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Supervisor’s Foreword

In physics, there are only a few fundamental laws that decide what is possible and
what is not. Among them, the second law of thermodynamics is the most important
law in physics which prohibits perpetual motion machines and distinguishes what is
possible and impossible with regard to heat and energy. Around 1867, through a
Gedankenexperiment (thought experiment), J.C. Maxwell demonstrated that the
second law of thermodynamics can be violated by postulating an imaginary demon
that can observe and operate microscopic states. The so-called Paradox of
Maxwell’s Demon caused prolonged debates on information and thermodynamics.
Nowadays, we are able to observe single-molecule dynamics and even manipulate
them, thanks to development of modern technology. Thus, Maxwell’s demon
comes closer to reality. Later, it was clarified that Maxwell’s demon does not
contradict the second law of thermodynamics, implying that one can convert
information to free energy in principle. Recent development of fluctuation theorems
in non-equilibrium statistical mechanics moved us to the next stage for under-
standing well the relation between information and thermodynamics. The so-called
information thermodynamics deals with the simplest Maxwell’s demon system,
Szilard’s engine, which can extract work from an isothermal system by a feedback
control. By separating Szilard’s engine into two subsystems, i.e., the demon that
observes and performs feedback control and the system controlled by the demon
and considering mutual information between two subsystems, our understanding
of the relation between information and thermodynamics made great advances and
finally the paradox was resolved.

However, when the feedback system has a complicated internal structure or is
composed of multiple parts, the aforementioned framework of information ther-
modynamics is inadequate. The author of this book, Sosuke Ito, took on the
challenge of this problem and succeeded in formulating information thermody-
namics applicable to the systems having complex network structures. He considered
a feedback system as a causal network by introducing ideas of transfer entropy and
a Bayesian network and then succeeded in giving tighter bounds to the relation
between information and thermodynamics. The result includes the third law
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of thermodynamics. Dr. Ito applied his theory to a biology-related problem. The
problem was to give a thermodynamic constraint toward adaptation behavior of
bacterial chemotaxis. He obtained the thermodynamic constraint for the adaptation
behavior based on stochastic dynamics of a simplified biochemical signal trans-
duction network. The result was a similar structure with Shannon’s theory for the
capacity of noisy communication channels. Although the network under consid-
eration is the simplest one in biochemical networks, the result gives a concrete
result and the tightest bounds to the fluctuations remaining after adaptation by
taking into account information transfer inside a signal transduction network.
This book is the doctoral thesis of Sosuke Ito, summarizing his work related to a
new formalism of information thermodynamics. Although it is concise, the book
includes reviews of classical information theory, stochastic thermodynamics of
small systems, information thermodynamics under feedback control, Bayesian
networks, and causal networks. The body of the work, information thermodynamics
of causal networks, is then described with the introduction of transfer entropy.
Application to a biochemical signal transduction system is given in Chap. 7. In
Chap. 8, information thermodynamics for a multidimensional causal network is
described as a generalization of Chap. 6. The book is readable and useful for
understanding the cutting edge of the advancement of information thermodynamics.

Tokyo, Japan Prof. Masaki Sano
June 2016


http://dx.doi.org/10.1007/978-981-10-1664-6_7
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Parts of this thesis have been published in the following journal article:

e Jto S. & Sano M., Effects of error on fluctuations under feedback control.
Physical Review E, 84, 021123 (2011).

e [to, S. & Sagawa T. Information thermodynamics on causal networks, Phys.
Rev. Lett. 111, 180603 (2013).

e [to S. & Sagawa T., Maxwell’s demon in biochemical signal transduction with
feedback loop, Nature Communications. 6, 7498 (2015).
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Chapter 1
Introduction to Information
Thermodynamics on Causal Networks

Abstract This presents the main purpose of this thesis. In this thesis, we mainly
discuss the relationship between nonequilibrium thermodynamics and information
theory from the view point of Maxwell’s demon which is the thought experiment in
the 19th century. As a generalization of the study of Maxwell’s demon, we propose
the graphical thermodynamic theory of information processing which is applicable to
quite a broad class of nonequilibrium dynamics. Characterizing the complex dynam-
ics by the Bayesian networks, we obtain a nobel generalization of the second law
of thermodynamics with complex information flow. We also discuss the biophysical
meaning of the information flow inside the cell as an application of its theory. At the
end of this chapetr, we summarize the organization of this thesis.

Keywords Stochastic thermodynamics - Signal transduction * Information theory *
Information thermodynamics + Causal networks

After the publication of Shannon’s influential paper about an artificial communi-
cation [1], the importance of information theory has been increasing and several
fields of informational study has been emerging [2, 3]. Our study in this thesis is a
challenge for developing a novel field of physics with information, so-called informa-
tion thermodynamics as a fundamental theory of nonequilibrium physics including
biophysics.

Nowadays, we can see information device such as a computer everywhere. On the
basis of Shannon’s information theory, the information quantity such as the mutual
information gives the coding redundancy and the accuracy of information transmis-
sion in artificial channel coding [1, 2]. From the viewpoint of the artificial informa-
tion transmission, the classical information theory has been well established, and we
can quantitatively discuss the efficiency of coding and the accuracy of information
transmission using the entropic quantities. The classical theory of communication
(i.e., the noisy-channel coding theorem) is completely based on the assumption of
the existence of artificial coding devices (i.e., the encoder and the decoder). Without
artificial channel coding, the physical meaning of informational quantity is elusive in
terms of the accuracy of signal transmission. The non-existence of channel coding is
crucial in living systems. For example, the biochemical signal transduction network
inside or outside cells is an example of nonequilibrium fluctuating dynamics, which
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2 1 Introduction to Information Thermodynamics on Causal Networks

describes information transmission without artificial coding devices [4, 5]. Many
researchers intuitively believe the importance of information flow in biochemical
system to maintain life, and several studies have tried out to reveal the role of the
information transfer on biochemical networks. For example, the informational quan-
tity such as the mutual information in the biochemical signal transduction has been
calculated theoretically [6], and measured experimentally for several biochemical
systems [7-11]. However, due to the lack of the fundamental information theory for
the biological system without the explicit artificial channel coding, the application of
the information theory to the biological system has been unclear. Thus, the physical
meaning of the mutual information inside the biochemical system can be just a mea-
sure of independence between two fluctuating components by definition. Although
we usually say “information” in a natural sense of the biochemical signal transduc-
tion, we do not have a fundamental theory of information for living systems like the
noisy-channel coding theorem for artificial communication. To discuss the physical
meaning of “information” in living systems, we believe that we need more physical
and fundamental theory of information transmission in nonequilibrium dynamics
instead of the conventional information theory.

