas are controlled in some
way or another by the theory of thermonuclear reaction rates under specific cir-
cumstances. After several decades of effort, a systematic and complete theory of
thermonuclear reaction rates has been constructed. One of the basic ideas in this
regard is that the motor of irreversibility and dissipation is the existence of reactions
between individual nuclei. The latter produce a randomization of the energy and
velocity distributions of particles. The effect of the reactions is balanced by the flow
of the particles in a macroscopically inhomogeneous medium. As a result of this
balance, the system reaches a quasi-stationary state close to equilibrium, in which
steady fluxes of matter, energy, and momentum are present. The main ideas in the
following are coming from statistical distribution theory and the theory of gener-
alized special functions, mainly in the categories of Meijer’s G-function and Fox’s
H-function of scalar, vector, and matrix arguments (Mathai, 1993; Aslam Chaudhry
and Zubair, 2002). A fusion of mathematical and statistical techniques enabled us to
evaluate thermonuclear reaction rate integrals in explicit closed forms. Some of the
techniques which are used will be summarized here. In order to explain the ideas
we will start with the evaluation of an integral over a real scalar variable first. Let

I(z;p,n,m) = p / e PP gy (9.7.45)
0

for R(p) > 0,%R(z) > 0, n, m positive integers, where R(.) denotes the real part of
(.). A particular case of this integral fornp = —v,p=1,n=1,m=2,

1(z1,1,2) = / e e ar (9.7.46)
0

is a thermonuclear function associated with equilibrium distributions in reaction rate
theory under Maxwell-Boltzmannian approach. As can be seen from (9.7.45) that
the usual mathematical techniques fail to obtain a closed-form representation of the
basic integral in (9.7.45).

9.7.4.1 Statistical techniques
Certain special functions are related to particular probability laws governing prod-

ucts of independent exponential variables. Such laws can be related to the underly-
ing physical processes. The integrand in (9.7.45) is a product of integrable positive
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functions and hence the integrand can be made into a product of statistical densities
by normalizing them. Consider two statistically independent real scalar random vari-
ables x and y with the density functions fi(x) >0, f2(y) > 0for0 < x <eo,0 <y < oo
and fi(x) =0, f2(y) = 0 elsewhere. Let u = xy, the product of these random vari-
ables. Then from the transformation of the variables, u = xy,v = x, the density g(u)
of u is given by

8 = [ LA A 9.7.47)

The integral in (9.7.47) can be made equivalent to the integral in (9.7.45) by suitably
selecting f1 and f>. Let

7["/’”

v=ptu=p"" fi(t)=1"""e”", and fr(1)=e , (9.7.48)
excluding the normalizing constants. Then

n/m

/ "L A o)y = / T L et oy (9.7.49)
0 Vv Jo t

Hence

001 n/m o —n/m
PP [ e e e S = p [Ce e e 9750
0 0

which is exactly the integral to be evaluated in (9.7.45). We have identified the
integral as the exact density of the product of two real scalar random variables,
u = xy. Since this density is unique the idea is to evaluate this density through some
other means. Notice that u is a product of positive variables and hence the method of
moments can be exploited profitably. Consider the (s — 1)th moment of u, denoted
by expected value of «*~!. That is, denoting the expectation operation by E,

Ew HY=ExHEY ™) (9.7.51)
due to statistical independence of x and y. Let
gi(s) =E(’"") and gy(s) = E(y* ). (9.7.52)

Then g (s) and g (s) are the Mellin transforms of f; and f, respectively. Then from
the inverse Mellin transform the unique density of u is available as

- 1
T 2mi

g(u) /L ug1(s)ga(s)ds,i =/—1. (9.7.53)

where L is a suitable contour. But, excluding the normalizing constants,
gl = [ A0

:/ tlfnp+sflefldt
JO

=T(1—np+s) for R(1—np+s)>0,. (9.7.54)
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and
g6 = [ ¢ o
S
0
= Tr(ms/n) for R(s) > 0. (9.7.55)
n
Then
o [ n)s)s = 5 [ (m/n)Tms/mT(1 = np +5)(pe") a
o 181 8)ga(s)ds = 5 | (m/n)T(ms/n np +s)(pz 5.
(9.7.56)
Therefore
p /co e PP Mgy
0
n =1 —pt l—np —zt"/m
= p" | —e P (pt) "Pe¥ Tdt
Jo I
1
— P(m/n)5— [ Tloms/mT(1 = np -+ 5) (p2"")*ds
2mi Jr
1
= mp"™ — [ T(ms)T(1 —np +ns)(Z"p") *ds (9.7.57)
27i Ly

by replacing s/n by s. Our aim now is to evaluate the contour integral on the right
side of (9.7.57) explicitly into computable forms. The contour integral in (9.7.57)
can be written as an H-function which can then be reduced to a G-function since m
and n are positive integers. G and H-functions are defined in Chapter 1 and hence
they will not be discussed here.

Now, comparing (9.7.53) and (9.7.57) our starting integral is evaluated as follows

I(z; p,n,m) = mp"™ L L(ms)T(1 —np +ns)(Z"p") *ds
27i Ly
= mp" Hy Y [(2" ") (0.m),(1—np.m) - (9.7.58)

The H-function in (9.7.58) can be reduced to a G-function which can again be
reduced to computable series forms. For this purpose we expand the gammas in
the integrand in (9.7.58) by using the multiplication formula for gamma functions,
namely,

T(mz) = 2n) 2 ™ 3T ()T (z+ nl1> T <z+ m;) (9.7.59)

m=1,2,... (9.7.60)
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Expanding I'(ms)['(1 — np + ns) by using (9.7.59) we have

mp"PT(ms)U(1 —np +ns) = (27) 2 (Z_m_")p"pm%n_"p’L% (m"n™)*

xT(s)T (s—&—’;) ...F(s-l—mn_ll>
xF<s+ l—nnp) ...F<s+n_nnp).

Substituting these back and writing as a G-function we have

I(z;p,n,m) = p'™P (2%)%(2*’"*”)m%n7"9+%

m . n
Z
« Gm+n,0 [ 14

Ot | g 0.1 m=l l-np  n-np
m om0 om0 n

] : (9.7.61)

9.7.4.2 Non-resonant thermonuclear reaction rate

The Maxwell-Boltzmannian form of the collision probability integral for non-
resonant thermonuclear reactions is

1/2

11:1(2;1,1,2):/ ye e ™ Tdy
0

ZZ
= 7.62
J (9.7.62)

1 .30
=7 2Gy3

0,;,1+v]

In stellar fusion plasmas the energies of the moving nuclei are assumed to be de-
scribed by a Maxwell-Boltzmann distribution, Eexp(—E /kt), where T is the local
temperature, E is the energy and k the Boltzmann constant. Folding the cross section
of a nuclear reaction, 6 (E), with this energy (or velocity) distribution leads to the
nuclear reaction rate per pair of nuclei:

< ov>=(8/mw) 2(kT) /Om o(E) exp(—E kT )dE,

where v is the relative velocity of the pair of nuclei, E is the center-of-mass energy,
and @ = mymy/(m; +my) is the reduced mass of the entrance channel of the re-
action. In order to cover the different evolution phases of the stars, i.e. from main
sequence stars to supernovae, one must know the reaction rates over a wide range of
temperatures, which in turn requires the availability of 6(E) data over a wide range
of energies. I is the challenge to the experimentalist to make precise ¢(E) mea-
surements over a wide range of energies. For the class of charged-particle-induced
reactions, there is a repulsive Coulomb barrier in the entrance channel of height
E. =27, Zre? /r, where Z; and Z, are the integral nuclear charges of the interacting
particles, e is the unit of electric charge, and r is the nuclear interaction radius. Due
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to the tunneling effect through the Coulomb barrier, 6(E) drops nearly exponen-
tially with decreasing energy:

o(E)= S(E)E’1 exp(—27n),

where ) = Z,Z»e?/hv is the Sommerfeld parameter, / is the Planck constant. The
function S(E) contains all the strictly nuclear effects, and is referred to as the astro-
physical S(E) factor. If the above equation for o (E) is inserted in the above equation
for the nuclear reaction rate < ov >, one obtains

< ov > (8/m0) (T) 2 [ S(E) exp(~E /KT ~b/E')iE.

with b = 2(2u)"/?12¢%Z,Z, /h. Since for nonresonant reactions S(E) varies slowly
with energy, the steep energy dependence of the integrand in the equation for
< ov > is governed by the exponential term, which is characterized by the peak
near an energy Ey that is usually much larger than k7', the mean thermal energy of
the fusion plasma. The peak is referred to as the Gamow peak. For a constant S(E)
value over the energy region of the peak, one finds Ey = (bkT/ 2)2/3_ This is the ef-
fective mean energy for a given reaction at a given temperature. If one approximates
the peak by a Gaussian function, one finds an effective width § = 4(EokT)'/?/3!/2.
In the following, this approximation is not made and the respective integrals are
analytically represented, beginning with

1
g8 \2 2 1 SW(0)
<m>:(7r ) y
n) S (kr)y iz Ml

X /0 e*yyvefzyfl/zdy

where S(*) denotes the u-th derivative. The G-function in (9.7.62) can be expressed
as a computable power series as well as in closed-forms by using residue calculus.
Writing the G-function in (9.7.62) as a Mellin-Barnes integral we have

2

3,0
GO,3 4

— ] 2 s
07571“1 " 2w / L(s)T(s+1/2)0(1+v+s5)(2°/4) *ds.  (9.7.63)

Case (1): v # j:%ﬂ =0,1,2,... In this case the poles of the integrand are simple
and the poles are at the points

11
5=0,—1,-2,..;8=—=,—=—1,..;5=—1—v,~2—v,...
\) y s s S 2 2 S

The sum of the residues at s = 0,—1,... is given by

o . N
ZE) (;1!) F(;r> rl+v—r) <Z4>

1 1 72
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where, in general, ,F, denotes a general hypergeometric function. The sum of the
l .

residues at s = —%7—5 —1,...1s

1
=3 2\ 2t
(ol LTV 5
Z 3 F( 5 r>F(2+v r><4>
r=0
1
1 1 Z2 2 1 ZZ
— r(-—2)r(= ) B (D-—vi—Z ). 9765
(3)r(e) (5) (5505 one

The sum of the residues at s = —1—v,—1—v—1,...1s

') . 1 Z2 14+v+4r
Fore( L Jr v (d)

r=0
1+v
1 z 307

(9.7.66)
Then from (9.7.64) to (9.7.66) we have
1(z1,1,2) = / We ey
0
2
_1 . 301|%
= G03|:4|0£1+v:|
2
—F(1+V)0Fz<;2, v;—4>
1
1 2 31 2
=2I'| = Bliziz—V;
() (5) o (55%)
+1"(—1—v)1“(—%—v) ( 2)'”
1
r(3) 4
3 7
X0 ;V+2,V+§;—Z (9.7.67)

for v # :t%,/l =0,1,2,.... When Vv is a positive integer the poles at s = —1 — v,
—1—v—1,...are of order 2 each. Hence the corresponding sum of residues can be
written in terms of psi functions. Similarly when Vv is a negative integer, positive or
negative half integer the corresponding sums will contain psi functions.

9.7.4.3 Modified non-resonant thermonuclear reaction rate: depletion

With deviations from the Maxwell-Boltzmann velocity distribution of nuclei in the
fusion plasma, a modification which results in the depletion of the tail is introduced.
In this case the collision probability integral will be of the following form:
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* S 1)2
L= / Yer e gy, (9.7.68)
0
We consider a general integral of this type. Let

1(z;8,a,b,m,n) = / {Peat—bi® =" gy (9.7.69)
JO

Expanding e*’”s and then with the help of (9.7.67)) one can represent (9.7.69) in
terms of a G-function as follows:

o k
1(z;8,a,b,m,n) = Z ﬂa—([’-ﬁ-ks-ﬁ-l)(2”)%(2—1n—n)m%n%+p+k3
k=0

(9.7.70)

IR

L om—l Lpkd
mt om n

for R(z) > 0,R(a) > 0,R(b) > 0,m,n = 1,2,.... the case in (9.7.68) is for a =
I,b=1,n=1,m =2. With v = p +kd the G-function in (9.7.68) corresponds to
that in (9.7.70). When § is irrational and p is rational, the poles of the integrand
will be simple and the G-function is available in terms of hypergeometric functions.
Other situations will involve psi functions. From the asymptotic behavior of the
G-function, see for example Mathai (1993), one can write the integral in (9.7.68),
for large values of z as follows:

n+p+kd
’ n

2v+1
2

Lari(B/3) T e P-(B° B =3(z/2)%3. (9.7.71)

9.7.4.4 Modified non-resonant thermonuclear reaction rate: cut-off

Another modification can be made by a cut-off of the high-energy tail of the
Maxwell-Boltzmann distribution. In this case the collision probability integral to
be evaluated is of the form

d —1/2
I :/ tPe 4 Tdt,d < oo. (9.7.72)
0

We will consider a general integral of the form

n

d —n/m
I(z;d,a,p,n,m) = / y PeT WY / dy,d < oo. (9.7.73)
0
In order to evaluate (9.7.73) explicitly we will use statistical techniques as discussed
earlier. Let x and y be two statistically independent real random variables having the
densities ¢; f1(x),0 <x < d and c2/2(y),0 <y < o with fi(x) and f2(y) equal to
zero elsewhere, where ¢; and ¢, are normalizing constants. Then taking

n/m

filx) =x"P e and fr(y) =e™
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and proceeding as before one has the following result:

d n/m
I(z;d,a,p,n,m):/ P eat=a " g,

0
_ % (27.[)(1 m)/2d np+1 Z ad)r
r=0
1.0 p+r+2+j 1,j=1 77777 n
X szf’m {d”m’" \ PRy (9.7.74)
for R(z) > 0,> 0,%R(a) > 0. Then
d
b= [ rree
Jo
_ gp+l_—1 o (—ad)"
=d PHa 2y ;
r=0
3,0 é|fp+r+2 (9.7.75)
L3 1 4q'—p+r+101 " o
1
For large values of z the G-function behaves like ﬂ%x_%e’z"z X = 4 d, see for ex-
ample Mathai (1993). Then for large values of z,
Z2 _% ) 1
Iy ~d PH! <4d> g~d=2/4d) 2 (9.7.76)

Explicit series forms can be obtained for various values of the parameters with the
help of residue calculus. For example, for R(z) > 0,d > 0,R(a) >0,—p+r+1+#

U =0,1,...

d
—1/2
I :/ Py
0

x {vzg# v‘(( ;fr(—lk;—) V) (iz)v
N i (—1)‘/1—‘(—%—\/) <i>v+;
! 1) \4
+ GZ)“ {m(j;)ﬂx} B}, (9.7.77)
A=y(u+1)+y (—u+ ;) Y(z) = d%lnl“(z),

b Cr(ud).

where
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9.7.4.5 Computations

For computational purposes we will consider the four basic integrals associated with
the cases: non-resonant reactions, non-resonant “cut-off” reactions, non-resonant
screened reactions, and non-resonant “depleted” reactions. Let

= [ yero ey
0
d B
D (z,d,v) =/ YWera?

1
—r7 2
J3(z,1,V) /yv v 2 gy

—1/2

dy

4(2,8,b,V) / Werh' T gy (9.7.78)
The exact expressions for J; and J are given in (9.7.67), (9.7.75) respectively. The
symbolic evaluation of all these integrals cannot yet be achieved with Mathematica.
Those integrals that involve no singularities are done by taking limits of the indef-
inite integrals. The definite versions of the integrals are done using the Marichev-
Adamchik Mellin transform methods. The integration results are initially expressed
in terms of Meijer’s G-function, which are subsequently converted into hypergeo-
metric functions using Slater’s theorem. The notation for Meijer’s G-function, be-
longing to the implemented special functions of Mathematica, is

MeijerG [{{a1,....an}, {ant1,-ap} } . {{b1, ;b } . {bms1, - bg } } 2] -
(9.7.79)

Analytic expressions for the following Meijer’s G-functions are available on
Wolfram Research’s Mathematical Functions web page:

G{m,n,p,q} = G{3,0,0,3} = http:/functions.wolfram.com/07.34.03.0948.01,
(9.7.80)
and

G{m,n,p,q} = G{3,0,1,3} = http:/functions.wolfram.com/07.34.03.0955.01.
(9.7.81)
Approximations for large values of z can be worked out with the help of the
asymptotic behavior of G-functions, see for example Mathai (1993). These are the
following for z very large:
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1 \4

1
1 2\ 6 2\ 3 1
~n(T\2 (% L 1=3(2/4)3
J3~2(3) <4) (4> t| e

1 2\ "6 1
s~ (Z) (Z) o3RI b4 (9.7.82)

9.7.4.6 A generalization.

A mathematically interesting integral corresponding to (9.7.45) can be evaluated.
Consider the integral

I= / e PP le gy, (9.7.83)
0

Then take fi(x) =cjxPe P x>0, fo(y) = ce ™ y>0,y>0and f; x)=0,1f(y)=
0 elsewhere, where ¢ and ¢, are normalizing constants. Then u = xy = 71/7 and from
(9.7.47) one has the integral in (9.7.83) evaluated as the following:

1= (YPP)7ngjg[PZI/7|<p,1),<o,1/y)]70 <z < oo,

where H(.) is the H-function defined in Chapter 1. When 7 is rational the H-function
can be rewritten in terms of a Meijer’s G-function and then (9.7.83) can be evaluated
in terms of the result given in (9.7.59). For specified values of y and p one can obtain
computable representations for the H-function.

9.8 Standard and Fractional Diffusion

9.8.1 Fick’s first law of diffusion

— diffusion is known to be the equilibration of concentrations

— particle current has to flow against the concentration gradient

— in analogy with Ohm’s law for the electric current and with Fourier’s law for heat
flow,

Fick assumed that the current j is proportional to the concentration gradient

de(nt)
or

j(rt)=-D 9.8.1)
D: diffusion coefficient; c: concentration if particles are neither created nor de-
stroyed, then, according to the continuity equation

dc(nt) B dj(nt)

ot ar

(9.8.2)
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Combining Fick’s first law with the continuity equation gives Fick’s second law =
diffusion equation

de(nr) d%c(rt) o
S = DI 5 D] = (9.8.3)

9.8.2 Einstein’s approach to diffusion

— Fick’s phenomenology missed the probabilistic point of view central to statistical
mechanics

— in statistical mechanics particles move independently under the influence of ther-
mal agitation

— the concentration of particles ¢(r,#) at some point r is proportional to the proba-
bility P(r,t) of finding a particle at r

— according to Einstein, the diffusion equation holds when probabilities are substi-
tuted for concentrations

— if aparticle is initially placed at the origin of coordinates in d-dimensional space,
then its evolution according to the diffusion equation is given by

1 2

the mean squared displacement of the particle is thus
2 _ [ 3.
<r (t) >= /r P(r,t)d’r =2dDt. (9.8.5)

<1 (t) >oct

9.8.3 Fractional diffusion

In the following we derive the solution of the fractional diffusion equation using Eq.
(9.8.3). The result is obtained in the form of the following: Consider the fractional
diffusion equation

v 92
DYN(x,t) — ———68(x) = —c" =—=N(x,t 9.8.6
0% ()C, ) F(l _ V) ()C) ¢ axz ()C, )7 ( )
with the initial condition
oD N (x,1)]1—0 =0, (k=1,...,n), (9.8.7)

where n = [R(v)]+1,¢" is a diffusion constant and &(x) is Dirac’s delta function.
Then for the solution of (9.8.6) there exists the formula
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1 20 B a-%v)
(4mcvev)1/2 1,2 [4Cvtv(0,1)2,(1/2,1) (9.8.8)

N(x,t) =

In order to derive the solution, we introduce the Laplace-Fourier transform in the
form

N*(k,s) = / / e TN (x,1)dx A dr. (9.8.9)
0 —oo

Applying the Fourier transform with respect to the space variable x and Laplace
transform with respect to the time variable # and using Eq. (9.8.6), we find that

sYN*(k,s) —s' 1 = —cVk2N* (k,s). (9.8.10)

Solving for N*(k,s) gives
v—1
s
sV 4+ vk
To invert Eq. (9.8.11), it is convenient to first invert the Laplace transform and then
the Fourier transform . Inverting the Laplace transform , we obtain

N*(k,s) = 9.8.11)

N(k,t) = Ey(—c"k*t"), (9.8.12)

which can be expressed in terms of the H-function by using the definition of the
generalized Mittag-Leffler functions in terms of a H-function as

N(k,t) = H"! [cvkzt"|28:37(o!‘,)} : (9.8.13)
Using the integral
L / " e () dk = / " (k) cos(kx)dk (9.8.14)
] =2 cos(kx)dk, 8.

and the cosine transform of the H-function to invert the Fourier transform, we see
that

1 00
Ve = [t [ G 019
o in’l |')C|2 |(l-,l)7(l7v)7(l7l)
|x| 33 vtV (1,2),(1,1),(1,1) | *

Applying a result of Mathai and Saxena (1978, p.4, eq. 1.2.1) the above expression
becomes

Looo [ 2w
N(xyf)ZMHz,z |:Cvtv‘(1,2).(l,l) : (9.8.16)

If we employ the formula (Mathai and Saxena, 1978,p. 4, eq. 1.2.4):

G pym,n
X"Hpg [x

) = Hya |x

(ap+0Ap,Ap)
(bZ+GB;,B:)} . (9.8.17)
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Eq. (9.8.16) reduces to

1 20 [ X ja=¥ w72
N(x,1) = 7(c"t")1/2H2’2 Lvtv REREEEE (9.8.18)

In view of the identity in Mathai and Saxena (1978, eq. 1.2.1), it yields

1 o [ Ix?
(Cvtv)l/z LI | evyv

—

N(x,1) = 1‘5"”] . 9.8.19)

02)

—

Using the definition of the H-function, it is seen that

~ I r(-26) [RP]°
a 2m(cvﬂ)1/2/gr[1—§+v§} _thV} 4.

N(x,1) (9.8.20)

Applying the well-known duplication formula for the gamma function and
interpreting the result thus obtained in terms of the H-function, we obtain the
solution as

_ 1 20 [ WP ja-3w)
N(xvt)_\/mHl,Z |:4Cvtv (0,1),(1/2,1) | * (9.8.21)

Finally the application of the result (Mathai and Saxena (1978, p.10, eq. 1.6.3) gives
the asymptotic estimate

N(x,1) ~ 0{ [Mﬁ} lexp {— 2= V)(|x|zvlv)ﬁ H } L (0<v<2). (9.822)
(4eV1V) T

9.8.4 Spatio-temporal pattern formation

Fractional reaction-diffusion equations provide models of diffusing and reacting
species when the diffusion is anomalous sub-diffusion. These equations can be de-
rived in the asymptotic long time limit from a mesoscopic description in terms of
continuous time random walks (CTRW) with sources and sinks when the waiting
time probability density corresponds to a heavy tailed distribution. The fractional
reaction-diffusion system has fractional order temporal derivatives operating on the
spatial Laplacian and reaction terms determined by the law of mass action. Turing
instability induced pattern formation have been investigated in this model and in re-
lated models with fractional order temporal derivatives operating on both the spatial
Laplacian and the reaction terms. Linear Turing instability analysis provides a reli-
able indicator of both the onset and the nature of the patterns that form. Anomalous
diffusion with reactions can produce complex spatio-temporal patterns that do not
occur in standard reaction-diffusion models.
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Chapter 10
An Introduction to Wavelet Analysis

[ This chapter is based on the lectures of Professor D.V. Pai, Department of Mathematics, Indian
Institute of Technology Bombay, Powai, Mumbai - 400 076, India.]

10.0 Introduction

During the last 20 years or so, the subject of “Wavelet analysis” has attracted
a lot of attention from both mathematicians and engineers alike. Vaguely speaking
the term “Wavelet” means a little wave, and it includes functions that are reasonably
localized in the time domain as well as in the frequency domain. The idea seems to
evolve from the limitation imposed by the uncertainty principle of Physics which
puts a limit on simultaneous localization in both the time and the frequency domains.

From a historical perspective, although the idea of wavelet seems to originate
with the work by Gabor and by Neumann in the late 1940s, this term seems to
have been coined for the first time in the more recent seminal paper of Grossman
and Morlet (1984). Nonethless, the techniques based on the use of translations and
dilations are much older. This can be at least traced back to Calderén (1964) in his
study of singular integral operators. Starting with the pioneering works reported in
the early monographs contributed by Meyer (1992), Mallat (1989), Chui (1992),
Daubechies (1992) and others, an ever increasing number of books, monographs
and proceedings of international conferences which have appeared more recently in
this field only point to its growing importance.

The main aim of these lectures is to attempt to present a quick introduction of
this field to a beginner. We will mainly emphasize here the construction of ortho-
normal (0.n.) wavelets using the so-called two-scale relation . This will lead us to a
natural classification of wavelets as well as to the classical multiresolution analysis.
In particular, we will also attempt to highlight the spline wavelets of Chui and Wang
(1993).

389
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10.1 Fourier Analysis to Wavelet Analysis

Let L2(O,275) = the space of all (equivalence classes) of 2z-periodic, Lebesgue
measurable functions f : R — € such that [ | f(¢)[?ds < . L2(0,27) is a Hilbert
space furnished with the inner product

1 2n
(9= 37 [ f@sla, f.ger20.2m)

and the corresponding norm

1 2m 1/2
= {55 [ lr0Ra}

Any fin L?(0,27) has a Fourier series representation
fty="Y ce™, (10.1.1)
where the constants cy, called the Fourier coefficients of f, are defined by

1 2w =ikt ikt
ck:(f,wk):ﬁ/o FOdr, i) = e, (10.1.2)

This is a consequence of the important fact that {wy (¢) : k € Z} is an orthonormal
basis of L*(0,27). Also recall that the Fourier series representation satisfies the so-
called Parseval identity:

2 S 2 2
IFI2="Y lel®, feL?(0,2m).
k=—o0
Let us emphasize two interesting features in the Fourier series representation
(10.1.1). Firstly, note that f is decomposed into an infinite sum of mutually orthog-
onal components c;wy. The second interesting feature to be noted of (10.1.1) is that
the o.n. basis {wy : k € Z} is generated by “dilates” of a single function

w(t) :=wi(t) =e";

thatis, wi (1) = w(kt), k € Z, is , in fact, an integral dilate of w(t). Let us reempha-
size the following remarkable fact:

Every 2m-periodic square-integrable function is generated by a superposition of
integral dilates of the single basic function w(t) = e'.

The basic function w(t) = cost + isint is a sinusoidal wave. For any integer k
with |k| large, the wave wy(¢) = w(kt) has high frequency, and for k in Z with |k|
small, the wave wy has low frequency. Thus every function in L*(0,27) is composed
of waves with various frequencies.

Let L2(R) := the space of all (equivalence classes) of complex measurable func-
tions, defined on R for which
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[17@)Par <
R

Note that the space L*(R) is a Hilbert space with the inner product

(f.8) = [ f0s0d fge’(®)

and the norm
1/2
il ={ [ropa} " rerm,

Wavelet analysis also begins with a quest for a single function y in L*(R) to
generate L2(R). Since any such function must decay to zero at foo, we must give
up, as being too restrictive, the idea of using only linear combinations of dilates of y
to recover L?(R). Instead, it is natural to consider both the dilates and the translates.
The most convenient family of functions for this purpose is thus given by

wik(t) =2yt —k), jkeZ. (10.1.3)
This involves a binary dilation (dilation by 2/) and a dyadic translation (of k/ 24).

Lemma 10.1.1: Let ¢, v be in L?>(R). Then, for i, j,k, ¢ in Z, we have:

(1) (Wiks 0j.0) = (Wiks 0ie);
(i) (wjkll2 = llwll.

Proof 10.1.1:
(1) We have

(Wi 00) = / 20y (21 — k)29 9 (271 — O)dr.
R
Put t = 2/~ /x to get
RHS. = /]R 212y (2x — k)29 (20x — 0)dx

= Wik Oie)-

Note that
lwial3 =27 [ v =) Par
- /RW(X)Ide = [|w[l3. (We put x = 2/t —k.)

Remark 10.1.1: Fori, j € Z, we have:

the set {y;x : k € Z} is orthonormal
& the set {yx : k € Z} is orthonormal.
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Definition 10.1.1. A function y € L?>(R) is called an orthonormal wavelet (or an
o.n. wavelet) if the family {y; s}, as defined in (10.1.3), is an orthonormal basis of
L*(R); that is,

<l//j7k, l[/i/j> = 61'7,'51(‘[, j,k, i,é cZ (10.1.4)

and every f in L?(R) has a representation

=

fO)y =Y cixwix), (10.1.5)

k=

where the convergence of the series in (10.1.5) is in L?(R):

lim =0.
My Ny My.Ny
—00

N
Z Z C/kllf/k

J=—My k=—M,

The series representation (10.1.5) of f is called a wavelet series and the coefficients
Cjk given by
cjik =l Wik (10.1.6)

are called the wavelet coefficients.

Example 10.1.1. Let us recall the definition of the Haar function y’(¢) given
below:
1, if0<r<j
()= —-1, if L <r<i
0, otherwise.

At this stage, the reader is urged as an exercise to verify that the family {y/fk :

j,k € Z} is orthonormal in the space L?(R). We will come back again to this exam-
ple in the next section. It will be shown there that I/IH is, in fact, an o.n. wavelet.

Next, let us recall that the Fourier transform of a function f in L'(R) is the
function f defined by

)= /R F(O)e™d, weR.

Definition 10.1.2. If a function y € L?(R) satisfies the admissibility condition:

[p(w)?

then v is called a “basic wavelet”.

The definition is due to Grossman and Morlet (1984). It is related to the invert-
ibility of the continuous wavelet transform as given by the next definition.
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Definition 10.1.3. Relative to every basic wavelet y, consider the family of
wavelets defined by

Vap(t) = |a1/2y/(t;b),a,beR, a#0. (10.1.7)

The continuous wavelet transform (CWT) corresponding to y is defined by

(Wyf)(a,b) = |a| 7"/ /]R f(r)w(’;”)dr, feL*(R)  (10.1.8)
= <fv Wa,h>'

Let us note that the wavelet coefficients in (10.1.7) and (10.1.8) become

1 k
Thus wavelet series and the continuous wavelet transform are intimately related.

Let us also state the following inversion theorem for the continuous wavelet trans-
form. The proof uses the Fourier transform of y, ;,, the Parseval identity and the fact
that the Gaussian functions

1 2
t) = T, >0
ga() zme

is an approximate identity in L' (R). Thus, for f € L'(R), limg_o(f - ga)(t) = £(¢)
at every point t where f is continuous. The details of the proof are left to the reader
as an exercise.

Theorem 10.1.1. Let y in L*(R) be a basic wavelet which defines a continuous
wavelet transform Wy,. Then for any f in L>(R) and t € R at which f is continuous,

| B Al b dadb
0= [ W0 (10.1.10)

where Y, j, is defined by (10.1.7).

10.2 Construction of Orthonormal Wavelets

One of the first examples of an o.n. wavelet is due to Haar (1910). Let us recall
(Example 10.1.1) that it is called the Haar function defined by

Lif 0<r<}
yi() =< —1,if L<r<1

0, otherwise.
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Most of the recent theories on wavelets are no doubt inspired by this example. How-
ever, as it turns out, its discontinuous nature is a serious drawback in many applica-
tions. Thus, in these lectures, one of our quests is to explore more examples. Let us
begin with a real function ¢ in L?(R). As a first step let us assume that

(So) = the family {¢, x(t) = ¢(r — k) : k € Z} is orthonormal.

Then it follows from Lemma 10.1.1, that the family {¢; «(¢) : k € Z} is orthonormal,
for each j € Z. Let us define

Vj:span{(pj,k:kel}, (jGZ),
the closure being taken in the topology of L?(R). It results from the next lemma that
V= { Y cdjic={a}e 42(2)} . (10.2.1)
keZ

Lemma 10.2.1: Let {u; : k € Z} be an orthonormal bi-infinite sequence in a
Hilbert space X. Then

span{uk:kel}:{ i ckuk:c:{ck}eﬁz(l)}.

k=—oo

Proof 10.2.1: Let V denote the L.H.S. set and U be the R.H.S. set. Note that for a
sequence {cy} € (>(Z), the series ¥ cyuy converges, because its partial sums form
a Cauchy sequence in X:

2

M N M —(N+1)
Z Cruy — Z crur|| = Z |Ck|2—|— Z |ck|2—>0as M ;N — oo.
k=—M k=—N k=N+1 k=—M

Clearly, U C V. Also, U is a closed subspace being isometrically isomorphic to
(2(Z). Since uy, € U, we have span{u; }C U =span{u; } CU = U. Hence V C U

Let us assume, in addition, that ¢ € Vy. Then for a suitable ¢ € ¢*(Z), we will
have

(S1) O (1) = Lrez cxd (21 — k).
This is called a two-scale relation or a dilation equation.
Lemma 10.2.2: Let ¢ in L?(R) satisfy (So) and (S;). Then for all i, j in Z,

Z [ejakciok+ (= 1) e jroker1ivar] = 28;,. (10.2.2)
k

Here the coefficients ¢;’s are as defined in (S)).
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Proof 10.2.2:
Case 1: i+ j is odd.

Then L.H.S. of (10.2.2) becomes

Y cjokciiok— Y cijrakeiipa-
3 3

l+j 1

Put kX = —r in the first sum and k = r + in the second sum to obtain

ZC j2rCitar — Zci+2rc j+2r = 0.
r r

Case 2: i+ j is even.