On the other hand, the study of thermodynamics [12—-15] for a stochastic non-
equilibrium system (e.g., a Brownian particle, bio-polymer, enzyme, and molecular
motor) with information has been intensively discussed recently [16-66], in relation
to the study of Maxwell’s demon which is the thought experiment about the validity
of thermodynamics for a small systems in the 19th century [13, 67, 68]. Before
Shannon established the classical information theory, Leo Szilard had discussed the
minimal model of Maxwell’s demon, and show the relationship between the “Shan-
non” entropy and thermodynamics in 1929 [69]. In the last two decades, nonequi-
librium equalities that are universally valid for a nonequilibrium small system, have
been found [70-87], and experimentally verified for several systems including the
biopolymer and the molecular motor [88-98]. Based on the backgrounds of nonequi-
librium equalities, thermodynamics under the feedback control has been established
by considering Maxwell’s demon as a feedback controller [25] and experimentally
verified [64—60] as a refinement of the discussion by Leo Szilard. While the relation-
ship between information and thermodynamics has been studied in several simple
setups with the demon [26—49], the general theory that can be applied to the com-
plex situations, such as biochemical signal transduction, had been elusive before
publishing our results [50].

In this thesis, we develop the general formalism of nonequilibrium dynamics
on causal networks, by using the information theory and nonequilibrium statistical
physics [50]. We mainly discuss the following two questions:

e Beyond the simple setup of Maxwell’s demon, how do we develop the theory of
stochastic thermodynamics with information that should be generally valid for
complex nonequilibrium dynamics?

e What is the physical meaning of information flow in biochemical signal transduc-
tion, to which we cannot explicitly apply the noisy-channel coding theorem?
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Asa generalization of the study of Maxwell’s demon, we propose a general formal-
ism of the study of nonequilibrium thermodynamics with complex information flows
induced by interactions between multiple fluctuating systems [50]. Characterizing
the complex dynamics by the causal networks (i.e., the Bayesian networks) which can
represent quite a broad class of nonequilibrium dynamics such as multiple Brownian
particles and complex structure of the biochemical signal transduction [99-104], we
obtain a novel generalization of the second law of thermodynamics with complex
information flows. In our generalization of the second law, the transfer entropy [105],
which is a measure of the causal relationship and information flow [106-109], plays
a crucial role as a lower bound of the entropy production in a small subsystem.

Our study can be regarded as a general graphical formalism of thermodynamics
with information flow so-called “information thermodynamics on causal networks”,
which gives thermodynamics for a small subsystem described by the causal networks.
Focusing on information flow characterizing the topology of the causal networks, we
show the fact that thermodynamical entropy production in a partial target system is
generally bounded by the information flow (i.e., the transfer entropy) from the target
system to outside worlds. In the generalization of the second law of thermodynamics,
we propose a novel information quantity called “backward” transfer entropy [59], as
an inevitable loss of thermodynamical benefit by information flow.

We apply our general result to a simple biochemical signal transduction of E.
coli bacterial chemotaxis [59], as a simple examination of the signal transmission in
nonequilibrium biochemical system. We find that our information thermodynamics
performs as a biochemical theory of communication without artificial channel cod-
ing device. We generally show that the robustness of biochemical signal transduction
against the environmental noise is bounded by the conditional mutual information
between input and output. While it is remarkable that this information thermody-
namic argument is very similar to the argument of Shannon’s noisy-channel coding
theorem, there is a crucial difference between information thermodynamics and the
noisy-channel coding theorem. In the biological signal transduction, it is impossible
to define the archivable rate as the accuracy of signal transduction in the sense of
the noisy-channel coding theorem, because the signal transduction is achieved by a
coupled chemical reaction and there exists no artificial encoding or decoding device
that produces a redundant bit sequence. In contrast, the thermodynamic definition of
the robustness of the signal transduction proposed in our study is intrinsically related
to the dynamics of the biochemical signal transduction, and therefore powerful to
characterize its robustness. Our result can be experimentally validated by measuring
the amount of proteins during signal transduction in the same way as in the previ-
ous experiments [8—11], and we can discuss the thermodynamic efficiency of the
information transmission inside cells without explicit coding device.
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Fig. 1.1 The network of this thesis. Each chapter has such a cause-effect relationship, which is
described by directed edges (—) between nodes (i.e., Chaps.2-9). In our thesis, such a network
plays a crucial role to discuss stochastic thermodynamics with information flow

We organize this thesis as follows [see also Fig.1.1]. The review parts are in
Chaps. 2-5. The main results of this thesis are in Chaps. 6-9.

In Chap. 2, we review the basis of the classical information theory well established
by Shannon. We introduce the informational quantities (i.e., the Shannon entropy,
the relative entropy, the mutual information and the transfer entropy), which play
a crucial role in this thesis. We discuss the argument of the classical information
transmission through a noisy communicational channel by Shannon (i.e., the noisy-
channel coding theorem), for comparison with our main result of biochemical signal
transduction in Chap. 7.

In Chap. 3, we summarize the modern thermodynamic theory for small classical
systems called the stochastic thermodynamics [72—74]. We review stochastic ther-
modynamics in terms of the relative entropy. We derive the second law of thermody-
namics from the nonnegativity of the relative entropy. We discuss two applications
of stochastic thermodynamics (i.e., the steady-state thermodynamics [110-112] and
feedback cooling [31, 39, 113-118]).

In Chap. 4, we focus on the relationship between stochastic thermodynamics and
information theory. In particular, we review the study of Maxwell’s demon, which
is the second law of thermodynamics under the feedback control (i.e., the Sagawa—
Ueda relation [25, 43]). In the case of feedback control, the mutual information gives
a bound of an apparent violation of the second law. We discuss the minimal model of
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Maxwell’s demon (i.e., Szilard engine [69]) as an example of the trade off between
information and thermodynamic entropy.

In Chap.5, we introduce the probabilistic graphical model well known as the
Bayesian networks or causal networks [99, 100, 102, 104], which is a basis of our
main study in this thesis. We introduce the mathematical definition of the causal
networks, and show how to use causal networks for several physical situations.

Chapter 6 is the main part of this thesis. Characterizing complex nonequilibrium
dynamics by causal networks, we construct a general formalism of the information
thermodynamics and derive the generalized second law of thermodynamics with
information flow. On causal networks, we show the fact that the entropy production of
the target system is generally bounded by the informational quantity, which includes
the mutual information of the initial correlation between the target system and outside
worlds, the mutual information of the final correlation between them, and the the
transfer entropy from the target system to outside worlds during the dynamics. Our
result can be a novel law of thermodynamics with information flow for classical
small subsystems.

In Chap.7, we apply our main result to the biochemical signal transduction of
the sensory adaptation and discuss the accuracy of the signal transmission in bio-
logical systems, where any explicit channel coding device does not exist in contrast
to the noisy-channel coding theorem in Chap.2. We find the analogical similarity
between our information thermodynamic result and Shannon’s noisy-channel coding
theorem. We believe that our information thermodynamic approach is more relevant
and measurable in biochemical systems than Shannon’s noisy-channel coding the-
orem. We analytically and numerically show that the signal transduction model of
E. coli chemotaxis is highly dissipative as a thermodynamic engine, but efficient as
an information transmission device.

In Chap. 8, we discuss further generalizations of our main result in Chap. 6. First
we focus on information thermodynamics for a multi-dimensional Markov process,
and show the several relationship of information thermodynamics. We also derive
another expression of our main result using the Fokker—Planck equation [119]. From
this expression, our result can be interpreted as the stochastic thermodynamics for
small subsystem. Next, we discuss the importance of the “backward” transfer entropy,
which is the novel information quantity that we introduced in Chaps. 6 and 7. From
the data processing inequality [2], we derive that the bound involving the backward
transfer entropy is tighter than the informational quantity discussed in Chap. 6, as a
lower bound of the entropy production.