Then L.H.S. of (10.2.2) becomes Y ;¢ _oxCi—ok + XkC1— j42%C1—it2k- Put k = —r

in the first sum and k = r + ’+’ in the second sum to obtain

Z Cj2rCiy2r+ Z Cit2r+1Cj42r+1 = Z Cj+kCitk = Z CeClyi—j-
r r k V4

(Weput j+k=10)

Since the set {¢) x : k € Z} is orthonormal,

Y cocorioj =Y cotre, Y coriojdre).
7 7 7

Using (S7), we have
ZCZ¢IZ 26[21/2 —0)=2"2¢(1).
Likewise,
Letsi-iuult) = Lerri- 2 V202~ O)(put i j=m)
= Z:c,,,Zl/2 (2t+i—j—m)

_21/226m¢ t—%l)—m)
_Al)2 J= i,
=2V q)(th)fz/%%.
Thus,
1/2 1/2
Zcécf+t j= 2 (POO 2 ¢0/ '>

=20, using (Sp).
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Lemma 10.2.3: Let ¢ in L*(R) satisfy (Sp) and (S;). Let y in L*(R) be def-
ined by

oo

W) w)= Y (=1)le1x9(2t —k).

k=—o0

Then for k € Z,

ora=2""2y [Ck72m¢0.m + (=1 et —somWoum| - (10.2.3)
m
Here the coefficients ¢;’s are as defined in the two-scale relation (S1).
Proof 10.2.3: By (S;), O(r) =Y cio(2t —1i)
= O(t—m)=Y;ci02(t —m) —i) =Y, 27 2c2 2 (2t — 2m — i)
= Qom= Z271/2Ci¢1,2;n+i.
i

Likewise, .
Yom = Z(*1)12_1/2017i¢1,2m+i-

i

The (R.H.S.) of (10.2.3) can now be written as

271/22 lck2mz2l/zci¢l~,2m+i + (—1)klek+2m2271/2(—1)i01—i¢1,2m+1 :
m i i
Changing the index i to r by the equation r = 2m -+ i, one obtains:
27'YY {Ck72mcr72m + (_1)k+rclfk+2mclfr+2m} b1y =2""Y28,01,.
rom r

The last expression equals @y x.

Lemma 10.2.4: Let U and V be closed subspaces of a Hilbert space X such that
U L V.ThenU +V is closed.

Proof 10.2.4: Letw, = u, +v,,u, € U,v, € V, be such that w, — w. Since
[[wn _WmH2 = [Jun — ”m||2 +[va _Vm”2

and {wjy} is Cauchy, both the sequences {uy},{u,} are Cauchy. If u = limu,,v =
limv,, then
w=u+veU+V.

Theorem 10.2.1. Let ¢ in L*(R) satisfy properties (Sy) and (Sy). Let y in L*(R)
be defined by (W). Then the family {y;y : j,k € Z} is orthonormal. Moreover,
Vi=W @L Wo, where

Wo =span{yp : k € Z}
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Let us recall the property (W):

w(t)= Y, (~Dfci9(2t —k).

k=—o0
Proof 10.2.5: Assertion 1: For all n,m in Z, ¢o , L Yo .. Indeed,

(G0 Vo) = [ 90=my(r —m)ar
Z/ [zck¢(2t—2n kY (- Yer_ep(2t —2m—10)| dt
R P 7

=YY (= —1)"ckc1,g/R¢(x—2n—k)¢(x—2m—£)%dx

X 0
(Put 2t = x)
1
= EZZ(_I)éckcl 002tk 2m-4
k0
1
= EZ(_I) CkCp—k
k
(2n+k=2m+{l=L=2n—2m+k Putp=2m—2n+1.)
il . .
2 Z(_l)kaCpk+Z(—1)lCicpi] (Putp—i=gq.)
L k i

= % ;(—l)kckcp_k +Y (- 1)p_chc”"1
L q

= % Zk:(_l)kckc,,k—Z(_l)chcpq] —o.

q

We have just established that Vy L Wj.
Assertion 2: {yp , : n € Z} is orthonormal. We have
don(t) =t —m) = Lexd (21 =20 —k) =27 2 Ledisn

Vonu(t) =y(t—n) = Z(— )er_9(2t—2n—10) = 1/22 )e1-e1 r42m.
7

Hence

(D05 Pom) =27 ch¢1k+2n,zce¢1é+2m

|
=27 ;;Ckcfak+2n,é+2m =2" ;Ckck+2n72m-
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A similar calculation gives
<W0,n7 W0~,m> = 271 Z<_ 1 )k(_ 1 >k+2n72mclka172n+2m7k
k

= 271 ZCiCi-‘er—Zn = 5m,n'
i

Assertion 3:

€L
Vi =Vo P Wo.

From (S;) and (W) we have ¢ € V;, y € V;. The same is true for their integer shifts.
Hence Vy + Wy C Vi. By Lemma 10.2.4, Vo + W is closed. Also, by Lemma 10.2.3,
01 x € Vo+W. This implies Vi =span{ ¢, x } C Vo+ Wp. Since Vy L Wy, we conclude
that Vo @~ Wy = V;. To complete the proof, let W, = span{ Vi ke Z}. On similar
lines as before, one obtains

1
Vi=Vi.i@PW;, jeZ.
Assertion 4: (W i, W; o) = 80
For j = i, this follows from Lemma 10.1.1. Assume j # i. Let j <i. Then y;; €
W; C Vi1 CV;and y;p € W;. Hence W x L .

Remark 10.2.1: Assume ¢ € L?(R) satisfies properties (So) and (S;). Then for
leZ,

Po(t) = @1 —0) = ch¢(2t—2€—k)
— 2 1/226' 21/2 (2t 20— k 1/220k¢12/+k
’T¢<z’ 't—k)
jTZ 9 (27t — 2k — 1)
14

=27 1/22612% Uet-L-

Thus
¢J lk l/ Zcr 2k¢jr (1024)

On the same lines, one sees that

Wik =2 Y (=) i1 9 (10.2.5)

Theorem 10.2.2. Let ¢ in L*(R) satisfy properties (So) and (S1). Let y in L*(R)
be defined by
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o

(W) (i)=Y (—1)fe1_r9 (2t — k)

j—

(with coefficients c;’s as in (S1)).
In addition, assume that

(\Vi={0} and |JV;=L*(R).

JEZ JEZ
Then {W;: j,k € Z} is an o.n. wavelet for L*(R).

Proof 10.2.6: In view of the previous theorem, we need only prove that the or-
thonormal set {y; ; : j.k € Z} is complete. To this end, we need only show that

FEL*(R),f Ly jke Z=f=0.

Assuming these hypotheses, we have f L W;, for every j € Z. For each j € Z, let
P;: L*(R) — V; denote the orthogonal projector onto V;, and let v; := P;f. Thus
v;i€V;and f—v; L V;. Since

1
Vi=Vi1 W,

we have
f—Vj LVj_landf—vj LW, 1=vje Wjil.

Since f L W;_1, we have v; € V;_1. Also,
Vj EVj_l andf—vj LVj_l = Vi=Vj_1.

Thus {v;} is a constant sequence. But the density of (JV; and the nested property
Vi C Vi, forall j € Z of V;’s entail v; — f. Hence v; = f for all j € Z, from
which one concludes that f € (;V;. Thus f = 0.

Example 10.2.1. Perhaps, one simplest pair of functions illustrating the previous
theorem is
v = y!(the Haar wavelet), ¢ = X[0.1)-

It is easy to verify that ¢ obeys the simple two-scale relation

¢(t) = 9(2) +¢(2t - 1).

Thus here, co = ¢; = 1 and ¢, = 0 for every k € Z\ {0, 1}, and v is given by

y(t) = ¢(21) — (2t - 1),

which is none other than the Haar wavelet.
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It remains to check in the above example, the two properties

NV, = {0} and | JV; = I2(R).
J

Here
dos — Lk<t<k+1
0k =1 0, otherwise.

Thus

Vo:={f¢ L*(R) : f constant on [k,k+1),Vk €Z}
and k ok+1

L 2(m) - +

Vj:= {feL (R) : f constant on [zj,zj),VkEZ}.

Clearly,

f€Vy = fconstanton [k,k+1),Vk € Z

k k+1
= f constant on | i),VkeZ

202
= f eV

Thus Vp C V1. Likewise, V; C Vj41,Vj € Z. Clearly, the space S of step functions
is dense in J; V;. It is well known that S is also dense in L*(R). Hence

v =L*®).
Moreover,

1 .
fe mVj = f = constant on [O’E)’V] eEZ.
j

Letting j — —oo, we get f = constant on [0,c0). Since f € L? (R), this constant must
be zero. It follows by a similar argument that f is identically 0 on (—ee,0}. Thus,

OWZ{@-

Remark 10.2.2: We note that here it is easy to check directly that ¢ satisfies
(So): the set {¢ox : k € Z} is orthonormal.

10.3 Classification of Wavelets and Multiresolution Analysis

Let us recall that if X is a separable Hilbert space, then a (Schauder) basis {x,} of
X is said to be a Riesz basis of X if it is equivalent to an orthonormal basis {u, } of
X, in the sense that, there exists a bounded invertible operator 7 : X — X such that
T (x,) = up,Vn € N. From this definition, it is easy to prove the next proposition.
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Proposition 10.3.1 Let X be a separable Hilbert space. Then the following state-
ments are equivalent.

(@) {x.}is a Riesz basis for X.

(b) span{x,} =X and for every N € N and arbitrary constants ci,cz,...,cy, there
are constants A, B with 0 < A < B < oo such that

N 5 2 N 5
AZ|C,‘| S SBZ‘CA .
i=1 i=1

N
Y cixi
i=1

Remark 10.3.1: Let {x,} be a Riesz basis in X. Then the series }° | ¢;x; is con-
vergent in X if and only if ¢ = {¢;} € /*. As a result, each x € X has a unique
representation

x=Y cixi, c={c;} €
i=1
The preceding discussion enables one to define a Riesz basis of X as follows.
Definition 10.3.1. A sequence {x,} in a Hilbert space X is said to constitute a

Riesz basis of X if span{x, },cn = X and there exists constants A,B with 0 < A <
B < oo such that

AYfef <

for every sequence ¢ = {c;} € 2.

2
<BY o
J=

Y e
=1

We are now ready for the following definition.

Definition 10.3.2. A function y in L*(R) is called an R-function if {y; : j,k €
Z} as defined in (10.1.3) is a Riesz basis of L>(R) in the sense that

span{ ;. : j.k € Z} = L*(R),
and

A} gy <1 Y eawriall < Bl{eja} 2z
jkez

holds for all doubly bi-infinite sequences {c; s} € £>(Z) and for suitable constants
A,Bsuchthat ) <A < B < co.

Next suppose that y is an R-function. By Hahn-Banach theorem, one can show
that there exists a unique Riesz basis {y/*} of L?>(R) which is dual to the Riesz
basis {y;} :

(Wi W) = 818em, Jokilim € Z. (103.1)
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Consequently, every function f in L?(R) admits the following(unique) series repre-
sentation:

=

f =Y (fynv™ (103.2)
Jrk=—eo
Note that, although the coefficients in this expansion are the values of CWT of f
relative to y, the series (10.3.2) is, in general, not a wavelet series. In order that this
be a wavelet series, there must exist some function ¥ in L?(R) such that

v =, jkeZ,
where {;  is as defined in (10.1.3) from the function .
Clearly, if {y;;} is an o.n. basis of L*(R), then (10.3.1) holds with y/* =y,
or y = y. In general, however, such a [ does not exit.

If v is chosen such that {f exists, then the pair (y, ) gives rise to the following
convenient (dual) representation:

=)

Z <fv Wj,k>lpj7k

Jk=—oo

f(@)

=)

Y, (£ 0wk

Jh=—co

for any element f of L*(R).

Definition 10.3.3. A function y in L?(R) is called an R-wavelet (or simply a
wavelet) if it is an R-function and there exists a function § in L*(R), such that
{w;x} and {¥;,}, as defined in (10.1.3), are dual bases of L*(R). If y is an
R-wavelet, then ¥ is called a dual wavelet corresponding to y.

Remark 10.3.2: A dual wavelet / is unique and is itself an R-wavelet. Moreover,
v is the dual wavelet of .

Remark 10.3.3: Every wavelet y, orthonormal or not, generates a “wavelet se-
ries” expansion of any f in L?(R):

=

f0y="Y cixwix), (10.3.3)

Jik=—00

where each ¢ is the CWT of f relative to the dual { of y evaluated at (a,b) =
(37+37):

We are now ready to look at an important decomposition of the space L?(RR). Let
v be any wavelet and consider the Riesz basis {y;} that it generates. For each
JEZ,let

W; =3span{y;: k€ Z}.
(10.3.3) suggests that L>(R) can be decomposed as a direct sum of the spaces W;’s:
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2
L*(R) =W, (10.3.4)
jez
in the sense that every f in L?(R) has a unique decomposition

fit)y=...+g1+g+a+...

where g; € W;,Vj € Z.
Moreover, if y is an o.n. wavelet, then in the above decomposition, the direct
sum is, in fact, an orthogonal direct sum:

5 B 1 L L 1 i
L(R)=PW;:=... W1 PWPw:.... (10.3.5)

jez
Note that here, for Vj,l € Z,j # 1,
ij"Vl:{O}, w; LW,

Definition 10.3.4. A wavelet y in L>(R) is called a semi-orthogonal wavelet (or
s.0. wavelet) if the Riesz basis {y;} that it generates satisfies

<ll/.f7k’ llll,m> 207 J?él j7k7lvm eZ (1036)

Clearly, a semi-orthogonal wavelet also gives rise to an orthogonal decomposi-
tion (10.3.5) of L*(R).

We now come to the important concept of multiresolution analysis first intro-
duced by Meyer(1986) and Mallat(1989). We saw that any wavelet ¥ (semiorthog-
onal or not) generates a direct sum decomposition (10.3.4) of L?(R).

For each j € Z, let us consider the closed subspaces

Vj = ...@ijz@vvjfl

of L>(R). These subspaces satisfy the following properties:

(MR1)...CV_ 1 CVoCVIC...;
(MR2) UjezV; = L*(R), the closure being taken in the topology of L*(R);
(MR3) ﬂjelvj = {O},

(MR4) Vi1 =V, @BW;, je€Z;and

(MR5) f(r) e Vi< f(2t) €Vjy, JEZ.

If the initial subspace V is generated by a single function ¢ in L?(RR) in the sense
that
Vo =span{@ox: k € Z}, (10.3.7)

then using (MRS5) all the subspaces V; are also generated by the same ¢:

V; = Span{¢; . : k € Z}, where ¢, (1) = 2% ¢ (271 — k). (10.3.8)
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Definition 10.3.5. A function ¢ in L*(R) is said to generate a multiresolution
analysis (MRA) if it generates a ladder of closed subspaces V; that satisfy (MR1),
(MR2), (MR3) and (MRS5) in the sense of (10.3.8), and such that the following
property holds.

(MRO) {@o : k € Z} forms a Riesz basis of V.
This means, there must exist constants A, B, with 0 < A < B < oo such that

Z ko

keZ

Al{ed iz <

2
< B|{ei}lz) (103.9)
2

for all bi-infinite sequences ¢ = {c;} € £*(Z).

In this case, ¢ is called a scaling function.

Using the Poisson’s lemma (cf., e.g., [2], Lemma 2,24) and the Parseval’s identity
for Fourier transforms one shows that for any ¢ in L?(R), the following hold:

(A) The set {¢(x—k): k € Z} is orthonormal.
-~
The Fourier transform ¢ of ¢ satisfies the identity

6 (0+27k)[* =1, (10.3.10)

gk

8

for almost all w € R.

(B) The family of functions {¢ (x—k) : k € Z} satisfies the Riesz condition (10.3.9)
with Riesz bounds A and B.
=
The Fourier transform ¢ of ¢ satisfies

A< Y |[§(w+27k)[* < Bae. (10.3.11)

Remark 10.3.4: The condition (MRS5) implies
f(t)eVo & f(2/1) €V,

Remark 10.3.5: The spaces V; possess the following shift invariance property:

k
flt)evVie ft+ 5) eVi,VkeZ.
The above remark follows from:
k I k
dra(t+ 35) = 24002 (145 ) -0
= 25921 — (k).
Next, we give a few examples of MRA of L?(R).

k k+1)

For j,k € Z, let us denote by I, the interval [557, 55).
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Example 10.3.1. For each j € Z, let V; denote the space of piecewise constants:
V,={feL*(R) : fl1;, = constant, Vk € Z}.

Here Vj is the closed linear span of the integer shifts of the characteristic func-
tion [o,1), Which is the scaling function ¢. Here, it is easily verified that the set
{@ox : k € Z} is orthonormal, and we have already checked that {V;: j € Z} is a
multiresolution. In this case, the wavelet is the Haar wavelet, which is, in fact, an
o.n. wavelet.

Example 10.3.2. For each j € Z, let V; be the L?(R)-closure of the set S;:
Sj=A{f € *(R)NC(R) : f|;,,is linear, Vk € Z}.

It is easy to check all the conditions of MRA except (MRO) similar to the previ-
ous example. Checking of (MRO) involves computation of Riesz bounds, which in
this case, are A = %,B = 1. Here the scaling function ¢ can be taken to be the hat
function:
,if0<r<1
O(r)=¢2—1,if 1 <r<2
0, otherwise.

Note that here

t—k k<t <k+1
Goi(t) =0t —k) = k+2—1,k+1<t<k+2
0, otherwise.

It is easy to see that the set {4 : k € Z} is not orthonormal. Here using the two-
scale relation and a variant of Theorem 10.2.2, we can show that the corresponding
wavelet y is given by

YD) = 9(21) ~ 362~ 1)~ 20(2t+1)

whose support is [—1,3].

10.4 Spline Wavelets

For each positive integer m, we denote by Sm(2’-f_l) =: S,’,; the space of cardinal
splines of order m and with the knot sequence 27/ZZ, for a fixed j € Z :
Sn(27Z) ={f €C"*(R): fl1,, € Pm,Vk € Z}

(Here P, denotes the class of polynomials of order m , i.e. of degree < m — 1.) For
each m € IN, the m™ order cardinal B-spline N,, is defined by

Ni = X[0,1) * - - - * X[o,1) ( m times convoluted).
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Put differently, N, is defined recursively by:
Ny(t) = / Nyt (7 — 5)N; (s)ds
1
= / Npp—1(t — s)ds, with Ny := x[o1)-
Jo

The scaling functions in the two examples in the previous section are respectively
the first order and the second order cardinal B-spline. It is well known that any
f € Sj can be written as

f(6) =Y kN (t — k). (10.4.1)
k
Taking N,, as the scaling function, let us define
Vi =spanS? = S,(Z) (10.4.2)

Hence, a function f is in V" if and only if it has a B-spline series representation
(10.4.1) with the coefficient sequence ¢ = {c;} € ¢>(Z). The other spaces Vi are
defined by
f)evi'e f() eV, jeZ.
In other words, _
V;" = spanS;,.
Clearly the subspaces {Vj’" . J € Z} satisfy (MR1). The verification of (MR2) is
immediate: The class of polynomials P is dense in L?>(R) and P C VI'Vj€eZ.
This implies
_ 72

U Vit =L(R).

j€z
The verification of (MR3) is exactly as in Example 10.3.1 The verification of (MRO)
is carried out as in Example 10.3.2 with ¢ replaced by N,,. Here the smallest value
of B is 1, and the largest value of A can be expressed in terms of the roots of the
Euler-Frobenius polynomial

m—1
Eyn-1(2)=2m—1)1"" Y Nyy(m+k)Z* (10.4.3)
k=—m+1

From the nested sequence of spline spaces V", we have the orthogonal comple-
mentary subspaces ij, given by

=@y jez

Just as the B-spline N,, is the minimally supported generator of {V;”}, we are in-
terested in finding the minimally supported y;,, € W, that generates the mutually
orthogonal subspaces W;. Such compactly supported functions v, are called the
B-wavelets of order m. It turns out that

support Ny, = [0,m];  support Y, = [0,2m — 1],Vm € N
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We mention without working out further details that

3m—2
Un(t) =Y qNu(21 —k), (10.4.4)
k=0
with .
m _ (=D
aw=q" = <2m,)1 Y (";)sz(k—H 1). (10.4.5)
=0

For the relevant details, we refer the reader to Chui (1992, Chapter 6).

10.5 A Variant of Construction of Orthonormal Wavelets

Let us go back once again to Theorems 10.2.1 and 10.2.2. Suppose ¢ in L*(R) is
such that ¢ does not satisfy (So), i.e., {@o« : k € Z} is not orthonormal.

In this case, it seems natural to define @ by requiring its Fourier transform to be
using (10.3.10) and the Plencherel’s thorem,

2 ) — )
o= {Xk |6 (0 +27k)[2}1/2"

o ER. (10.5.1)

Theorem 10.5.1. Let ¢ in L*(R) be such that it satisfies
(MRO): {@ox : k € Z} is a Riesz basis of V.

Define @ € L*(R) by (10.5.1). Then {®y . : k € Z} is an orthonormal basis for the
space V.

Theorem 10.5.2. Let ¢ in L*(R) be such that { ¢y x : k € Z} is a Riesz basis for V
and suppose ¢ € Vy. Then @ as defined in (10.5.1) satisfies a two-scale relation

=

o)=Y ad@—k). (a={a)}c ().
k=—o0
Let W be defined by
() =Y (—Dfa @ (2t — k). (10.5.2)
k
Then the set {¥; . : j,k € Z} is orthonormal.
Furthermore, if V;’s satisfy (MR2) and (MR3), then ¥ is an orthonormal wavelet.

The proofs of the above theorems follow from Theorems 10.2.1 and 10.2.2 by
applying (10.3.10) and (10.3.11). The details are left to the reader as exercises.
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Exercises 10.5

10.5.1. Let w* be the Haar wavelet. Show that for integers n < m,

/nm vl (t)dr = 0.

10.5.2. Let f,g € L*(R), and suppose that foj L goi,Vi,j € Z. Show that f,; L
gni,Vn,i,j € Z.

10.5.3. Let v € L*(R),n € Z,i € Z. Define ¢ = ;. Show that

span{ ¢y : k,j € Z} = span{yi; : k,j € ZZ}.

10.5.4. Let {u,} be an orthonormal sequence in a Hilbert space. Let &, 3 be in (2
such that o | . Define

w = ;O{kuk, V= ;ﬁkuk.

Show that w L v. Is the converse true?

10.5.5. Verify directly the orthonormality of the family of functions {I/Ij."k; Js
keZ}.

10.5.6. Give a proof of Theorem 10.5.1.

10.5.7. Give a proof of Theorem 10.5.2.
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Chapter 11
Jacobians of Matrix Transformations

[This Chapter is based on the lectures of Professor A M. Mathai of McGill University, Canada
(Director of the SERC Schools).]

11.0 Introduction

Real scalar functions of matrix argument, when the matrices are real, will be dealt
with. It is difficult to develop a theory of functions of matrix argument for general
matrices. Let X = (x;;),i=1--- ,mand j=1,---,n be an m x n matrix where the
x;;’s are real elements. It is assumed that the readers have the basic knowledge of
matrices and determinants. The following standard notations will be used here. A
prime denotes the transpose, X’ = transpose of X, |(.)| denotes the determinant of
the square matrix, m x m matrix (-). The same notation will be used for the absolute
value also. tr(X) denotes the trace of a square matrix X, tr(X) = sum of the eigen-
values of X = sum of the leading diagonal elements in X. A real symmetric positive
definite X (definiteness is defined only for symmetric matrices when real) will be
denoted by X =X'>0.Then0 < X =X'<I=X=X'>0and I — X > 0. Fur-
ther, dX will denote the wedge product or skew symmetric product of the differen-
tials dx;;’s.
That is, when X = (x;;), an m x n matrix

dX =dx; A Adxu Adxog A -dxoy A - Adxg,. (11.0.1)
If X = X', that is symmetric, and p X p, then
dX:dxll/\dle/\dxzz/\dX31/\---/\dxp,, (11.0.2)

a wedge product of 1 42+ ---+ p = p(p+ 1)/2 differentials.
A wedge product or skew symmetric product is defined in Chapter 1.

409
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11.1 Jacobians of Linear Matrix Transformations

Some standard Jacobians, that we will need later, will be illustrated here. For more
on Jacobians see Mathai (1997). First we consider a very basic linear transformation
involving a vector of real variables going to a vector of real variables.

Theorem 11.1.1. Let X and Y be p x 1 vectors of real scalar variables, func-
tionally independent (no element in X is a function of the other elements in X
and similarly no element in Y is a function of the other elements in Y), and let
Y = AX, |A| # 0, where A = (a;;) is a nonsingular p X p matrix of constants (A is
free of the elements in X and Y ; each element in'Y is a linear function of the elements
in X, and vice versa). Then

Y =AX, |A| #0=dY = |A|dX. (11.1.1)
Proof 11.1.1:
9 apy apz - dip X1
ay ax - ax | | X
r dpl dp2 == dpp | | Xp
Yi=anx)+...+apxp,i=1,...,p.
9y dyi
(%Cjzaij=><ax; :(aij)zA:J:\A\.
Hence,
dy = |A|dX.

Thatis, Y and X, p x 1, Ais p X p,|A| # 0,A is a constant matrix, then
Y = AX, |A| # 0= dY = |A|dX.

Example 11.1.1. Consider the transformation Y = AX where Y’ = (y,y2,y3) and
X' = (x1,x2,x3) and let the transformation be

yi=x1+x2+x3

Y2 =3x +x3

y3 = 5x3.

Then write dY in terms of dX.

Solution 11.1.1: From the above equations, by taking the differentials we have

dy; =dx; +dxy +dxs
dy, = 3dx; +dx3
dy3 = SdJC3.
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Then taking the product of the differentials we have
dy; Adyy Adys = [dxl +dxo +dJC3} A [3dXQ —|—dJC3} A [SdX3].

Taking the product directly and then using the fact that dx; Adx; = 0 and
dx3 Adxz = 0 we have

dY =dy; Adys Adys
= 15dx; Adxy Adxz = 15dX
= |Aldx

where
111
A=1031
005

This verifies Theorem 11.1.1 also. This theorem is the standard result that is seen
in elementary textbooks. Now we will investigate more elaborate linear transforma-
tions.

Theorem 11.1.2. Let X and Y be m x n matrices of functionally independent real
variables and let A,m X m be a nonsingular constant matrix. Then

Y = AX = dY = |A["dX. (11.1.2)

Proof 11.1.2: Let ¥ = AX = (AX() AX®) .. AX™) where X(),... . X(") are
the columns of X. Then the Jacobian matrix for X going to Y is of the form

AO ..O

OA . . O AO ..O

= =A== (11.1.3)
00 .. A OO0 .. A
where O denotes a null matrix and J is the Jacobian for the transformation of X
going to Y or d¥Y = |A|"dX.

In the above linear transformation the matrix X was pre-multiplied by a nonsin-
gular constant matrix A. Now let us consider the transformation of the form ¥ = XB
where X is post-multiplied by a nonsingular constant matrix B.

Theorem 11.1.3. Let X be a m X n matrix of functionally independent real vari-
ables and let B be an n x n nonsingular matrix of constants. Then

Y =XB, |B| #£0 = dY = |B|"dX, (11.1.4)
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Proof 11.1.3:
xMB
Y=XB=| :
xmp
where XU ... X are the rows of X. The Jacobian matrix is of the form,
BO --- 0 B0 ... 0
L= = |B" = dY = |B|"dX.
00 ---B B

Then combining the above two theorems we have the Jacobian for the most gen-
eral linear transformation.

Theorem 11.1.4. Let X and Y be m x n matrices of functionally independent real
variables. Let A be m x m and B be n X n nonsingular matrices of constants. Then

Y =AXB,|A| £0,B| £0,Y,mx n,X,mxn,= dY = |A|"[B"dX.  (11.1.5)

Proof 11.1.4: For proving this result first consider the transformation Z = AX and
then the transformation Y = ZB, and make use of Theorems 11.1.2 and 11.1.3.

In Theorems 11.1.2 to 11.1.4 the matrix X was rectangular. Now we will examine
a situation where the matrix X is square and symmetric. If X is p X p and symmetric
then there are only 1+2+---+ p = p(p+1)/2 functionally independent elements
in X because, here x;; = xj; forall iand j. LetY =Y’ = AXA’,X = X', |A| # 0. Then
we can obtain the following result:

Theorem 11.1.5. Ler X = X’ be a p x p real symmetric matrix of p(p+1)/2
functionally independent real elements and let A be a p X p nonsingular constant

matrix. Then
Y =AXA" X =X |A| #0,=dY = \A|”“dX. (11.1.6)

Proof 11.1.5: This result can be proved by using the fact that a nonsingular matrix
such as A can be written as a product of elementary matrices in the form

A=E\E, --E;
where E1,-- -, E; are elementary matrices. Then
Y =AXA' = E\E; - EXE,--E].

where E; is the transpose of E;. Let Yy = ExXE; Y| = Ex_1YxE,_,, and so on, and
finally Y =Y = E1Y2E{. Evaluate the Jacobians in these transformations to obtain
the result, observing the following facts. If, for example, the elementary matrix Ej
is formed by multiplying the i-th row of an identity matrix by the nonzero scalar
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c then taking the wedge product of differentials we have d¥; = ¢?*'dX. Similarly,
for example, if the elementary matrix E;_; is formed by adding the i-th row of
an identity matrix to its j-th row then the determinant remains the same as 1 and
hence dY;_; = dY}. Since these are the only two types of basic elementary matrices,
systematic evaluation of successive Jacobians gives the final result as |A|P*!.

Note 11.1.1: From the above theorems the following properties are evident: If
X is a p x g matrix of functionally independent real variables and if ¢ is a scalar
quantity and B is a p X g constant matrix then

Y =cX = dY = cPdX (11.1.7)
Y =cX+B=dYy = cPdX. (11.1.8)

Note 11.1.2: If X is a p X p symmetric matrix of functionally independent real
variables, a is a scalar quantity and B is a p X p symmetric constant matrix then

Y=aX+BX=X,B=B =dy =a"P*)/2qx. (11.1.9)

Note 11.1.3: For any p x p lower triangular (or upper triangular) matrix of
p(p+1)/2 functionally independent real variables, ¥ = X + X’ is a symmetric ma-
trix, where X’ denoting the transpose of X = (x;;), then observing that the diagonal
elements in ¥ = (y;;) are multiplied by 2, that is, y; = 2x;;, i = 1,..., p, we have

Y =X+X = dY =2PdX. (11.1.10)

Example 11.1.2. Let X be a p x ¢ matrix of pq functionally independent random
variables having a matrix-variate Gaussian distribution with the density given by

F(X) = ¢ exp{~U[A(Z~M)B(X — M)}

where, A is a p X p positive definite constant matrix, B is a ¢ X g positive definite
constant matrix, M is p X ¢ constant matrix, tr(-) denotes the trace of the matrix (-)
and c is the normalizing constant, then evaluate c.

Solution 11.1.2: Since A and B are positive definite matrices we can write
A =AA| and B = BB} where A; and B; are nonsingular matrices, that is, [A;| #
0, |B1| # 0. Also we know that for any two matrices P and Q, tr(PQ) = tr(QP) as
long as PQ and QP are defined, PQ need not be equal to QP. Then

tr[A(X —M)B(X —M)'] = tr[A1A} (X —M)B By (X —M)']
= tr[A} (X — M)B1 B} (X —m)'A,]
=tr(YY')

where
Y =A{(X —M)By,
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But from Theorem 11.1.4
dy = |A}|7|B1|Pd(X — M) = |A1]7]B1|Pd(X — M)

since |A(|" = |A;]
= A1 Bl ax

since |A| = |A;|?, |B| = |B1|?,d(X — M) = d(X), M being a constant matrix. If £(X)
is a density then the total integral is unity, that is,

- /X F(X)dx

—¢ /X exp{—tr[A(X — M)B(X — M)']}dX

—c /Y exp{—te[YY']}

where, for example, [y denotes the integral over all elements in X. Note that for any
real matrix P, trace of PP’ is the sum of squares of all the elements in P. Hence

/ exp {—t[YY']} = / exp{— Y )2 }dy
Y Y ij
=11 / e idy;.
i,j v

But

/ e du = Nz
and therefore

1=c|A|92B|P?/7" =
c= (‘A‘q/2|B|P/2ﬂpq/2)*1.

Note 11.1.4: What happens in the transformation ¥ = X + X’ where both X and
Y are p x p matrices of functionally independent real elements. When X = X', then
Y = 2X and this case is already covered before. If X ## X’ then Y has become sym-
metric with p(p+ 1) /2 variables whereas in X there are p? variables and hence this
is not a one-to-one transformation.

Example 11.1.3. Consider the transformation

Vi1 =X11+X21, Y12 =X11 +x21 +2x12 + 2x22,
Y13 = X11 +x21 +2x13 +x23, Y21 = Xx11 + 3x21,
Y22 = X11 + 3x21 + 2x12 + 6x22, y23 = X171 + 3x21 + 2x13 + 6x23.

Write this transformation in the form Y = AXB and then evaluate the Jacobian in
this transformation.



11.1 Jacobians of Linear Matrix Transformations 415

Solution 11.1.3: Writing the transformation in the form ¥ = AXB we have

Y = {)’11 Y12 y13}7 X — {xn X12 X13}7

Y21 Y22 Y23 X21 X22 X23
111
A= E ﬂ, B=1020
002

Hence the Jacobian is
J=|AP B> = (2%)(4%) = 128.

This can also be verified by taking the differentials in the starting explicit forms and
then taking the wedge products. This verification is left to the reader.

Exercises 11.1.
11.1.1. If X and A are p X p lower triangular matrices where A = (g;;) is a con-

stant matrix with aj; >0, j=1,...,p,X = (x;;) and x;;’s, i > j are functionally
independent real variables then show that

Y:XA:>dY:{

Y =AX = dY = { ajﬁj}dx,
j=1

and
Y =aX = dY = a?Pt)/29x A1.1.11)

where a is a scalar quantity.