In Chap.9, we generalize our main result for the steady-state thermodynamics
introduced in Chap. 3. We also apply our main result to the feedback cooling. We show
that the transfer entropy gives a lower bound of the kinetic temperature, and discuss
the relationship between our main result and the third law of thermodynamics [120],
as the refinement of our previous study [31].

In Chap. 10, we conclude this thesis and discuss our future prospect.
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Chapter 2
Review of Classical Information Theory

Abstract This chapter presents a review of the classical information theory which
plays a crucial role in this thesis. We introduce the various types of informational
measures such as Shannon entropy, the relative entropy, the mutual information
and the transfer entropy. We also briefly discuss the noisy-channel coding theorem
which represents the meaning of informational measures in the artificial information
transmission over a communication channel.

Keywords Information theory - Noisy-channel coding theorem

We review the classical information theory in this chapter. The classical information
theory had been well established by Shannon in his historical paper entitled “A
mathematical theory of communication” [1]. Shannon discussed the relationship
between the entropy and the accuracy of the information transmission through a
noisy communication channel with an artificial coding device, which is well known
as the noisy channel coding theory. In this chapter, we introduce various types of the
entropy (i.e., the Shannon entropy, the relative entropy, the mutual information and
the transfer entropy [2]) as measures of information, and the noisy channel coding
theorem [1, 3, 4].

2.1 Entropy
First of all, we briefly introduce various types of the entropy, which quantify measures
of information [1, 3].

2.1.1 Shannon Entropy

We first introduce the Shannon entropy, which characterizes the uncertainty of ran-
dom variables. Let p(x) be the probability distribution of a discrete random variable
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x. The probability distribution p(x) satisfies the normalization of the probability and
the nonnegativity (i.e., >, p(x) = 1,0 < p(x) < 1). The Shannon entropy S(x) is
defined as

S(x) == p(x)Inp(x). 2.1)

In the case of a continuous random variable x with probability density function
p(x) which satisfies the normalization and the nonnegativity (i.e., f dxp(x) =1,
0 < p(x) < 1), the Shannon entropy (or differential entropy) is defined as

Sx) = —/dxp(x) In p(x). 2.2)

In this thesis, the logarithm (In) denotes the natural logarithm. To discuss the discrete
and continuous cases in parallel, we introduce the ensemble average ( f (x)) for any
function f(x) as

() = (@),
= P f () (23)

for a discrete random variable x and

(f()) = (f))p
1=/dxp(x)f(X) 2.4

for a continuous random variable x. From the definition of ensemble average Eqs.
(2.3) and (2.4), the two definitions of the Shannon entropy Egs. (2.1) and (2.2) are
rewritten as

S(x) = (=Inp(x))

= (s(x)), (2.5)
where we here say s(x) := — In p(x) is a stochastic Shannon entropy. The Shannon
entropy S(X) of a set of random variables X = {xy, ..., xy} with a joint probability

distribution p(X) is also defined as

S(X) := (=In p(X))
= (s(X)). (2.6)

Let the conditional probability distribution of X under the condition ¥ be p(X|Y) :=
p(X,Y)/p(Y). The conditional Shannon entropy S(X|Y) with a joint probability
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p(X) is defined as

S(X[Y) := (= In p(X|Y))
= (s(X[Y)), 2.7)

where s(X 1Y) := —In p(X]Y) is a stochastic conditional Shannon entropy. We note
that its ensemble takes an integral over a joint distribution p(X). From 0 < p < 1,
the Shannon entropy S satisfies the nonnegativity S > 0.

By the definition of the conditional probability distribution p(X|Y) := p(X,Y)/
p(Y), we have the chain rule in probability theory. The chain rule in probability
theory produces the product of conditional probabilities:

N
p(X) = peen) [ pGalicr, -, x0). (2.8)
k=2

From this chain rule Eq. (2.8) and the definitions of the Shannon entropy Eqgs. (2.6)
and (2.7), we obtain the chain rule for (stochastic) Shannon entropy:

N
S(X) = s(x1) + D s(@lxit. ... x1). (2.9)
k=2
N
S(X) =S + D Slxi1, ..., x1). (2.10)
k=2

The chain rule indicates that the (stochastic) joint Shannon entropy is always rewritten
by a sum of the (stochastic) conditional Shannon entropy.

2.1.2 Relative Entropy

We next introduce the relative entropy (or the Kullback—Leibler divergence), which
is an asymmetric measure of the difference between two probability distributions.
The thermodynamic relationships (e.g., the second law of thermodynamics) and
several theorems in information theory can be derived from the nonnegativity of the
relative entropy. The relative entropy or the Kullback—Leibler divergence between
two probability distributions p(x) and ¢ (x) is defined as

DxL(p(0)]lg(x)) = (In p(x) —Ing(x)),. 2.11)

We will show that the relative entropy is always nonnegative and is O if and only if
P=q.
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To show this fact, we introduce Jensen’s inequality [3]. Let ¢(f(x)) be a convex
function, which satisfies p(Aa+ (1 —\)b) < Ap(a)+ (1 —N)p(b) withVa, b € f(x)
and VA € [0, 1]. Jensen’s inequality states

P((f (X)) = (o(f (x))). (2.12)

The equality holds if and only if f(x) is constant or ¢ is linear.
We notice that —In(f'(x)) is a convex nonlinear function. By applying Jensen’s
inequality (2.12), we can derive the nonnegativity of the relative entropy,

Dxr.(p(0)llg(x)) = (=In[g(x)/p(x)])p

—In(g(x)/p(x)),

=—Inl

v

-0, (2.13)

where we used the normalization of the distribution ¢, (g (x)/p(x)), = f dxq(x) =
1. The equality holds if and only if g(x)/p(x) = ¢, where c is a constant. Because
p and ¢ satisfy the normalizations [ dxp(x) = 1 and [dxq(x) = 1, a constant ¢
should be ¢ = 1, and we can show that the relative entropy Dkp. (p(x)||g(x)) is O if
and only if p = gq.

From the nonnegativity of the relative entropy, we can easily show that S(x) <
In |x| where |x| denotes the number of elements of a discrete random variable x with
the equality satisfied if and only if x is uniformly distributed. Let p,(x) = 1/|x| be
a uniform function over x. The relative entropy Dkr(p(x)||p.(x)) is calculated as
D (p(x) ]| pu(x)) = In |x| — S(x), and its negativity gives S(x) < In |x|.