11.1.2. Let X and B be upper triangular p x p matrices where B = (b;;) is a constant
matrix with b;; >0,j=1,...,p, X = (x;;) where the x;;’s, i < j be functionally
independent real variables and b be a scalar quantity, then show that

P .
Y=XB=dY = {Hbj.]}dx,
j=1

P
_ _ p+1—j
YBXédY{I |1bjj }dX,
=

and
Y = bX = dY = pPP+D/2gx. (11.1.12)
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11.1.3. Let X, A, B be p x p lower triangular matrices where A = (a;;) and B = (b;;)
be constant matrices with a;; > 0,b;; >0, j=1,...,p and X = (x;;) with x;;s,
i > j be functionally independent real variables. Then show that

_ — J pptl=j
Y—AXB:dY—{Ha]]bH } ;

and

 Alvipl o j p+l Jj
Z=A'X'B ;sdz_{]‘[lb” a; }dX. (11.1.13)
j_

11.1.4. Let X = —X' be a p x p skew symmetric matrix of functionally independent
p(p—1)/2 real variables and let A, |A| # 0, be a p X p constant matrix. Then prove
that

Y =AXA X' = —X,|A| #0 = dY = |A|P~1dX. (11.1.14)

11.1.5. Let X be a lower triangular p x p matrix of functionally independent real
variables and A = (a;;) be a lower triangular matrix of constants with aj; >0, j =
1,..., p. Then show that

Y=XA+AX' =dy = 2P{Ha1’+1 /}dX, (11.1.15)

and

Y—AX+X’A’:>dY—2P{

T

J
aj]}dX. (11.1.16)
11.1.6. Let X and A be as defined in Exercise 11.1.5. Then show that
! ! P
Y=A'X+XA—dy =27 I_I]aJ (11.1.17)
=

and

p
Y:AX/+XA’—>dY:2”{ al i /}dX. (11.1.18)

11.1.7. Consider the transformation Y = AX where
oy vz X X2 121
=[] v ) 2=l
Writing AX explicitly and then taking the differentials and wedge products show

that d = 12dX and verify that J = [T?_ "'~/ = (22)(3) = 12.

11.1.8. Let Y and X be as in Exercise 11.1.7 and consider the transformation Y = XB

where, B = A in Exercise 11.1.7. Then writing XB explicitly, taking differentials
and then the wedge products show that dY = 18dX and verify the result that J =

I, bj; = (2")(3%) = 18.
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11.1.9. Let Y, X, A be as in Exercise 11.1.7. Consider the transformation Y = AX +
X'A’. Evaluate the Jacobian from first principles of taking differentials and wedge
products and then verify the result that the Jacobian is 2 = 2% = 4 times the Jacobian
in Exercise 11.1.7.

11.1.10. Let Y, X, B be as in Exercise 11.1.8. Consider the transformation Y = XB +
B'X’. Evaluate the Jacobian from first principles and then verify that the Jacobian is
2P =22 = 4 times the Jacobian in Exercise 11.1.8.

11.2 Jacobians in Some Nonlinear Transformations

Some basic nonlinear transformations will be considered in this section and some
more results will be given in the exercises at the end of this section. The most pop-
ular nonlinear transformation is when a positive definite (naturally real symmetric
also) matrix is decomposed into a triangular matrix and its transpose. This will be
discussed first.

Example 11.2.1. Let X be p x p, symmetric positive definite and let 7 = (#;;) be a
lower triangular matrix. Consider the transformation Z = T'T’. Obtain the conditions
for this transformation to be one-to-one and then evaluate the Jacobian.

Solution 11.2.1:
X11 X12 ... Xlp
X = (xij) =
Xpl Xp2 ... Xpp

with x;; = xj; forall i and j, X = X' > 0. When X is positive definite, that is, X > 0
thenx;; >0,j=1,...,palso.

tr 0 ... 0 i fa ... Ipl

, iy tn ... 0 0 tn ... Ip2
T =| . . . . | =X=

Ipl tp2 ... Ipp o 0 - Ipp

X1 = t121 = 11 = £/x11. This can be made unique if we impose the condition
t11 > 0. Note that xj» = #1121 and this means that 7> is unique if #;; > 0. Continuing
like this, we see that for the transformation to be unique it is sufficient that ¢;; > 0,
j=1,...,p. Now, observe that,

2 2 2 2 2
X11 =t11,x22 :t21 +t22,...,)(fpp :tpl ++t}7[7
and x12 = 111121,...,X1p = H11p1, and so on.

0 0 0
7)611 :Ztll,ix“ :0,...,7)611 :0,
oty ot dtp1
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@ :tll,-w% =11,

3t21 8lp1

8x22 2 (9)@2 a)sz

=2y, =0, =

al‘zz ’ at31 ’ ’ 8tp1 ’
and so on. Taking the x;;’s in the order x11,x12,- -+ ,X1,,X20,*+ ,X2p,"** ,Xpp and the
tij’s in the order t11,11,t,- - ,t,, we have the Jacobian matrix a triangular matrix

with the diagonal elements as follows: 71 is repeated p times, 77 is repeated p — 1
times and so on, and finally 7,, appearing once. The number 2 is appearing a total
of p times. Hence the determinant is the product of the diagonal elements, giving,

peP Pl
271113, Ipp-

Therefore, for X =X’ > 0,T = (1), t;; =0,i < j, tj; >0,j=1,--- p we have

Theorem 11.2.1. Let X = X' > 0 be a p X p real symmetric positive definite ma-
trix and let X = TT' where T is lower triangular with positive diagonal elements,
tjj>0,j=1,...,p. Then

P .
X:TT’;»dX:zP{Htfjﬂf}dT. (11.2.1)
j=1

Example 11.2.2. If X is p x p real symmetric positive definite then evaluate the
following integral, we will call it matrix-variate real gamma , denoted by I',(r):

I,(a) :/ x|~ et gy (11.2.2)
X
and show that
- 1 —1
Iy(0) = 7% ()T (az) ~--r(a”2> (11.2.3)
for R(a) > 1.

Solution 11.2.2: Make the transformation X = 7T’ where T is lower triangular
with positive diagonal elements. Then

P 4 .
7T’ = ], dx =27 {Htfj“f}dT
j=1

J=1

and
tr(X) =13+ (15 +13) + ...+ (ty +...+1).
Then substituting these, the integral over X reduces to the following:

1 P i 2 © 2
/‘X|a7%eftr(x)dX:/ {H/O 2[; zet-f-fdtjj}n/ eiti.idtij.
X T iy ; oo
j=1

i>jY
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Observe that
o —1 j—1
2./0 1 %e ’?fdtjjzr(a—Jz),sK(a)> A
/ eit"zjdtij:\/ﬁ

and there are p(p —1)/2 factors in [];- ; and hence

Iy(a) = 75 T(a)T (a_ ;) T (a_ p;l>

and the condition R(o — < 1) j=1,,p=R(a) > ”2;1 This establishes the
result.

Notation 11.2.1.

I',() : Real matrix-variate gamma

Definition 11.2.1. Real matrix-variate gamma I',(o): Itis defined by equations
(11.2.2) and (11.2.3) where (11.2.2) gives the integral representation and (11.2.3)
gives the explicit form.

Remark 11.2.1: If we try to evaluate the integral [y |X|°‘_7 ~(X)dx from first
principles, as a multiple integral, notice that even for p = 3 the integral is practi-
cally impossible to evaluate. For p = 2 one can evaluate after going through several
stages.

The transformation in (11.2.1) is a nonlinear transformation whereas in (11.1.4)
itis a general linear transformation involving mn functionally independent real x;;’s.
When X is a square and nonsingular matrix its regular inverse X ! exists and the
transformation ¥ = X ! is a one-to-one nonlinear transformation. What will be the
Jacobian in this case?

Theorem 11.2.2. For Y = X! where X is a p x p nonsingular matrix we have
Y =X |X| #0=dY = |X|" % for a general X
= x|7P*V) forx = X' (11.2.4)

Proof 11.2.1: This can be proved by observing the following: When X is nonsin-
gular, XX~ = I where I denotes the identity matrix. Taking differentials on both
sides we have

(dx 1 = —x"ax)x! (11.2.5)
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where (dX) means the matrix of differentials. Now we can apply Theorem 11.1.4
treating X ~! as a constant matrix because it is free of the differentials since we are
taking only the wedge product of differentials on the left side.

Note 11.2.1: If the square matrix X is nonsingular and skew symmetric then pro-
ceeding as above it follows that

Y =X |X]#£0, X' = —X = dy = |x| "~ Vdx. (11.2.6)

Note 11.2.2: If X is nonsingular and lower or upper triangular then, proceeding
as before we have
Yy=X"'=dy=|x|"P*D (11.2.7)

where |X| # 0, X is lower or upper triangular.

Theorem 11.2.3. Let X = (x;;) be p x p symmetric positive definite matrix of func-
tionally independent real variables with xj; =1, j=1,...,p. Let T = (t;;) be a
lower triangular matrix of functionally independent real variables with t;; > 0, j=
1,...,p. Then
;
X=TT with Y t5=1,i=1,....p=
j=1

P .
dx = {sz’j‘f } dr, (11.2.8)
j=2

and

P
X=TT withYt}=1,j=1,...p=
i=j

p—1
dx:{Htjj‘}dT. (11.2.9)
1

Proof 11.2.2: Since X is symmetric with x;; = 1, j=1,...,p there are only
p(p—1)/2 variables in X. When X = T'T’ take the x;;’s in the order x1,...,x,1,
X325+, Xp2,...,Xpp—1 and the #;;’s also in the same order and form the matrix of
partial derivatives. We obtain a triangular format and the product of the diagonal
elements gives the required Jacobian.

Example 11.2.3. Let R = (r;j) be a p x p real symmetric positive definite matrix
such that rj; =1, j=1,...,p, —1<r;j=rj <1, i7# j. (This is known as the
correlation matrix in statistical theory). Then show that
D(@))? g
FR) = ="=|R|*" >
Ip(a)

. . . p—1
is a density function for R(a) > 5.
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Solution 11.2.3: Since R is positive definite f(R) > 0 for all R. Let us check
the total integral. Let 7 be a lower triangular matrix as defined in the above theorem
and let R="TT’. Then

'/R\R|°"*dR /{ “’“}dT.

T

Observe that

where —1 <t;; <1,i>j. Then let

B= /\R|“—*d1e |BEY

i>j

where ]
2 2 _
Aj= /w.(l —tj = )T Ty d
J
where w; = (1), —1<tp <1, k=1,...,j—1,YI_ /% < 1.
Evaluating the integral with the help of Dirichlet integral of Chapter 1 and then
taking the product we have the final result showing that f(R) is a density.

Exercises 11.2.

11.2.1. Let X = X' > 0 be p x p. Let T = (t;;) be an upper triangular matrix with
positive diagonal elements. Then show that

P
_ ! Y J
X=TT =dx =2 {lejj}dr. (11.2.10)
j=
11.2.2. Let xy,--- ,x, be real scalar variables. Let y; = x1 + - 4+ Xxp, y2 = x1x2 +
X1x3 + - --Xp_1Xp (sum of products taken two at a time), --- ,yx = X1 - - - X¢. Then for

x;>0,j=1,--- ,k show that

p—1 p
dyp A Adye =< [T TT i—xjl pdxi A--- Adx,. (11.2.11)
i=1 j=i+1
11.2.3. Let xy,- -+ ,x,, be real scalar variables. Let

X1 :rSinel
xj =rcos0cosb,---cos@;_1sinb;, j=2,3,---,p—1
Xp = 1cos01cosB;---cos 0,1

forr>0,-%2<6;<Z%,j=1,--,p—2,—1 < 6, | < m. Then show that

p—l )
deg A---Adx, = P! {H |c039j”fl}dr/\d91 AAdB,—y. (11.2.12)
j=1
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11.24. Let X = % where X and T are p x p lower triangular or upper triangular

matrices of functionally independent real variables with positive diagonal elements.
Then show that
dX = (p—1)|7|PP+D/2dT. (11.2.13)

11.2.5. For real symmetric positive definite matrices X and ¥ show that

-t
_ eftr(XY)

t

XY
I+=

. XY
= lim I—T

t—o0

lim

f—00

. (11.2.14)

11.2.6. Let X = (x;;),W = (w;;j) be lower triangular p x p matrices of distinct
real variables with x;; > 0,w;; > 0,j=1,---,p, Zizlw?k =1,j=1,---,p. Let
D = diag(A1,---,Ap),A; >0,j=1,---,p, real and distinct where diag(A,---,A4,)

denotes a diagonal matrix with diagonal elements A1, ---,A,. Show that
= J=1 —1
X=DW =dX = Hl/lj wi o dDAdW. (11.2.15)
]:

11.2.7. Let X, A, B be p x p nonsingular matrices where A and B are constant matri-
ces and X is a matrix of functionally independent real variables. Then, ignoring the
sign, show that

Y =AX 'B=dY = |AB|P|X|?PdX for a general X, (11.2.16)
= [AX 'PHdX for X =X, B=A/, (11.2.17)
= AX 1P for X' = —X,B=A'. (11.2.18)

11.2.8. Let X and A be p x p matrices where A is a nonsingular constant matrix and
X is a matrix of functionally independent real variables such that A 4+ X is nonsin-
gular. Then, ignoring the sign, show that

Y=A+X)""A-X)or (A-X)(A+X)' =

dY:2p2\A\p|A+X|72de for a general X, (11.2.19)
p(p+1)
— 2P x| P NaX forA =1, X = X' (11.2.20)

11.2.9. Let X and A be real p x p lower triangular matrices where A is a constant
matrix and X is a matrix of functionally independent real variables such that A and
A+ X are nonsingular. Then, ignoring the sign, show that

Y=A+X)"'(A-X)=

(p+1) _ p .
dy =277 |A+X|+(p+1){H|ajj|p“/}dX7 (11.2.21)
=1
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and

Y=A-X)A+X) =

pp+1)

p
dy =25 |A+X|+(p+]>{n|ajj|f}dX (11.2.22)

J=1
where | - |+ denotes that the absolute value is taken.

11.2.10. State and prove the corresponding results in Exercise 11.2.9 for upper tri-
angular matrices.

11.3 Transformations Involving Orthonormal Matrices

Here we will consider a few matrix transformations involving orthonormal and
semiorthonormal matrices. Some basic results that we need later on are discussed
here. For more on these types and various other types of transformations see Mathai
(1997). Since the proofs in many of the results are too involved and beyond the
scope of this School we will not go into the details of the proofs.

Theorem 11.3.1. Ler X be a p X n,n > p, matrix of rank p and of functionally
independent real variables, and let X = TU]| where T is p x p lower triangular with
distinct nonzero diagonal elements and U| a unique n X p semiorthonormal matrix,
U{U; =1, all are of functionally independent real variables. Then

p .
X=TU| édX{ |t.,-.,-|”_/}dT/\U1’(dU1) (11.3.1)
j=1
where
2T
AU (AU, ) = (11.3.2)
/ L (3)

(see equation (11.2.3) for T(-) ).

Proof 11.3.1: For proving the main part of the theorem take the differentials on
both sides of X = TU| and then take the wedge product of the differentials system-
atically. Since it involves many steps the proof of the main part is not given here.
The second part can be proved without much difficulty. Consider X the p x n,n > p
real matrix. Observe that

(XX =Y,
ij

that is, the sum of squares of all elements in X = (x;;) and there are np terms in
Y x,zj Now consider the integral
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/ e "Xgx = H/ e
X ij /e
ﬂ:np/Z
since each integral over x;; gives /7. Now let us evaluate the same integral by using

Theorem 11.3.1. Consider the same transformation as in Theorem 11.3.1, X = TU]’ .
Then

Tl — / o) qx

_/{H|; s f} (Lizj1 dT//\Ul (dUy).

But for 0 <t;; < oo, —o0 < t;; < oo, i > jand U unrestricted semiorthonormal, we

have
/{H|z”|” /} (Xejh)ar = 27T, (2) (11.3.3)

observing that for j = 1,..., p the p integrals

oo p—_ —1 n j—1 .
/0 ‘[jj‘" Te ’f/dtjj:2 F(2—2>,n>]—1, (11.3.4)
and each of the p(p — 1) /2 integrals
/ e idhy = /7T, i > . (11.3.5)

Now, substituting these the result in (11.3.2) is established.

Remark 11.3.1: For the transformation X = TU{ to be unique, either one can
take 7" with the diagonal elements #;; > 0, j=1,...,p and U; unrestricted semi-
orthonormal matrix or —ee < t;; < o and U; a unique semiorthonormal matrix.

From the outline of the proof of Theorem 11.3.1 we have the following result:

2P ppn/2
Ly(5)

where V), , is the Stiefel manifold, or the set of semiorthonormal matrices of the type
Ui, n x p, such that U{U; = I, where I, is an identity matrix of order p. For n = p
the Stiefel manifold becomes the full orthogonal group, denoted by O,. Then we
have for, n = p,

/ AU (dUy) = (11.3.6)
V])n

2
2P P
/ AU (dUy) (11.3.7)

0p (3
Following through the same steps as in Theorem 11.3.1 we can have the following
theorem involving an upper triangular matrix 77.
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Theorem 11.3.2. Let Xi be an n X p, n > p, matrix of rank p and of functionally
independent real variables and let X; = U, Ty where T is a real p X p upper trian-
gular matrix with distinct nonzero diagonal elements and U, is a unique real n X p
semiorthonormal matrix, that is, U{Uy = I,. Then, ignoring the sign,

X =UT1 = dX; —{

p .
Itjjl”"}dTl AU{(dUy) (11.3.8)
j=]

As a corollary to Theorem 11.3.1 or independently we can prove the following

result:

Corollary 11.3.1: Let X, T,U, be as defined in Theorem 11.3.1 with the diagonal
elements of T positive, that is, tj; > 0, j=1,...,p and Uy an arbitrary semiortho-
normal matrix, and let A = XX', which implies, A = TT' also. Then

A=XxX'= (11.3.9)
p .
dAzzﬂ{Hrff'f}dT (11.3.10)
j=1
=
p 1—i
ar =277 []e;/ "t da. (11.3.11)
j=1

In practical applications we would like to have dX in terms of dA or vice versa
after integrating out AU{(dU) over the Stiefel manifold V), ,. Hence we have the
following corollary.

Corollary 11.3.2: Ler X, T,U be as defined in Theorem 11.3.1 withtj; >0, j=
1,....,pandlet S =XX' =TT'. Then, after integrating out \U{(dU}) we have

X=TU|and S=XX'=TT = (11.3.12)
P n_J
dx =< [[(#)2 2 pdT AU{(dUY) (11.3.13)
j=1
2P pp/?
AU; (dU;) = (11.3.14)
‘/‘/[Lﬁ ! FF(%)
0 o\ Pl
dszzf’{n(rjj)zz}dT (11.3.15)
j=1
- 2
SI=T1; (11.3.16)

and, finally,

dX = [S|2~ 2 dS. (11.3.17)
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Example 11.3.1. Let X be a p x n,n > p random matrix having an np-variate real

Gaussian density
e—%tr(V’IXX’)
fX)=—m—
(m) % |v|?

Evaluate the density of § = XX'.

,V=VvV'>0.

Solution 11.3.1: Consider the transformation as in Theorem 11.3.1, X = TU{
where T is a p X p lower triangular matrix with positive diagonal elements and U
is a arbitrary n x p semiorthonormal matrix, U{U; = I,,. Then

P .
_ n—j
dx = { l |1 o }dT/\Ul(dUl).
i

Integrating out AU;(dU;) we have the marginal density of 7', denoted by g(T).
That is,
1 -1 !
we—suviTr) (2
7')dl = ——— 7 4 dT.
g( ) 2np/2lv|§ s JJ

Now substituting from Corollary 11.3.2, S and dS in terms of 7 and d7 we have the
density of S, denoted by, A(S), given by

Since the total integral, [;4(S)dS = 1, we have

n n n -
€1 =27r, (3) VI

Exercises 11.3.

11.3.1. Let X = (x;;), W = (w;;) be p x p lower triangular matrices of distinct

real variables such that x;; > 0, w;; > 0 and Zi:ﬂ"?k =1, j=1,...,p. Let

D =diag(A4,...,Ap), A; >0, j=1,...,p be real positive and distinct. Let D? =
1 1

diag(A;,...,A; ). Then show that

P
_ _ ji—1 1
X_Dw;sdx_{l |1A]1 Wi }dD/\dW. (11.3.18)
j:

11.3.2. Let X, D, W be as defined in Exercise 11.3.1 then show that

1 R
XDzW;»dX{z Pl‘[l(/ljzy 2wjj1}dD/\dW. (11.3.19)
p
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11.3.3. Let X, D, W be as defined in Exercise 11.3.1 then show that

P p-l
X =DIWW'D? = dX = {H/lj2 }dD/\dW (11.3.20)
j=1
and
V4
X:W’DWédX:{HAw” }dD/\dW (11.3.21)
j=1
11.3.4. Let X, D, W be as defined in Exercise 11.3.1 then show that
X:WD:»dX:{HM’ T }dD/\dW (11.3.22)
1 D 1 i1 1
X=WD>=dX = 27" [[(A7)P~/~'wj} t dDAQW, (11.3.23)
=1 B
V4
X =WDW' = dX = [[(A4jwj;)P~/ p dD AW, (11.3.24)
j=1
and
P op-1 .
X =DIW'WD? :>dX—{H/lj2 wj.jl}dDAdW. (11.3.25)
j=1

11.3.5. Let X,7T,U be p x p matrices of functionally independent real variables
where all the principal minors of X are nonzero, T is lower triangular and U is
lower triangular with unit diagonal elements. Then, ignoring the sign, show that

p ‘
X=TU =dX = {H|¢,-J-|P—f}dmdu, (11.3.26)
j=1
and
P .
XT'UédX{HijV_I}dT/\dU. (11.3.27)
j=1

11.3.6. Let X be a p x p symmetric matrix of functionally independent real vari-
ables and with distinct and nonzero eigenvalues Ay > A > ... > 4, and let D =
diag(A1,...,4p), A; #0, j=1,...,p. Let U be a unique p x p orthonormal matrix
U'U =1=UU'such that X = UDU’. Then, ignoring the sign, show that

—1
= {h ﬁ Ilif'tjl}dD AU'(dU). (11.3.28)

i=1 j=i+1

11.3.7. For a 3 x 3 matrix X such that X = X’ > 0 and 7 — X > 0 show that

2

T
dX = —.
/X 90
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11.3.8. For a p x p matrix X of p? functionally independent real variables with
positive eigenvalues, show that

[N]

P-
/ Y'y|o et gy —o-p Ly ne
Y

11.3.9. Let X be a p x p matrix of p* functionally independent real variables. Let
D =diag(u1,...,1p), 1M1 > Ho > ... > Uy, pjreal for j=1,...,p. Let U and V be
orthonormal matrices such that

X=UDV' =

= []Iuf —ui| pdDAAGAH (11.3.29)

i<j

where (dG) = U'(dU) and (dH) = (dV’)V, and the p;’s are known as the singular
values of X.

11.3.10. Let A; > ... > A4, > 0 be real variables and D = diag(A;,...,4,). Show
that

L@ TRz -23 ap— LOF

i<j 2w
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Chapter 12
Special Functions of Matrix Argument

[This Chapter is based on the lectures of Professor A M. Mathai of McGill University, Canada
(Director of the SERC Schools).]

12.0 Introduction

Real scalar functions of matrix argument, when the matrices are real, will be dealt
with in this chapter. It is difficult to develop a theory of functions of matrix argument
for general matrices. The notations that we have used in Chapter 11 will be used in
the present chapter also. A discussion of scalar functions of matrix argument when
the elements of the matrices are in the complex domain may be seen from Mathai
(1997).

12.1 Real Matrix-Variate Scalar Functions

When dealing with matrices it is often difficult to define uniquely fractional powers
such as square roots even when the matrices are real square or even symmetric. For

example
10 -10 10 -1 0
sl =[] sl S = [0

all give A7 = A3 = A3 = A2 = I, where L, is a 2 x 2 identity matrix. Thus, even
for I, which is a nice, square, symmetric, positive definite matrix there are many
matrices which qualify to be square roots of I>. But if we confine to the class of
positive definite matrices, when real, then for the square root of /; there is only one
candidate, namely, A} = I, itself. Hence the development of the theory of scalar
functions of matrix argument is confined to positive definite matrices, when real,
and hermitian positive definite matrices when in the complex domain.

429
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12.1.1 Real matrix-variate gamma

In the real scalar case the integral representation for a gamma function is the fol-
lowing:

[(a) :/ Xl dx, R(a) > 0. (12.1.1)
0
Let X be a p x p real symmetric positive definite matrix and consider the integral

p+1

Ip(a) = ~/X=X’>0 1X|% 7 e " Wax (12.1.2)

where, when p = 1 the equation (12.1.2) reduces to (12.1.1). We have already eval-
uated this integral in Chapter 11 as an exercise to the basic nonlinear matrix trans-
formation X = TT' where T is a lower triangular matrix with positive diagonal
elements. Hence the derivation will not be repeated here. We will call I',(ax) the
real matrix-variate gamma. Observe that for p = 1, I',(¢) reduces to I'(cx).

12.1.2 Real matrix-variate gamma density

With the help of (12.1.2) we can create the real matrix-variate gamma density as
follows, where X is a p X p real symmetric positive definite matrix:

p+1
Ix1%772  —u(X) X=X >0 Ria)> =L
=4 D@  Rlo)> 5 (12.1.3)

0, elsewhere .

If another parameter matrix is to be introduced then we obtain a gamma density with
/
parameters (a,B),B =B > 0, as follows:

P+

BE x|~ 5 e v(BY) x — X' > 0,B=B > 0,R(a) > L51

0,elsewhere.
(12.1.4)
Remark 12.1.1: In fi(X) if B is replaced by %V’I,V =V’ >0and « is replaced
by 5,n=p,p+1,... then we have the most important density in multivariate statis-
tical analysis known as the nonsingular Wishart density.

As in the scalar case, two matrix random variables X and Y are said to be inde-
pendently distributed if the joint density of X and Y is the product of their marginal
densities. We will examine the densities of some functions of independently distrib-
uted matrix random variables. To this end we will introduce a few more functions.
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Definition 12.1.1. A real matrix-variate beta function, denoted by B,(a, ), is
defined as

Lp(o)L(B) p—1 p—1
By(a,B) = W R(a) > Lo () > Fm. (12.1.5)

The quantity in (12.1.5), analogous to the scalar case (p = 1), is the real matrix-
variate beta function. Let us try to obtain an integral representation for the real
matrix-variate beta function of (12.1.5). Consider

Lp(a)Tp(B) = [ /X o |xa”¥‘etr<x>dx}

X [/ |Y|ﬁp;1e”(y>dY}
Jy=y'>0

where both X and Y are p X p matrices.
- // IX|% 55y P55 et ax .
Put U = X +7Y for a fixed X. Then
Y=U-X=|Y|=|U-X|=U|[[-U XU}
where, for convenience, U 3 is the symmetric positive definite square root of U.

Observe that when two matrices A and B are nonsingular where AB and BA are
defined, even if they do not commute,

I —AB| = |I — BA|
andif A=A >0and B=B > 0 then

I —AB| = |l —A*BA?| = || — BIAB?|.

T,(0)T,(B) //|U|ﬁ**|x|a*ﬂ1 U—txU-3P- 5 e Wy ndx.

Let Z= U~ *XU~? for fixed U. Then dX = [U|"> dZ by using Theorem 11.1.5.
Now,

Lp(a)lp(B) = / |Z\a7pTH|1—Z|ﬁ7PTHdZ/ / \U|“+ﬁ*pTHe*tr(U)dU‘
z U=U">0
Evaluation of the U-integral by using (12.1.2) yields I', (o + ). Then we have

C(Q0B) [ ety et
Bylof) =y = 1A 2 ez
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Since the integral has to remain non-negative we have Z = 7 >0,—Z> 0. There-
fore, one representation of a real matrix-variate beta function is the following, which
is also called the type-1 beta integral.

—1 —1
By(op)= [ |z -z a2 R (e) > o ) > P
0<z=7'<I
(12.1.6)

By making the transformation V = I — Z note that o and 3 can be interchanged in
the integral which also shows that B, (¢, B) = B, (3, &) in the integral representation
also.

Let us make the following transformation in (12.1.6).

W=(1-2)2Z01-Z) 2 =W=(z"'-1) '=wl=z"1_1

= |W|~PtDaw = |z|-P*Vdz = dZ = |1+ W| P Daw.

Under this transformation the integral in (12.1.6) becomes the following: Observe
that

Z| = W[I+W| 1=z = |1+W| .
B,(a,B) :/ W[ W@ Baw, (12.1.7)
W=W'>0

for R(er) > 21, R(B) > 21

The representation in (12.1.7) is known as the fype-2 integral for a real matrix-
variate beta function. With the transformation V = W~! the parameters o and f3
in (12.1.7) will be interchanged. With the help of the type-1 and type-2 integral
representations one can define the type-1 and type-2 beta densities in the real matrix-
variate case.

Definition 12.1.2. Real matrix-variate type-1 beta density for the p x p real
symmetric positive definite matrix X such that X =X’ >0, /—X > 0.

By(a,B)

a-t3t p-iyt _ p-1 p=l
f(X):{O 1 )}(1| I—X| 0<X=X<I, R(er) > 2%, R(B) > 25,
, elsewnere.

(12.1.8)

Definition 12.1.3. Real matrix-variate type-2 beta density for the p x p real
symmetric positive definite matrix X.

Iy a"’ﬁ —7 + !
e X177 x| x =X’ >0,

X)) = R(a) > 23, 9{(3) >l (12.1.9)
0, elsewhere.

Example 12.1.1. Let X;,X; be p X p matrix random variables, independently
distributed as (12.1.3) with parameters ay and op respectively. Let U = X +Xo,V =

X1 +X)” 2X| (X, +X2)" 2 W=X, 2X]X : . Evaluate the densities of U,V and W.
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Solutions 12.1.1: The joint density of X; and X», denoted by f(X;,X>), is avail-
able as the product of the marginal densities due to independence. That is,

X a1,7 X 052*76 tr(X;+X;)
Fx1,%) =21 r|(éc|1)r o) Xi=X{>0, X, =X} >0,
—1 —1
R(oy) > pT, R(on) > pT. (12.1.10)

U=Xi+X = [X;| = [U—X| = [U||[ -U XU 1|,
Then the joint density of (U,U;) = (X; +X»,X) ), the Jacobian is unity, is available
as
1

W|U1|alf%ﬂ|U‘%*pzj|]—Uf%Ulufélazf%e,[r(U).
p\U1 )L p\ X2

fAWU,U) =

Put U; = U_%UlU_% = dU; = |U\%dU2 for fixed U. Then the joint density of U
and U, =V is available as the following:

1
Lp(an)lp(on)

1)+l

LUYV) = e e e B

Since f»(U,V) is a product of two functions of U and V, U =U’ > 0,V =V’ > 0,
I—V >0 we see that U and V are independently distributed. The densities of U and
V, denoted by g1 (U), g2(V) are the following:

g1(U) = ¢ [U[F =" ) y = ' > 0

and
p+1 p+1
e(V) =V T |[—v|2"T v=V'>0,1-V >0,
where ¢ and ¢; are the normalizing constants. But from the gamma density and
type-1 beta density note that
1 . Fp (061 =+ 062)

) 2 = )

Ly(on+ o) Lp(on)Tp(a2)

9{(061) >0, 9{(062) > 0.

c] =

Hence U is gamma distributed with the parameter (o + o) and V is type-1 beta
distributed with the parameters ¢ and o, and further that U and V are indepen-

dently distributed. For obtaining the density of W =X, X 1X 2 start with (12.1.10).

Change (X;,X,) to (X;,W) for fixed X;. Then dX; = |X;|" x dW. The joint density
of X, and W, denoted by f,,.., (W, X>), is the following, observing that

1 _1 _1 1
(X +X) = X2 (1+X, 2X1X, 2)X;]
1 1
— te[X} (I+ W)XE] = te](I+ W)X,
= [+ W)X (I + W)?]
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by using the fact that tr(AB) = tr(BA) for any two matrices where AB and BA are
defined.

Jin, (W, X2) =

1
Tp(an)lp(an)

Hence the marginal density of W, denoted by g,, (W), is available by integrating out
X; from fi,,,(W,X5). That is,

1
_pil _pl 2 2
|W|(x1 5 |X2|(X1+(x2 Te tr[([4+W) 2 X, (1+W) ]

_ptl _ptl % %
‘W|061 5 |X2|061+062 T e tw[(I+W)2 X, (I+W) ]dXZ

(W)— 1 p+1/
ST ()T (o) Xo—X,0

=42
1 1
Put Xs = (I+W)>Xa (I +W)? for fixed W, then dXs = |1+ W|"Z" dX,.
Then the integral becomes

1
_ptl 2 2
/  xpletetite wl(HW) 2 X2 (14W) 2] gy
X,=X,>0

=T, (01 + o)1+ W[ (@F®),
Hence,

T (0n+a) _ptl _ -
ey WIS T [T+ W @) w=w' >0,

gv(W) = R(a) > L, R(w) > L
0, elsewhere,

which is a type-2 beta density with the parameters @ and . Thus, W is real matrix-
variate type-2 beta distributed.

Exercises 12.1.
12.1.1. For areal p x p matrix X such that X = X’ > 0,0 < X < I show that
1
/dX: [Fp(%)]z.
X Lp(p+1)

12.1.2 Let X be a 2 x 2 real symmetric positive definite matrix with eigenvalues in
(0,1). Then show that

T
X|%dX = .
/o<x<1| | (a+1)(a+2)2a+3)
12.1.3 For a 2 x 2 real positive definite matrix X show that

/ 1+x|3dx = 2.
X 6

12.1.4 For a 4 x 4 real positive definite matrix X such that 0 < X < I, show that

274
dX = —.
/X 75

12.1.5 If the p X p real positive definite matrix random variable X is distributed as
a real matrix-variate type-1 beta (having a type-1 beta density), evaluate the density

of Y = A2XA? where the constant matrix A = A’ > 0.
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12.2 The Laplace Transform in the Matrix Case

If f(xy, - ,x;) is a scalar function of the real scalar variables xi,---,x; then the
Laplace transform of f, with the parameters 1, - - ,f, is given by

Lf(tl,'“ ,tk) :A A e_tlxl_m_thkf(xl,‘“ ,xk)dxl A Adxg. (12.2.1)

If £(X) is a real scalar function of the p X p real symmetric positive definite matrix X
then the Laplace transform of f(X) should be consistent with (12.2.1). When X = X’
there are only p(p+ 1)/2 distinct elements, either x;;’s,i < j or x;;'s,i > j. Hence
what is needed is a linear function of all these variables. That is, in the exponent
we should have the linear function #11x11 + (f21x21 +122X22) + -+ + (tp1Xp1 + -+

tppXpp)- Even if we take a symmetric matrix T = (;;) = T  then the trace of TX,

P
tr(TX) =11X11+ - ppXpp +2 Z tijXij-
i<j=1
Hence if we take a symmetric matrix of parameters #;;’s such that
fy | I
11 302 -+ 3hp

1 1
5021 12 - 502

1
* * * * * . .
T = . , T :(t,.j):njj:tjj,t,-jzitij, i %]
1 1
3lp1 tp2 v Ipp
then
P P
*
tI'(T X):t11X11+~~'+l‘ppxm,+Z Z tijXij-
i=1j=1,i>]

Hence the Laplace transform in the matrix case, for real symmetric positive definite
matrix X, is defined with the parameter matrix 7.