The joint relative entropy Dkp. (p(X)]|g (X)) is defined as

Dxr(p(X)lg (X)) = (In p(X) — Ing (X)), (2.14)
and the conditional relative entropy Dxp (p(X|Y)]|q(X]Y)) is defined as
Dxr(p(XIY)llg(X|Y)) = (In p(X]Y) — Ing(X|Y)),. (2.15)

The joint and conditional relative entropy satisfy Dgp > 0 with the equality satisfied
if and only if p = g. The chain rule in probability theory Eq. (2.8) and the definition
of the relative entropy Egs. (2.15) and (2.14) give the chain rule for relative entropy as

Dy (p(X)llg (X))
N
= Di(p)llg(x1) + D Dre(pCelxict, -, x0)1g (velxe—1, .., x1).
k=2
(2.16)
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2.1.3 Mutual Information

‘We introduce the mutual information /, which characterizes the correlation between
random variables. The mutual information between X and Y is given by the rel-
ative entropy between the joint distribution p(X, Y) and the product distribution

p(X)p(Y):

I(X 1Y) = DxL(p(X, V)| p(X)p(Y))
= (lnp(X,Y) —In p(X) — In p(Y))
= (s(X) +s(Y) —s(X,Y))
=S(X)+ S(Y) - S(X,Y)
= S(X) — S(X|Y)
=S) - S |X). (2.17)

The mutual information quantifies the amount of information in X about Y (or
information in Y about X). From the nonnegativity of the relative entropy Dkp. > 0,
the mutual information is nonnegative /(X : Y) > 0 with the equality satisfied if and
only if X and Y are independent p(X, Y) = p(X) p(Y). This nonnegativity implies
the fact that conditioning reduces the Shannon entropy (i.e., S(X|Y) < S(X)). From
the nonnegativity of the Shannon entropy S > 0, the mutual information is bounded
by the Shannon entropy of each variable X or Y (/(X : Y) < S(X)and I(X : ¥V) <
S(Y)). To summarize the nature of the mutual information, the following Venn’s
diagram is useful (see Fig.2.1).

Fig. 2.1 The Venn’s S(X Y)
’

diagram which represents the
nature of the mutual
information (i.e., Eq.2.17).
The mutual information
between X and Y represents
the correlation between them
in the sense of the Shannon
entropy

S
N A
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The conditional mutual information between X and Y under the condition Z is
also defined as

I(X :Y|Z) := DxL(p(X, Y|D)||p(X|Z) p(Y|Z))
= (ln p(X,Y|Z) —In p(X|Z) — In p(Y|Z))
= (s(X|Z) +s(Y|Z) — s(X, Y|2))
= S(X|Z) + S(Y|Z) — S(X, Y|Z)
= S(X|Z) — S(X|Y, Z)
=S(Y|Z) — S(Y|X, Z). (2.18)

For Z independent of X and Y (i.e., p(X,Y|Z) = p(X,Y)),wehave I(X : Y|Z) =
I(X :Y). The conditional mutual information is also nonnegative /(X : Y|Z) > 0
with the equality satisfied if and only if X and Y are independent under the condition
of Z: p(X,Y|2) = p(X|2)p(Y|Z) (or p(X|Y,Z) = p(X|Z)). We also define
the stochastic mutual information i (X : Y) and the stochastic conditional mutual
information i (X : Y|Z) as

iX:Y):=sX|Z)+s(Y|Z)—s(X,Y|Z) (2.19)
i(X:Y|Z2) =sX|Z2)+s(Y|Z2) —s(X,Y|Z) (2.20)
From the chain rule for (stochastic) Shannon entropy Eq. (2.10) and the defin-

ition of the mutual information Eqgs. (2.17) and (2.18), we have the chain rule for
(stochastic) mutual information

N
i(X:Y)=i(x1:Y) +Zi(xk Y|xi—1, ..., x0), (2.21)
k=2
N
IX:Y) =10 Y) 4+ D IO Yy, ..., x)). (2.22)
k=2

2.1.4 Transfer Entropy

Here, we introduce the transfer entropy, which characterizes the directed information
flow between two systems inevolvingtime X = {x; [k = 1,..., N}andY = {y |k =
1, ..., N}. The transfer entropy was ordinarily introduced by Schreiber in 2000 [2]
as a measure of the causal relationship between two random time series. The transfer
entropy from X to Y at time k is defined as the conditional mutual information:

Txoy =1 (kg X oo XYoo Yi—rr)
= (SO 11Xks ooy Xty Vs v o5 Yo—tr) — Skt | Vi -+ Yi—11))
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= (In pYrs1lyis oo Yetr) =10 pra1 Xy ooy Xkt Yios oo Ye1))-

(2.23)
The indexes [ and I’ denote the lengths of two causal time sequences {xg, ..., X;_s}
and {Yk+1, Yk, - .-, Yk—r}. Because of the nonnegativity of the mutual information
I Vi1 @ {xks oo oy Xi—iH YKy - - -5 Ye—r), the transfer entropy is always nonnegative

and is O if and only if the time evolution of ¥ system at time k does not depend on
the history of X system,

POkt Vs - v os Y1) = POkt Xy ooy Xty Yo v v s Yk—tr)- (2.24)

Thus, the transfer entropy quantifies the causal dependence between them at time k.
If the dynamics of X and Y is Markovian (i.€., p(Vk411Xks - - s Xk—is Vis - « - » Yietr) =
P Vkt11xk, yr)), the most natural choices of  and I’ becomes [ = I’ = 0 in the sense
of the causal dependence.

Here, we compare other entropic quantities which represent the direction exchange
of information. Such conditional mutual informations have been discussed in the con-
text of the causal coding with feedback [5]. Massey defined the sum of the conditional
mutual information

N

IPX > ) =D T {x s 3 it - 1), (2.25)
k=1

called the directed information. It can be interpreted as a slight modification of the
sum of the transfer entropy over time. Several authors [6, 7] have also introduced
the mutual information with time delay to investigate spatiotemporal chaos.

In recent years, the transfer entropy has been investigated in several contexts. For
a Gaussian process, the transfer entropy is equivalent to the Granger causality test [8],
which is an economic statistical hypothesis test for detecting whether one time series
is useful in forecasting another [9, 10]. Using a technique of symbolization, a fast
and robust calculation method of the transfer entropy has been proposed [11]. In a
study of the order-disorder phase transition, the usage of the transfer entropy has
been also proposed to predict an imminent transition [12]. In relation to our study,
thermodynamic interpretations of the transfer entropy [13, 14] and a generalization
of the transfer entropy for causal networks [15] have been proposed.

2.2 Noisy-Channel Coding Theorem

In this section, we show the fact that the mutual information between input and
output is related to the accuracy of signal transmission. This fact is well known as
the noisy-channel coding theorem (or Shannon’s theorem) [1, 3]. The noisy-channel
coding theorem was proved by Shannon in his original paper in 1948 [1]. In the case
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of Gaussian channel, a similar discussion of information transmission was also given
by Hartley previously [4].

2.2.1 Communication Channel

We consider the noisy communication channel. Let x be the input of the signal and y
be the output of the signal. The mutual information / (x : y) represents the correlation
between input and output, which quantifies the ability of information transmission
through the noisy communication channel. Here, we introduce two simple examples
of the mutual information of the communication channel.

2.2.1.1 Example 1: Binary Symmetric Channel

Suppose that the input and output are binary states x = 0, 1 and y = 0, 1. The noise
in the communication channel is represented by the conditional probability p(y|x).
The binary symmetric channel is given by the following conditional probability,

py=lx=D)=py=0x=0)=1-e, (2.26)
py=1llx=0=ph=1lx=1) =e, (2.27)

where e denotes the error rate of the communication. We assume that the distribution
of the input signal is given by p(x = 1) = 1 —r and p(x = 0) = r. The mutual
information between input and output is calculated as

Ix:y)=(0—-e)ln(1 —e)+elne— (1 —¢€)In(l —¢€) —e'Iné, (2.28)

where ¢’ := (1 — e)r 4+ e(1 — r). This mutual information represents the amount
of information transmitted through the noisy communication channel. In the case of
e = 1/2, we have I (x : y) = 0, which means that we cannot infer the input signal
x from reading the output y. The mutual information depends on the bias of the
input signal r. To discuss the nature of the communication channel, the supremum
value of the mutual information between input and output with respect to the input
distribution. Let the channel capacity for the discrete input be

C:=supl(x:y). (2.29)
p(x)

For a binary symmetric channel, the mutual information has a supremum value with
r = 1/2, and the channel capacity C is given as

C=In2+elne+ (1 —e)ln(l —e). (2.30)
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2.2.1.2 Example 2: Gaussian Channel

Suppose that the input and output have continuous values: x € [—00, 00] and y €
[—o0, oc]. The Gaussian channel is given by the Gaussian distribution:

2
exp [—u] , 2.31)

2
207

pylx) =
2703,

where cr12V denotes the intensity of the noise in the communication channel. We assume
that the initial distribution is also Gaussian:

1
pp(x) =
,/27r0§,
2

where 0, = (x?) means the power of input signal. The mutual information I (x : y)
is calculated as

2
exp [—x—] : (2.32)

2
20%

1 o3
N

In the limit 012\, — 00, we have I (x : y) — 0, which indicates that any information
of input signal x cannot be obtained from output y if the noise in communication
channel is extremely large. We have I(x : y) — oo in the limit 0% — oo, which
means that the power of input is needed to send much information.

In the continuous case, the definition of the channel capacity is modified with the
power constraint:

C= sup I(x:Yy). (2.34)

2 2
(x)<op

The channel capacity C is given by the mutual information with the initial Gaussian
distribution Eq. (2.33),

1 Jf,
C=-In{l+—=). (2.35)
2 oy
To show this fact, we prove that the mutual information /,(x : y) = (In p(y|x) —
In [ dxp(y|x)q(x)) for any initial distribution g (x) with (x?) = 0%, < 0% is always
lower than the mutual information for a Gaussian initial distribution Eq. (2.33).
I(x:y)—I;(x 2 y)=—(Inpp(y))p, + {Ing(y))g
—(Inpp(¥))p, + (Ing(y))4

—(Inpp(y))g + {Ing(y))q

IVl
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= DxL(gW)IIpp (y))
>0, (2.36)

where pp(x,y) = p(lx)ppx), g(x,y) = p(y|x)g(x), and we use (—In
pr(Y)p, =27 In[27m(0} + o)1+ 27"

2.2.2 Noisy-Channel Coding Theorem

We next review the noisy-channel coding theorem, which is the basic theorem of
information theory stated by Shannon in his original paper [1].

Here, we consider the situation of information transmission through a noisy com-
munication channel (see also Fig.2.2). First, the input message is encoded to gen-
erate a sequence of the signal (e.g., 0010101010). Second, this signal is transmitted
through a noisy communication channel. Finally, the output signal (e.g.,0011101011)
is decoded to generate the output message.

To archive the exact information transmission through a noisy communication
channel, the length of encoding should be sufficiently large to correct the error in
output signal. The noisy-channel coding theorem states the relationship between the
length of encoding (i.e., the archivable rate) and the noise in the communication
channel (i.e., the channel capacity). Strictly speaking, the noisy-channel coding the-
orem contains two statements, the noisy-channel coding theorem and the converse
to the noisy-channel coding theorem. The former states the existence of coding, and
the latter states an upper bound of the coding length. In this section, we introduce
the noisy-channel coding theorem for a simple setting.

Communication
Input channel Output
message message
M., .> Encoder p(’yk ‘;Ijk) Decoder "IMout
___/Input Output\__J
X ={x1,...,zn} Y ={y1,...,yn}

Fig. 2.2 Schematic of the communication system. To send an input message M;, through a noisy
artificial communication channel, the input message should be encoded in a redundant sequence
of bits by a channel coding protocol, and the encoded bits sequence X is transmitted through a
noisy communication channel p(yi|xx) (e.g., a Gaussian channel). The output sequence Y does not
necessary coincide with the input sequence X, because of the noise in the communication channel.
However, if the redundancy N of the encoded bit sequence is sufficiently large, one can recover the
original input message Moy, = Mi, correctly from the output sequence Y. This is a sketch of the
channel coding
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Let the input message be M;, € {1,..., M}, where M denotes the number of
types of the message. The input message is assumed to be uniformly distributed:
p(My) = 1/M (My, = 1, ..., M). By the encoder, the input message is encoded
as a discrete sequence X (Mi,) := {x;(Mi,), . .., xy (Mi,)}. Through a noisy com-
munication channel defined as the conditional probability p(yi|xx) (e.g., the binary
symmetric channel), the output signal ¥ = {yj, ..., yny} is stochastically obtained
from the input signal X:

N
PYIX(Min)) = [ | POl (Min)), (2.37)
k=1

which represents a discrete memoryless channel. The output message My, (Y) is a
function of the output signal Y. We define the rate as
InM
R :=
N

) (2.38)

which represents the encoding length N to describe the number of the input messages
M. A code (M, N) indicates (i) an index set {1, ..., M}, (ii) an encoding function
X (M;,) and (iii) a decoding function My (Y). A code (e¥R, N) means ([eVR], N),
where [...] denotes the ceiling function. Let the arithmetic average probability of
error P, for a code (eM%, N) be

P‘—IM M (Y XM, = j 2.39
e_ﬁgmwx#n<m-m. (2.39)

In this setting, we have the noisy-channel coding theorem.

Theorem (Noisy-channel coding theorem) (i) For every rate R < C, there exists a
code (e"®, N) with P, — 0.
(ii) Conversely, any code (eNR N) with P, — 0 must have R < C.

The converse theorem (ii) can be easily proved using the nonnegativity of the
relative entropy. Here, we show the proof of the converse theorem. From the initial
distribution p(M;,), we have

NR = S(Min)
=1 (Min : Mouw) + S(Min| Mouy)- (2.40)

We introduce a binary state E: E := 0for My, = My and E := 1 for My, #= My.
From S(E|M;,, Myy) = 0, we have
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S(Min|M0ul) = S(Min|M0ut) + S(E|Min, Mout)
= S(E|Mouw) + S(Min|E, Mou)
<In2+ P.NR, (2.41)

where we use S(Mi,|E, Myy) = P.S(My|E = 0, My,) < P,S(Mj,), and
S(E|Moy) < S(E) < In2.Thisinequality (2.41) is well known as Fano’s inequality.