Definition 12.2.1. Laplace transform in the matrix case.
Ly(T*) = / e "X £(x)dX, (12.2.2)
X=X">0
whenever the integral is convergent.

Example 12.2.1. Evaluate the Laplace transform for the two-parameter gamma
density in (12.1.4).

Solution 12.2.1: Here,

B e

p—1
f(X)— Fp(a)

X|% e " BX) x = X' > 0,B=8'>0, R(a)> —— (1223)
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Hence the Laplace transform of f is the following:

L) =g

+1
/ |X|oc7"Teftr(T*X)eftr(BX)dx.
X=X'>0

Note that since 7%, B and X are p X p,
tr(T*X) + tr(BX) = tr[(B+T%)X].

Thus for the integral to converge the exponent has to remain positive definite. Then

1
the condition B+ T* > 0 is sufficient. Let (B+T*)2 be the symmetric positive
definite square root of B+ T*. Then

ta[(B+T")X] = t[(B+T") X (B+T%)?],
(B+T*)2X(B+T*)? =Y = dX = [B+T*|""T dy
and
x| ax =BTy T ar.
Hence,

Le(T) = Ff(a)

= B|¥B+T*| *=I+B'T*|~*. (12.2.4)

/ |B+T*‘fa|Y‘a7pzileftr(Y)dY
Y=Y'>0

Thus for known B and arbitrary 7%, (12.1.3) will uniquely determine (12.1.2)
through the uniqueness of the inverse Laplace transform. The conditions for the
uniqueness will not be discussed here. For some results in this direction see Mathai
(1993, 1997) and the references therein.

12.2.1 A convolution property for Laplace transforms

Let f1(X) and f>(X) be two real scalar functions of the real symmetric positive
definite matrix X and let g1 (7*) and g>(7T*) be their Laplace transforms. Let

f(X) :/ o filX=8)f2(8)dS. (12.2.5)
0<S=8 <X

Then g g> is the Laplace transform of f3(X).
This result can be established from the definition itself.

Lp(T") = /X =X,>0e*“<T*X) f(X)dx

— /x>o./;<xeitr(T*X)f1(X_S)f2(5)d5/\dX.
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Note that {S < X,X > 0} is also equivalent to {X > S,S > 0}. Hence we may inter-
change the integrals. Then

L (T") = / £(8) [ / e "X f(x — S)dX} AdS.
S>0 JX>S
PutX —S=Y = X =Y + S and then

Lp(T7) = / e "I p(s) [ /Y >Oe”<T*Y)f1<Y)dY] Ads

JS§>0
= &(T")e1(T").

Example 12.2.2. Using the convolution property for the Laplace transform and
an integral representation for the real matrix-variate beta function show that

By(a,B) =Tp(a)Tp(B)/Tp(0t+B).
Solution 12.2.2: Let us start with the integral representation

_ptl _
By(c)= [ X -xp

R(at) > pT_l,EK(ﬁ) > pT_l.

p+1

2(;1)(7

Consider the integral

/ |U|“‘pTH\X—U|B‘%dU:|X|ﬁ—%/ [k
0<U<X 0<U<X

p+1

x|[[-Xx"2UX 2 F-"T QU
L N (e e Tt
o<y<i
Y =X 1UX 2
Then

By(a,B)|x|*B-11 = 0<U<X|U\0‘-*|x UlB—"7 qu. (12.2.6)

Take the Laplace transform on both sides to obtain the following:
On the left side,

+1 *
By(a,B) /X>0 |X|a+ﬁ7pTeitr(T Mdx = Bp(aaﬁ”T*r(aJrﬁ)rp(a +B).

On the right side we get,

/ e r(TX) [/ U*="T X —U P~ du | dx
X>0 0<U<X

=T, ()l ,(B)|T* |=(®+B) " (by the convolution property in (12.2.5).)
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Hence

Bp(a,B) =Tp(a)T,(B)/Tp(c+p).

Example 12.2.3. Let i(T*) be the Laplace transform of f(X), that is, h(T*) =
L¢(T*). Then show that the Laplace transform of |X |’pTH1"p(%l) f(X) is equiva-

lent to / h(U)dU.
U>T*

Solution: From (12.2.3) observe that for symmetric positive definite constant matrix
B the following is an identity.

_ 1 _prl p—1
B ™= / X|% T e BXax R(a) > ——. 12.2.7
B = g [ X1 e Ay e > L (122.)
Then we can replace |X| _#F[,( pT) by an equivalent integral.
2 Y>0 Y>0

Then the Laplace transform of |X |’pT+1Fp (PT“) f(X) is given by,

/ eftr(T*X)f(X)[ eftr(YX)dy] AdX
X>0 Y>0
= / / e UTHX] p(x)dy AdX. (Put T*+Y =U = U >T%)
X>0JY>0

= | WT*+Y)dy = h(U)dU.
Y>0 U>T*

Example 12.2.4. For X > B,B=B'>0and v > —1 show that the Laplace trans-
form of |[X — B|Y is \T|_(V+pTH)e"r<T*B)Fp(V + ”TH)

Solution 12.2.3: Laplace transform of |X — B|V with parameter matrix 7™ is
given by,

/ X —B|Ye TNy = e BT / Y]e T ay,y =X B
X>B Jy>0
:efﬂ'(BT*) 1" <v+l);_1> |T*|7(V+pT+l)

(bywritingv:v+”7“—”7“)forv+”7“>”T:>v>—l
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Exercises 12.2.

12.2.1. By using the process in Example 12.2.3, or otherwise, show that the Laplace
transform of [Fp(”TH) |X|_pT+I]”f(X) can be written as

/ / / (W) AW, A--- A dW,
JW>ST* JWr>W W,>W,

where h(T*) is the Laplace transform of f(X).

12.2.2. Show that the Laplace transform of |X|" is |T*\’"’pT+ll"p (n+ pzil) for n >
—1.

12.2.3. If the p x p real matrix random variable X has a type-1 beta density with
parameters (01, 0) then show that

(i) U=(—X)ZX(I—X)"? ~ type-2 beta (e, %)
(i) V=X""—I~ type-2beta (0p,01)
where “ ~ ” indicates “distributed as”, and the parameters are given in the brackets.
12.2.4. If the p x p real symmetric positive definite matrix random variable X has
a type-2 beta density with parameters ®; and , then show that
(i) U=X""~ type-2beta (a2, 1)
(i) V=(I+X)"" ~ type-1 beta (ctz, 011 )
1 1
(ili) W=(I+X) 2X(I+X) % ~ type-1 beta (o, %2).

12.2.5. If the Laplace transform of f(X) is g(T*) = Ly+(f(X)), where X is real
symmetric positive definite and p x p then show that

d

A1) = Ly (K (X)), A= (~1)7 |

where |%| means that first the partial derivatives with respect to #;;’s for all 7 and j
are taken, then written in the matrix form and then the determinant is taken, where

T = (t;‘j).

12.3 Hypergeometric Functions with Matrix Argument

There are essentially three approaches available in the literature for defining a hy-
pergeometric function of matrix argument. One approach due to Bochner (1952)
and Herz (1955) is through Laplace and inverse Laplace transforms. Under this ap-
proach, a hypergeometric function is defined as the function satisfying a pair of in-
tegral equations, and explicit forms are available for oFy and | Fy. Another approach
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is available from James (1961) and Constantine (1963) through a series form in-
volving zonal polynomials. Theoretically, explicit forms are available for general
parameters or for a general ,F; but due to the difficulty in computing higher order
zonal polynomials, computations are feasible only for small values of p and g. For a
detailed discussion of zonal polynomials see Mathai, Provost and Hayakawa (1995).
The third approach is due to Mathai (1978, 1993) with the help of a generalized ma-
trix transform or M-transform. Through this definition a hypergeometric function is
defined as a class of functions satisfying a certain integral equation. This definition
is the one most suited for studying various properties of hypergeometric functions.
The series form is least suited for this purpose. All these definitions are introduced
for symmetric functions in the sense that

F(X) = f(X') = f(QO'X) = f(Q'XQ) = f(D), D = diag(A1,..., ).

If X is p x p and real symmetric then there exists an orthonormal matrix Q, that is,
QQ/ =1, Q/Q = [ such that Q/XQ = diag(A1,...,Ap) where A1, ...,A, are the eigen-
values of X. Thus, f(X), a scalar function of the p(p+ 1)/2 functionally indepen-
dent elements in X, is essentially a function of the p variables A, ...,A, when the
function f(X) is symmetric in the above sense.

12.3.1 Hypergeometric function through Laplace transform

Let ,Fy(ay,...,a;;b1,...,bs;Z) be the hypergeometric function of the matrix argu-
ment Z to be defined, Z = Z . Consider the following pair of Laplace and inverse
Laplace transforms.

ri1Fs(ay,...,arciby, . b =AY A]TE

]
:7/ e ) F(ay, . aniby, . by —U)|UIT T AU (123.1)
Iy(c) Ju=u'>0

and

rFsri(ar, ..., apby, .. by,c;—=N) [ A \C’%“
Dl /
2mi)PP 02 Jqz)—x>x,

etr(AZ)rF\‘(al ; ..-7ar;b1 ) 7b3’ 72_1)‘Z|_Cdz
(12.3.2)

where Z=X+iY,i=+—-1,X = X > 0, and X and Y belong to the class of sym-
metric matrices with the non-diagonal elements weighted by % The function ,Fj
satisfying (12.3.1) and (12.3.2) can be shown to be unique under certain conditions
and that function is defined as the hypergeometric function of matrix argument A,
according to this definition.

Then by taking oFy(;; —A) = ¢ ") and by using the convolution property of the
Laplace transform and equations (12.3.1) and (12.3.2) one can systematically build
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up. The Bessel function ¢F; for matrix argument is defined by Herz (1955). Thus
we can go from of to 1 Fp to oF to 1 F to 27 and so on to a general ,F,.

Example 12.3.1. Obtain an explicit form for | Fp from the above definition by
using oFp (;;—U) =e "),

Solution 12.3.1: From (12.3.1)

1 _ptl
Tp(c) /u—u'>0|U|c e "o Ry (1 ~U)dU
1
T T, /U>0|U|Cii e Ay = A,

p

since
OFO(; 5 —U) = eitr(U>.

But

I+AC=|A|T+A7
Then from (12.3.1)
1Fy(ey; =AY = [1+271

which is an explicit representation.

12.3.2 Hypergeometric function through zonal polynomials

Zonal polynomials are certain symmetric functions in the eigenvalues of the p X p
matrix Z. They are denoted by Ck (Z) where K represents the partition of the positive
integer k, K = (ki,...,k,) with k; + -+ +k, = k. When Z is 1 x 1 then Ck(z) = Z*.
Thus, Cg(Z) can be looked upon as a generalization of z* in the scalar case. For
details see Mathai, Provost and Hayakawa (1995). In terms of Cx(Z) we have the
representation for a

CK(Z
k!

oFo(;:Z) =e" i (12.3.3)

Il
i
TP s

K
The binomial expansion will be the following:

VFo(at;:Z) = ZZ KCK 7|1fz|—“, (12.3.4)
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for 0 < Z < I, where,

4 i—1
() =]] <a— ]> K = (ki) kg 4k = k. (12.3.5)
k

J

In terms of zonal polynomials a hypergeometric series is defined as follows:

agk

oFyar,...;apiby, ... .by;Z) =

(a1)k - (ap)k Ck(Z)
; bk . (12.3.6)

P ~(bg)x k!

For (12.3.6) to be defined, none of the denominator factors is equal to zero, g > p,
org=p+1and 0 < Z < I. For other details see Constantine (1963). In order to
study properties of a hypergeometric function with the help of (12.3.6) one needs
the Laplace and inverse Laplace transforms of zonal polynomials. These are the
following:

/ IX|% 5 et XD (XT)AX = |Z) % Ch(TZ - )Tp(a,K)  (123.7)
X=X'>0
where

P I
Ty(a,K) =nrr- VAT [a +kj— ’21} =Tp(a)()- (12.3.8)
j=1

! r(SZ) —a
GRTE oy, 2 Cx(2)02

1 1
= m|5|“*%ck(5),i =V—1 (1239
pl&,

forZ=X+iY¥, X =X’ >0, X and Y are symmetric and the nondiagonal elements
are weighted by % If the non-diagonal elements are not weighted then the left side

in (12.3.9) is to be multiplied by 27(P~1)/2_Further,

Tp(a, K)T,(B)
Fp(a+ﬁ?K)

R(a) > ”T_l, R(B) > pT_l. (12.3.10)

| i x P Ce(rxax = Ci(T)
<X<

Example 12.3.2. By using zonal polynomials establish the following results:

Fp(c)

S VI )

p+1 1
x/ | A5 |1 — A9 T |1 — AX|PAA(12.3.11)
O<A<I

for R(a) > ’7771, R(c—a) > %1
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Solution 12.3.2:  Expanding |[I — AX|~? in terms of zonal polynomials and then
integrating term by term the right side reduces to the following:

- Cx(NX
1-nx|"=Y Y.(b)k KEC' ) for0 < AX <1
k=0 K :
and
_ptl g ptl I'y(a,K)T,(c—a)
A= |1 = Al BT O (AX)dA = B2 Ck (X
/0</\<I| | | | k(AX) Fp(C7K) k(X)
by using (12.3.10). But
Ty(a,K)Ty(c—a) _ Tp(@)Tylc—a) (a)g
Ip(c,K) Lple)  (ox
Substituting these back, the right side becomes
= b)k Cx(X
Y Z(a)(’;)(K)K Kk(, ) _on (a,b;¢:X).
k=0'K :
This establishes the result.
Example 12.3.3. Establish the result
I'y(e)p(c—a—b
2Fi(absel) = p()lp(c—a—b) (12.3.12)

I'y(c—a)ly(c—b)
for R(c—a—b) > p%l, R(c—a) > ’%17 R(c—b) > ”T’l.

Solution 12.3.3: In (12.3.11) put X = I, combine the last factor on the right
with the previous factor and integrate out with the help of a matrix-variate type-1
beta integral.

Uniqueness of the ,F, through zonal polynomials, as given in (12.3.6), is estab-
lished by appealing to the uniqueness of the function defined through the Laplace
and inverse Laplace transform pair in (12.3.1) and (12.3.2), and by showing that
(12.3.6) satisfies (12.3.1) and (12.3.2).

The next definition, introduced by Mathai in a series of papers is through a special
case of Weyl’s fractional integral.

12.3.3 Hypergeometric functions through M-transforms

Consider the class of p x p real symmetric definite matrices and the null matrix O.
Any member of this class will be either positive definite or negative definite or null.
Let o be a complex parameter such that R(a) > ’%1 Let f(S) be a scalar symmetric
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function in the sense f(AB) = f(BA) for all A and B when AB and BA are defined.
Then the M-transform of f(S), denoted by My (f), is defined as
p+l

Ma(f)szzU, O\U|“** f(U)du. (12.3.13)

Some examples of symmetric functions are e*"®) |1 + §|B for nonsingular p x p
matrices A and B such that,

eHU(AB) — o2u(BA), |1 L AB|B — |1+ BA|P.

Is it possible to recover f(U), a function of p(p+1)/2 elements in U = (u;) or
a function of p eigenvalues of U, that is a function of p variables, from My (r) which
is a function of one parameter o¢? In a normal course the answer is in the negative.
But due to the properties that are seen, it is clear that there exists a set of sufficient
conditions by which M(f) will uniquely determine f(U). It is easy to note that
the class of functions defined through (12.3.13) satisfy the pair of integral equations
(12.3.1) and (12.3.2) defining the unique hypergeometric function.

A hypergeometric function through M-transform is defined as a class of functions
+Fy satisfying the following equation:

n+1
/XX, 0|X|a*%,FS*(a1,...,ap;bl,...,bq;—x)dx
=x'>

AT T (b))} {ITj=i Tolaj — )}
- {IT5=1 Tpla))} {Hj':lrp(bj—p)}rp(p) (12.3.14)

where p is an arbitrary parameter such that the gammas exist.

Example 12.3.4. Re-establish the result

Lr(|X —B|") = <v+ p+> 7|~ (v et(TB) (12.3.15)

by using M-transforms.

Solution 12.3.4: We will show that the M-transforms on both sides of (12.3.15)
are one and the same. Taking the M-transform of the left-side, with respect to the
parameter p, we have,

/ |T\P—”T“{LT(\X—B|V)}dT:/ Tl [/ X—B|"e_“<TX>dX}dT
7>0 7>0 X>B

_ ‘T|p—pT+le—tr(TB) [/ Y|ve—tr(TY)dy] dT.
T>0 Y>0

Noting that v = v + 281 — 221 the Y-integral gives |T|~ v’fllﬁp(v + 21, Then
the T-integral gives
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1 +1
M, (left-side) = (v + p—;—) r, (p e p—2&-> B PV
M-transform of the right side gives,

1
Mp(right—side):/ |T P~ pz{r <v+ p—i—) 7|~ V+"§1)etr(TB)} dr
T>

1 1
=T, (erpJZr )F,, (p—v—p—;> B[PV

The two sides have the same M-transform.
Starting with ¢Fp(;;X) = e" ™) we can build up a general ,F, by using the
M-transform and the convolution form for M-transforms, which will be stated next.