The Markov property p(Miny X’ Y, Mout) = p(Mm)p(X|M1n)p(Y|X)p(Mnut|Y)
is satisfied in this setting. From the Markov property, we have I (My, : Moy |Y) = 0,
I(M;, : Y|X) =0, and

I(Min : Mout) = I(Min : Y) + I(Min : Moul|Y)
<I(X:Y)+I(My,:Y|X)
=I1(X:Y)

= (In p(Y)) = D (In p(xilye))

k
< Z I (xp 2 i)

k
< NC. (2.42)

The inequality using the Markov property (e.g., Eq. (2.42)) is well known as the data
processing inequality. From Egs. (2.40)—(2.42), we have

In2
R < C+W+P6R. (2.43)

For sufficiently large N, we have In2/N — 0. Thus we have proved the converse to
the noisy-channel coding theorem, which indicates that the channel capacity C gives
a bound of the archivable rate R with P, — 0. We add that the mutual information
I (M, : Moy) (or I(X :Y)) also becomes a tighter bound of the rate R with P, — 0
from Eq. (2.42).
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Chapter 3
Stochastic Thermodynamics for Small
System

Abstract This chapter presents a review of the stochastic thermodynamics which is
the nonequilibrium thermodynamics for small systems. We discuss the second law of
thermodynamics and the nonequilibrium equalities (i.e., the Jarzynski equality and
the integral fluctuation theorem). We show the relationship between the stochastic
thermodynamics and the informational measure such as the relative entropy. We
also discuss the steady-state thermodynamics and thermodynamics of the feedback
cooling as a generalization of the stochastic thermodynamics.

Keywords Stochastic thermodynamics - Steady state thermodynamics

In this chapter, let us consider a classical small system attached to a large heat bath
(e.g., a Brownian particle, bio-polymer, enzyme, and molecular motor). The dynam-
ics of the classical small system is generally described by a stochastic process (e.g.,
the Langevin dynamics and the Master equation). For a small system, thermody-
namics in a stochastic description, so-called stochastic thermodynamics has been
developed in the last two decades [1-56]. We here introduce the stochastic thermo-
dynamics for a small system, and the relationship between information theory and
stochastic thermodynamics for a small system.

3.1 Stochastic Thermodynamics

First of all, we introduce the stochastic thermodynamics, which is a framework
for describing classical thermodynamic quantities such as the work, the entropy
production and the heat in a stochastic level.

3.1.1 Detailed Fluctuation Theorem

Historically, the stochastic thermodynamics was numerically discovered as the fluc-
tuation theorem by Evans et al. [6]. The fluctuation theorem had been proved by many
researchers for a chaotic dynamics [7], a stochastic process [8], and diffusive dynam-
ics [9]. C. Jarzynski has derived a nonequilibrium equality [11], called the Jarzynski
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26 3 Stochastic Thermodynamics for Small System

equality or the integral fluctuation theorem, which is a generalization of the second
law. G. Crooks [13] has indicated that the Jarzynski equality can be derived from
the fluctuation theorem. The fluctuation theorems and the Jarzynksi equality have
been confirmed experimentally for several systems such as the colloidal particle, the
electric circuit and the RNA folding [20-26, 29]. Such a nonequilibrium relationship
can be derived from the detailed fluctuation theorem, which is the refinement of the
detailed balance property [57].

We here consider the time evolution of a system X from time ¢ to time ¢#'. Let
x, = {x;", x;} be the phase space of a system at time #, where x;~ denotes an even
function of the momentum (e.g., the position, and the chemical concentration) at time
t,and x;” denotes an odd function of the momentum (e.g., the velocity, the magnetic
field) at time ¢. The transition rate from x; to x, depends the external parameter \,
at time 7, where we assume that the external parameter is an even function of the
momentum. If the microscopic dynamics of a system such as a Hamiltonian dynamics
satisfies the reversibility, we have a detailed balance property:

PO x 1% x5 ) Peq (s A) = px,t —x, x5 —x,75 ) peq (x5 M), (B.1)

where peq(x;; A;) is the equilibrium distribution with the fixed external parameter
. The detailed balance property can be derived to a small system interacting with
multiple heat baths, and its generalization is sometimes called the detailed fluctuation
theorem in the context of the fluctuation theorem [1]. For example, the Hamiltonian
derivation of the detailed fluctuation theorem was given by C. Jarzynski [14].

Let T be the temperature of the heat bath attached to the system from time ¢ to ¢'.
Here we consider the time evolution of the small system x; interacting with a single
heat bath, where the interaction Hamiltonian between the system and heat bath is
sufficiently small and negligible. The equilibrium distribution with the fixed external
parameter is given by

(3.2)

U b
peq(-xt; At) = Z_1 exp |:_ (xt t)i| 7

kgT

where k is the Boltzmann constant, U (x;, t) is the internal energy (the Hamiltonian)
of the system X attime ¢ and Z := f dx, exp[—U (x;, t)/(kpT)] is the partition func-
tion. From the detailed balance property (3.1) and Eq. (3.3), the detailed fluctuation
theorem for a small system is given by

n 2O N (3.3)
P x)
U(xp,t) —U(x;, t
ASeats = — (xp, 1) (x; )’ (3.4)

kT

where we introduce the backward transition probability defined as pp(x;|x;) =
p()c;/r s =X, |x;7, —x;7; A;). The quantity Asp,n indicates the sum of the entropy
changes in heat bath caused by the time evolution of the system from x; to x,,
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because the Hamiltonian difference Q, ., := U(x,,t) — U(x,, t) means the heat
dissipation from the system to heat bath from time ¢ to ¢". The heat dissipation satisfies
the first law of thermodynamics

UGy, t) = U, 1) = Qrp + Wiy, 3.5)

where W, := U (x;,t") — U(xy, t) is the work performed on system X from time
t to t’ due to the change of the external parameter. The detailed fluctuation theorem
states that the entropy changes in heat baths is given by the ratio between the forward
transition probability p and the backward transition probability pg.

This description of the entropy changes in the heat baths is useful even for the
stochastic model where the Hamiltonian of the heat bath is not explicitly defined.
For example, we show the case of the following overdamped Langevin equation:

VX (1) = =0 U(x, 1) + £ (1),
(€m) =0,
(€O N) = 29kpT 6t — 1), (3.6)

where + is the friction constant, U (x, ) is the time dependent inertial energy, O,
denotes the partial derivative symbol with respect to x, and £*(¢) is a white Gaussian
noise of the heat bath with a temperature 7*.

The stochastic differential equation (3.6) is mathematically defined as the follow-
ing discretization:

VXitar = VX — O U (x;, dt + /2vkpT*d By, (3.7)
where we define x; := x(t), x;14: := x(t + dt) with an infinitesimal time interval

dt.dB; .= f;ﬂh dt&* (t)/~/2vkgT* = B,1q4, — B, is given by a Wiener process B,
distributed as the normal distribution:

p(dB) =

2
Xp [—w] . (3.8)

1
e
N 27mdt 2dt

Substituting Eq.(3.7) to (3.8), we have the forward transition probability of the
Langevin equation (3.6) at time :

— .U (x,, 1)dt)?
DXy |X1) v exp |:_ (YXitar — 7% + (x;, £)dr) :|

4vkpT*dt
=: G(X;; Xyqar 1), (3.9
where x; := x(t) denotes the state at time ¢, and N, is the normalization constant

which satisfies f dXxi1q: p(Xryarlx:) = 1. The backward transition probability of the
Langevin equation (3.6) at time ¢ 4 d¢ is defined as
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DB Xeqar) = G(Xrpar; X5 t + dt)

= N, exp |:_ (vxr = Xigar + O U (X g t + df)dt)2:| . (3.10)

Avkp T dt

Thus, the ratio between the forward and backward transition probabilities is
calculated as

D (Xiqarlx;) 1 0 U, 1) + 0cU(Xyqar, t +dt)
n = — " (Xrar — X1)
P (X |Xi1ar) kgT 2
O Uodx(x,1)
N kpT*
(§°(1) —yx(1)) odx
= , 3.11
Kp T (3.11)

where dx = x;1+4; — Xx; and o denotes the Stratonovich integral defined as f o
dx(x,t) = [f Xgar, t +dt) + f(x, )](Xr4a: — x,)/2 for any function f(x,t).
The Stratonovich product 0,U o dx = (£ — vyx) o dx gives the definition of the
heat flow for the Langevin equation, which has been historically developed by K.
Sekimoto [3]. Thus, the ratio In[ p(x;+4:|%;)/ pp (x:|X+4:)] can be considered as the
entropy change rate in the heat bath with a temperature 7.

3.1.2 Entropy Production

Next, we define the entropy production, which is the sum of the stochastic entropy
changes in a small system and in heat baths. Let x; be the state of the system X at

timek = 1, ..., N. We assume that the dynamics of X is given by the Markov chain:
p(X) = p(xp)pxalxi) - - plxnlxn-1), (3.12)
where X := {xi,...,xy} also denotes the stochastic trajectory of the system X.

From the detailed fluctuation theorem, the entropy changes in heat baths from time
k to k + 1 is given by

Astyy = In LD (3.13)
PB(Xk|Xk41)
The entropy change in a small system from time 1 to N is defined as
As, :=1In p(x;) — In p(xy). (3.14)

This ensemble average gives the Shannon entropy difference (As,) = S(xy)—S(x1).
The entropy production from time k = 1 to k = N is defined as
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N-1

o= As; + Z As'gath
k=1

px)pxalxy) ... plxylxn—1)
pOen)pp(xn_ilxn) - pp(xilxa)

(3.15)

Here, we consider the physical meaning of the entropy production. If the initial
probability distribution p(x;) and the finial distribution p(xy) are given by the equi-
librium distributions, the probability distributions are given by the inertial energy
U (x, k) and the free energy F(k):

P(X1) 1= Peq(x1)
i=exp[B(F(1) — U(xy, 1)], (3.16)

plxy) = peq(xN)
= exp[B(F(N) — U(xn, N))I, (3.17)

where 3 denotes the inverse temperature of the heat bath. The entropy change in
the bath from time k = 1 to k = N is rewritten by the heat absorption in the small
system Q such as

N—-1

—BQ =D Asp, (3.18)

k=1

Here, the inertial energy U (xi, k) and Q are stochastic variables of the path X. From
the first law of thermodynamics, a stochastic work performed by the small system
W is defined as

W:=—-0—[U(x;,1) = U(xn, N)] (3.19)

Thus, the entropy production can be rewritten by the work W and the free energy
difference AF := F(N) — F(1), if the initial and final states are in equilibrium:

o= B(W — AF). (3.20)

3.1.3 Relative Entropy and the Second Law
of Thermodynamics

If the dynamics is given by the Markov chain, we generally derive the second law of
thermodynamics, i.e., the ensemble average of the entropy production is nonnegative.
The second law of thermodynamics is related to the nonnegativity of the relative



30 3 Stochastic Thermodynamics for Small System
entropy. First, we define the stochastic relative entropy dgr. (p(x)||g(x)) as
dxL(p(x)lg(x)) == In p(x) — Ing(x). (3.21)

Its ensemble average gives the relative entropy and is nonnegative,

(dxL(p(0)|lg(x))), = DxL(p(X)]lg(x))
> 0. (3.22)

If the dynamics is given by the Markov chain Eq. (3.12), the entropy production is
given by the stochastic relative entropy

o =dgL(p(X)|Ipp(X)), (3.23)
p(X) = pxn)pp(xn-1lxn) - - - pr(x1]x2), (3.24)

where the backward path probability pp(X) satisfies the nonnegativity pp(X) > 0
and the normalization

> pe(X) =
X

M

[Z P |x2>} Pe(x31x2) - pp(ey—ixy) p(xy)

X1

I
=
o]
—~

=
el

=
o
~

< pp(xen—tlxn) p(xn)

=1. (3.25)

From the nonnegativity of the relative entropy Eq. (3.22), we have the nonnegativity
of the ensemble average of the entropy production:

(o) = 0, (3.26)
which is well known as the second law of thermodynamics [3, 5]. From the property
of the relative entropy, we derive the fact that the equality holds if and only if the
reversibility of the path is achieved, i.e., pp(X) = p(X). If the initial and final states
are in equilibrium, we have another expression of the second law Eq. (3.26) from
(3.20),

(W) = AF, (3.27)

which means that the free energy difference gives a lower bound of the work.
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3.1.4 Stochastic Relative Entropy and Integral Fluctuation
Theorem

We here derive the nonequlibrium identity called the integral fluctuation theorem [1]
or the Jarzynski equality [11] using the definition of the stochastic relative entropy.
We have the following identity of the stochastic relative entropy,

{expl—dkL(p(®)|lg ()]} = (g(x)/p(X))
= q(x)
=1. (3.28)

In the case of a Markov chain, the entropy production is a stochastic relativity entropy,
and we have the identity

(exp[—0c]) =1, (3.29)

which is called the integral fluctuation theorem. This integral fluctuation theorem is
a generalization of the second law of thermodynamics, because the second law of
thermodynamics can be derived from Eq. (3.29):

exp(0) = (exp(—0))
> exp(—(0)), (3.30)
(o) >0, (3.31)
where we used Jensen’s inequality Eq. (2.12) for a convex function exp[ f (x)].
If we assume that initial and final states are in equilibrium, the integral fluctuation
theorem can be rewritten as

exp(—BAF) = (exp(—W)). (3.32)

This expression is well known as the Jarzynski equality [11]. This equality gives an
exact expression of the free energy in terms of the work distribution, i.e., AF =
—(7" In{exp(=AW)).

3.2 Steady State Thermodynamics and Feedback Cooling

The integral fluctuation theorem is an identity of the stochastic relative entropy
dxL(p(x)]]g(x)), and the identity can be generalized by selecting the probability
distribution ¢ (x) in a stochastic relative entropy dgi.(p(x)||g(x)). One influential
application of the identity is the generalization of the second law for a steady state,
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which is called the steady-state thermodynamics [17, 21, 58-63]. Another applica-
tion is a cooling process controlled by a velocity-dependent force, called the entropy
pumping or feedback cooling [41, 64—68]. In this section, we introduce these iden-
tities in terms of the stochastic relative entropy.