12.3.4 A convolution theorem for M-transforms

Let f1(U) and f>(U) be two symmetric scalar functions of the p x p real symmetric
positive definite matrix U, with M-transforms M, (f1) = g1(p) and My (f>) = g2(p)
respectively. Let

5(8) = '/L.]>0|U|ﬁf1(U%SU%)f2(U)dU (12.3.16)

then the M-transform of f3 is given by,

My(f3) =g ()gz<B p+p;1> (12.3.17)

The result can be easily established from the definition itself by interchanging
the integrals.

Example 12.3.5. Show that

Fp(c)

1Fi(a;c;—N) = T,(a)T,(c—a)

/ Uje- |~ yjee e u gy,
o<U<I
(12.3.18)

Solution 12.3.5: We will establish this by showing that both sides have the same
M-transforms. From the definition in (12.3.14) the M-transform of the left side with
respect to the parameter p is given by the following:

Mp(left-side):/i / 0|/\|P*”T“ VF (asc; —N)dA
_ [pla—p) [p(c)
- (B e
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) . _prt y(c)
M, (right-side) = / A\ p p;r {]7
plrig ) /\>O‘ | I'y(a)Tp(c—a)

></ |U|“"¥1|1—U|””?e‘f“U)dU}dA.
o<U<I
Take,
FiU) =W and f(U) = |UE T [T— U
Then

My (fi) =zg1(p) = /U>0|U|”JT+Ie*“(U)dU =T,(p),R(p) > ——.

p+l

o) =salp) = [ UP o —ve e e
>

r _PELE (o _
= P(a+p 2 )pfl(c a)73{(c—a)>p la
Fp(C—FP—T)

R(a+p)>p,R(c+p) > p.

Taking f3 in (12.3.16) as the second integral on the right above we have

I Tp(c) Tpla—p) ,
M, (right-side) = { T, () } I')(p) T c—p) M, (left-side).
Hence the result.

Almost all properties, analogous to the ones in the scalar case for hypergeometric
functions, can be established by using the M-transform technique very easily. These
can then be shown to be unique, if necessary, through the uniqueness of Laplace
and inverse Laplace transform pair. Theories for functions of several matrix argu-
ments, Dirichlet integrals, Dirichlet densities, their extensions, Appell’s functions,
Lauricella functions, and the like, are available. Then all these real cases are also ex-
tended to complex cases as well. For details see Mathai (1997). Problems involving
scalar functions of matrix argument, real and complex cases, are still being worked
out and applied in many areas such as statistical distribution theory, econometrics,
quantum mechanics and engineering areas. Since the aim in this brief note is only
to introduce the subject matter, more details will not be given here.

Exercises 12.3.

12.3.1. Show that for A=A >0 and p X p,
1Fi(a;e;—N) = e "W R (c—a;c;N).

12.3.2. For p x p real symmetric positive definite matrices A and V show that

I',(c) C(e_ptly [ _
Filac:— _ p (c )/ tr(V)
1Fi(a;e;—N) F,,(a)l",,(c—a) | A\ ‘ 2 0<v</\e

x| VS A= Ve .
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12.3.3. Show that for € a scalar and A a p x p matrix with p finite
A
lim |I+8A|7é — lim ‘[_|_ 7|*8 _ eftr(A).
e—0 £—o0 £
12.3.4. Show that
lim 1F1( —)

. Z . 1
a,c;,— lim F; | —;c;—€Z
a—oo a e—0 €

=oFi(;6;—2).

12.3.5. Show that

r :
1Fi(ase—N) = — (pfgm / " |z| 1+ Az "z
(ZEI)T R(Z)=X>X)

12.3.6. Show that
2Fi(a,bie;X) = [I—X|"PyF(c—a,bie;—X (T —X)71).
12.3.7. For R(s) > 2L R(b—s) > L1 R(c—a—s) > 1, show that
[ X R e b Xax
0<x<I

_ Lp(e)Tp(s)Lp(b—s)Tp(c —a—s)
(0 (c—a)l,(c—s)

12.3.8. Defining the Bessel function A,(S) with p X p real symmetric positive
definite matrix argument S, as

1 p+1
AS) = — R+ 2L ), (12.3.19)
+(S) Fp(r+pzil)0 1( 5 )
show that
r,(8 1
/ |S\5‘pTHAr(S)e_“(AS>dS:L)JFM\ -? (5;r+p+ A )
$50 L, (r+ 21 2
12.3.9. If

M, B:A) = / x| | X B e AN gy
X=X >0
—1 ,
R(a) > pT,A:A >0

then show that

I 1
/ X AP T T0ax = jap i (PR P g dpyd
X>0 2 2
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12.3.10. If Whittaker function W is defined as

/ ZH | 4 z)Y T e D) gz
Z>0

— AT (e Ww,

%(V—u),g(v+u—L§”)(A)

then show that
/ |X+B|2a7pT+1|X_U|2q7pT+leftr(MX)dX
X>U

— IU _|_B|OH’I1*pT+1 |M‘7(a+q)e%tr[(BfU)M]l—~p(2q)

1 1
X W(och),(owqf@)(s)’sz (U +B)2M(U +B)2.

12.4 A Pathway Model

As an application of a real scalar function of matrix argument, we will introduce a
general real matrix-variate probability model, which covers almost all real matrix-
variate densities used in multivariate statistical analysis. Through the density in-
troduced here, a pathway is created to go from one functional form to another, to
go from matrix-variate type-1 beta to matrix-variate type-2 beta to matrix-variate
gamma to matrix-variate Gaussian densities.

12.4.1 The pathway density

Let X = (xij),i=1,...,p,j=1,...,r,r > p be of rank p and of real scalar variables
x;;’s for all i and j, and having the density f(X), where

B
F(X) = c|A2XBX'A2 || — a(1 — g)A?XBX'A% |1 (12.4.1)

for A=A'>0and px p,B=B >0and rx r with I —a(1 — q)A2XBX'A? > 0,
A and B are free of the elements in X, a, 3, ¢ are scalar constants with a > 0, 8 > 0,
and c is the normalizing constant. A? and B? denote the real positive definite square
roots of A and B respectively.

For evaluating the normalizing constant ¢ one can go through the following pro-
cedure: Let L .

Y =AIXB? = dY =A2|B|7dX

by using Theorem 11.1.5. Let

P
T2

Ly (5)

p+l

U=YY =dy = U|?~=du



12.4 A Pathway Model 449

by using Theorem 11.2, where I'p(-) is the real matrix-variate gamma function. Let,
forg <1,

r(p+1)
2

V=a(l—q)U=dV = [a(l —q)] du

from the same Theorem 11.1.5. If f(X) is a density then the total integral is 1 and
therefore,

1= ; I—a(l—q)YY’ lqu 12.4.2
Jor e = o [t =gy (1242)

p
n r_pfl B
:r(’)A|5|B|’z’/yu|m+2 > [I=a(l—q)U|™1dU. (12.43)
r (2

Note 12.4.1: Note that from (12.4.2) and (12.4.3) we can also infer the densities
of Y and U respectively.

At this stage we need to consider three cases.
Case (1): ¢,< 1. Then a(1 — g) > 0. Make the transformation V = a(1 — ¢)U, then
7
-1 T2
Ty (%) 1415185 [a(

The integral in (12.4.4) can be evaluated by using a real matrix-variate type-1 beta
integral. Then we have

/\ \‘””*u 14 qu (12.4.4)
a+

L % 0y (a4 5T (£
Ly (5) IA51BIE[a(1 = )"0 1, (ot 5+ 48, + 251

fora+§>pT_l.

) (12.4.5)

Note 12.4.2: In statistical problems usually the parameters are real and hence we
will assume the parameters to be real here as well as in the discussions to follow. If
a is in the complex domain then the condition will reduce to R(a) + § > ’%1

Case (ii): ¢ > 1.

In this case | —g = —(¢— 1) where ¢ — 1 > 0. Then in (12.4.3) one factor in the
integrand becomes

B _B
I—a(l—q)U|T-4 =|[4+a(g—1)U| a1 (12.4.6)
and then making the substitution V = a(g — 1)U and then evaluating the integral by

using a type-2 beta integral we have

_ 752 LA o
- (r)‘A\ |B|% [a(q pla+ts /|V|a+ |I+V| - ldV
2
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Evaluate the integral by using a real matrix-variate type-2 beta integral. We have the
following:

1 7 FP(O‘*%)FP(qﬁT]*O‘*g)
e prrss ; (12.4.7)
Ty () 1AI2|BI % a(g — 1)] ry ()
fora+s >0t Broa—g> el

Case (iii): ¢ = 1.

When g approaches 1 from the left or from the right it can be shown that the
determinant containing ¢ in (12.4.3) and (12.4.6) approaches an exponential form,
which will be stated as a lemma:

Lemma 12.4.1:

B
lim |1 —a(1 - q)U| ™7 = e~ap ulU), (12.4.8)
q*)

This lemma can be proved easily by observing that for any real symmetric ma-
trix U there exists an orthonormal matrix Q such that Q' =1 = Q'Q, QUQ =
diag(Ai,...,A,) where A;’s are the eigenvalues of U. Then

[I—a(1-q)U|=|I—a(1-)0Q'UQQ|

I —a(l-q)QUQ|
I—a(l—q)diag(Ai,...,A))|

But

Then
11m|1 a(l— )U|l = =g Pull),

qﬂ

Hence in case (iii), for ¢ — 1, we have

071: r 7 /| ‘Och—f— —aptr( )
(5 IAI |B|%
% r,(a+% -1
= r o r),a+5>—p (12.4.9)
T, (5)1A4]2|B|? (aB)ri*ts) 2 2

by evaluating the integral with the help of a real matrix-variate gamma integral.
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12.4.2 A general density

For X,A,B,a,f3,q as defined in (12.4.1) the density f(X) there has three different
forms for three different situations of ¢g. That is,

1 1t 1 1AL
F(X) = c1|ATXBX'A? |1 — a(1 - )AZXBXA2|H1 forg<1  (12.4.10)
— A XBXA} 1+ a(g— DASXBX'AY 7T, forg>1  (12.4.11)
= 3|ATXBX'AT|“ exp{—aﬁtr[AzXBx’Af]}  forg=1  (124.12)

where ¢; = ¢ for ¢ < 1,co =c for ¢ > 1 and ¢3 = ¢ for g = 1, given in (12.4.5),
(12.4.6) and (12.4.9) respectively.

Note 12.4.3: Observe that f(X) maintains a generalized real matrix-variate type-1
beta form for —eo < ¢ < 1, f(X) maintains a generalized real matrix-variate type-2
beta form for 1 < g < oo and f(X) keeps a generalized real matrix-variate gamma
form when g — 1.

Note 12.4.4: If a location parameter matrix is to be introduced then in f(X), re-
place X by X —M where M is a p x r constant matrix. All properties and derivations
remain the same except that now X is located at M instead of at the origin O.

Remark 12.4.1: The parameter ¢ in the density f(X) can be taken as a pathway
parameter. It defines a pathway from a generalized type-1 beta form to a type-2 beta
form to a gamma form. Thus a wide variety of probability models are available from
f(X). If the experimenter needs a model with a thicker tail or thinner tail or the right
and left tails cut off, all such models are available from f(X) for various values of
gq. For oo = 0 one has the matrix-variate Gaussian form coming from f(X).

12.4.3 Arbitrary moments

Arbitrary moments of the determinant |A%X BX'A? | is available from the normaliz-
ing constant itself for various values of ¢g. That is, denoting the expected values by E,

r B +1
1 Tp(a+h+?) rp(a+§+fq+1’7)

=" T (@+3) T, (arht oL+ 251)
(12.4.13)

E|ATXBX'A?|" =

-1
fi <Il,a+h >7
or g + +2 5

Lfafhff
N 1 I, a+h+) (qfl z) (12.4.14)
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B p—1 p—1
f l,— —a— h—f —,a+h —
orgq > 1 2> > + —|-2> )
1 Tp(a+h+%) r p—1
= forg=1,a+h+=->——. 12.4.15
@7 T,y 272 e

12.4.4 Quadratic forms

The current theory in statistical literature is based on a Gaussian or normal popula-
tion and quadratic and bilinear forms in a simple random sample coming from such
a normal population, or a quadratic form and bilinear forms in normal variables, in-
dependently distributed or jointly normally distributed. But from the structure of the
density f(X) in (12.4.1) it is evident that we can extend the theory to a much wider
class. For p = 1,r > p the constant matrix A is a scalar quantity. For convenience
let us take it as 1. Then we have

x|
1 Pl A
A2XBX'A? = (x1,...,x,)B | . | = u(say). (12.4.16)

Xr

Here u is a real positive definite quadratic form in the first row of X, and this row
is denoted by (xi,..,x,). Now observe that the density of u is available as a special
case in f(X), from (12.4.10) for ¢ < 1, from (12.4.11) for ¢ > 1 and from (12.4.12)
for g = 1. [Write down the exact density in the three cases as an exercise].

12.4.5 Generalized quadratic form

For a general p, U = AIXBX'A? is the generalized quadratic form in X where X
has the density f(X) in (12.4.1). The density of U is available from (12.4.3) in the
following form, denoting it by f;(U). Then

, r
fiU) = U T = a(1 — g)U| T (12.4.17)
where

[a(1 = @)L, (@t 5+ 55 + 25
= ( ; i’ 2) (12.4.13)
Fp(a+%)rp(fq+7)

forq<1,a—|—§>”771,
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_ } , (12.4.19)
Oy (a+ )0y (i —a3)
rop=l B ry p-t
forg>1l,a+75>5 e Bl Sl I
pla+s)
(aB) _ (12.4.20)
Ty (a+3)
forq:l,oc—|—§>p771.
(12.4.21)

12.4.6 Applications to random volumes

Another connection to geometrical probability problems is established in Mathai
(2005). This is coming from the fact that the rows of the p X r,r > p matrix of rank
p can be considered to be p linearly independent points in a r-dimensional Euclidean
space. Then the determinant of XX’ represents the square of the volume content of
the p-parallelotope generated by the convex hull of the p linearly independent points
represented by X. If the points are random points in some sense, see for example
a discussion of random points and random geometrical configurations from Mathai
(1999), then we are dealing with a random volume in |XX'| 3. The distribution of this
random volume is of interest in geometrical probability problems when the points
have specified distributions. For problems of this type see Mathai (1999). Then the
distributions of such random volumes will be based on the distribution of X where
X has the very general density given in (12.4.1). Thus the existing theory in this
area is extended to a very general class of basic distributions covered by the f(X)
of (12.4.1).

Exercises 12.4.

12.4.1. By using Stirling’s approximation for gamma functions, namely,

T(z+a)~ V2w 701 e~ (12.4.22)

for |z] — oo and a a bounded quantity, show that the moment expressions in (12.4.13)
and (12.4.14) reduce to the moment expression in (12.4.15).

12.4.2. By opening up I',(-) in terms of gamma functions and by examining the
structure of the gamma products in (12.4.13) show that for ¢ < 1 we can write

Ella(1 —g)A*XBX'A? "] = [T E(<%) (12.4.23)

P
Jj=1
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where x; is a real scalar type-1 beta with the parameters

r j—1 B p+1 .
o+ = — =1,..,p.
< +2 2 71_q+ 2 )7.] ) 7p

12.4.3. By going through the procedure in Exercise 12.4.2 show that, for g > 1,

P
Ella(g— 1)A*XBX'A? "] = TTE(") (12.4.24)
=1

where y; is a real scalar type-2 beta random variable.

12.44. Letg<1l,a(l—q)=1,Y =XBX',Z=A2XBX'A? where X has the density
f(X) of (12.4.1). Then show that Y has the non-standard real matrix-variate type-1
beta density and Z has standard type-1 beta density.

124.5. Letg<l,a(l—q)=1,a+5="25 =0,Z=A2XBX'A? where X has

the density f(X) of (12.4.1). Then show that Z has a standard uniform density.
12.4.6. Letg<1l,00=0,a(l—¢q) =1, %q = %(m—p—r— 1). Then show that the
F(X) of (12.4.1) reduces to the inverted T density of Dickey.

1247. Letq> l,a(g—1)=1,Y = XBX',Z = A*XBX'A?. Then when X has
the density in (12.4.1) show that ¥ has the non-standard matrix-variate type-2 beta
density and Z has the standard type-2 beta density.

124.8. Letg=1,a=1,=1,0+%=1%Y =XBX',A=1V~!. Then show that
Y has a Wishart density when X has the density in (12.4.1).

1249. Letg=1,a=1,=1,00=0in f(X) of (12.4.1). Then show that f(X)
reduces to the real matrix-variate Gaussian density.

12410, Letg>la(g—1)=1,a+5 =25 L =1y = A2XBX'A>. Then if
X has the density in (12.4.1) show that Y has a standard real matrix-variate Cauchy
density.
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