3.2.1 Housekeeping Heat and Excess Heat

If a system is driven by a time-independent force, the system will reach a nonequilib-
rium steady state. The steady state thermodynamics is a phenomenological attempt
to construct thermodynamics for a nonequilibrium steady state, which has been intro-
duced by Oono and Paniconi [58]. For a simple Langevin model, the generalizations
of the heat dissipation for a steady state (i.e., the housekeeping heat, and the excess
heat) are well-defined [17]. We show that the generalizations of the heat dissipation
are related to the relative entropy.
Let us consider the following one-dimensional Langevin model:

YX(t) = fex(x, A1) — O, U (x, A(@)) + &7 (1),
(@) =0, (3.33)
(ENE W) =2987"0 — 1),
where f.x is an external nonconservative force and A(¢) is the control parameter. To
generalize thermodynamics for a steady state, the nonequilibrium potential ¢(x, )
is defined as

P(x, A) = —In pg(x; A), (3.34)

where pg(x; A) is the steady-state distribution for a fixed value of the control para-
meter A. The mean local velocity of the nonequilibrium steady state is defined as

Yss (X, A) = fex (X, ) = 0, U(x, ) + ﬂilaxgi)(x}\) (3.35)
The housekeeping heat Oy is defined as

Ok :=/dt56(t)Ovvss(X(t),/\(t)), (3.36)

which is regarded as the steady heat dissipation. The conventional heat absorption
Q is defined as

0= —/dt)'c(t) o[fex(x, A) — O U (x, M, (3.37)
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and we can break down the dissipative heat —Q into the housekeeping heat and the
rest called the excess heat dissipation:

—Q = Onk + Qexs (3.38)
Qex i= —6‘1/dtx 0 O d(x.\)

=—f'[A¢— /m o ho(x. N1, (3.39)

where A¢ == [d 1 is the nonequilibrium potential change, and we used the chain
rule of the Stratonovich integral ¢ := A o d\p(x.\) + X 0 Oy p(x.N).

3.2.2 Stochastic Relative Entropy and Hatano—-Sasa Identity

In this section, we show the relationship between the steady-state thermodynamics
and the stochastic relative entropy. From the nonnegativity of the relative entropy,
we have generalizations of the second law of thermodynamics for a steady-state. In
the steady-state thermodynamics, we have two equalities and their corresponding
inequalities:

B{Qn) =0, (3.40)
(exp(—=[0n)) = 1, (3.41)
and
(Ag) = —B(Qex), (3.42)
(exp(=A¢ — B0ey)) = 1. (3.43)

Equation (3.43) is well known as the Hatano—Sasa equality [17].

We consider the path X = {x, ..., xy}, where x; := x(kdt) and )\ := A\(kdt)
denote the state of X and the control parameter at time t = kdt, respectively, with
an infinitesimal time interval df. We assume that the initial distribution is in a steady
state pss(x1). The path integral of the Langevin dynamics Eq. (3.33) is given by

p(X) = ps(x1) p(e2|x1) - - p(xnlxn—1), (3.44)
— Xk — fot (X, Mo )d1)?
P (X1 1xx) = Ny exp |:— (e Fyzgﬂfjfd;(xk Bdt) j| , (3.45)

where fio(x, A) := fex(x, A) — 0, U (x, \) denotes the total force.
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First, we derive Egs. (3.40) and (3.41) from the stochastic relative entropy. Here,
we consider an imaginary dynamics with the force fi,; — 2yvss, which is called the
dual dynamics, where the sign of the steady mean local velocity v is the opposite
of the sign of the original one. The dual dynamics is related to the house keeping
heat and the excess heat dissipation, because the steady mean local velocity v is a
cause of the house keeping heat. As shown below, the house keeping heat is given
by the stochastic relative entropy between probability distributions of the original
dynamics and of the dual dynamics.

The forward path probability of the dual dynamics pp(X) is given by

Pp(X) = pss(x1) pp(xX2lx1) - - - pp(XN|XN-1), (3.46)
(VXet1 — ¥k — fiot (ks Nt + 270 (e, Ao dt)?
Pp(xks1lxe) = Nyexp | — .
4yp-1dt

(3.47)

Up to the order o(l), the stochastic relative entropy dkip(p(X)||pp(X)) is
calculated as

- A JA
e (P pp (X)) = ﬁzdtxkﬂd X YVss Xk > Ak) + YUss Xkt 15 Akt1) (3.48)
k

t 2
= [ Qnk- (3.49)

From the identity Eq. (3.28) and the nonnegativity of the relative entropy (i.e.,
DxL(p(X)||pp(X)) = 0), we can derive the equality and inequality of the house-
keeping heat Egs. (3.40) and (3.41).

Next, we derive Egs. (3.42) and (3.43) from the stochastic relative entropy. The
backward path probability of the dual dynamics pgp(X) is given by

Pep(X) = pss(xn)pep(Xn—1|XN) - - - pBD(X1]X2), (3.50)

PBD(Xk|Xk41)

N |: (VX = YXk41 — frot Kig1, M)At + 27065 (Xpq1, )\k+1)dl)2]
=Nyexp| —

4yp-tde
=MN,exp|— (v — VX1 + fiot gt Aes)dt + 2670 P (xuqr )\k+1)dt)2
S 4vp-1dt
(351)

Up to the order o(1), the stochastic relative entropy dxy(p(X)||psp(X)) is
calculated as
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— 3 0 M) + Db, A
At (OO Ippp(X)) = Ag — 3 a0 DO A0+ A1 B)
k

= Aé"‘ﬁQex- (3.52)

From the identity Eq. (3.28) and the nonnegativity of the relative entropy (i.e.,
DxL(p(X)||pep(X)) = 0), we have Eqgs. (3.42) and (3.43).

3.2.3 Stochastic Relative Entropy and Feedback Cooling

As a technique of the opto-mechanics, the feedback cooling (or cold damping)
has been developed to reduce the fluctuation of a mechanical degree of freedom
[64-68]. For example, to measure the spontaneous velocity of a Brownian particle,
1.5 mK cooling of a Brownian particle optically trapped in the vacuum has been
achieved experimentally [67]. As a molecular refrigerator, the feedback control with
the velocity-dependent force has been discussed from a thermodynamic point of
view [41]. Here, we discuss the nonequilibrium identity about the feedback cooling
derived by K.H. Kim and H. Qian [41] in terms of the stochastic relative entropy.
We consider the following underdamped Langevin equation:

mi(t) = —yx(t) — 0. U(x (1) + fro (X (1) + £ (1),
(€ e ) =2767"00 — 11, (3.53)
(€w) =0,
where m is the mass of the particle, fi(x(¢)) means a velocity-dependent feedback
force, which generally depends on the spontaneous velocity x(z). With an infini-
tesimal time interval dr, we discretize the dynamical variables x; = x(kdt) and
X = x(kdt). We consider the trajectories of the position and the velocity from time

k=1tok = N, denoted as X = {xi, ..., xy} and X = {1, ..., Xy}, respectively.
The path probability p(X, X) is given by

p(X, X) = p(x1, %) p(xa, %alx1, £1) -+ pOry, in|xn—1, in—1), (3.54)

. . dt . .
POkg 1, X411k, X)) = N exp [‘%&&ftot(xkv xk):| O(xg41 — Xk — Xgdt)

)

. . 2
w exp | — [m i1 — %) + 7 (k1 — X) — fot (B, ¥x)dt ]
P 4B~ Ldr

(3.55)
where % = (g1 + X0)/2, X = Goppr + X0dt/2, fior(x, 3) == —0,U(x) +

fio(X) and NV exp[—d1t0; fio/(2m)] is the normalization prefactor, i.e., the Jacobian
determinant.
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The backward path probability for a feedback cooling pg (X, X) is defined as

pB(X, X) = p(xn. iN)pB(XN_1. XN_1|XN. XN) - PR (X1, ¥ X2, X2),

(3.56)

. . dt - -
PB Xk, Xic|Xk41, Xk+1) = N exp %@ftot(xhxw O(xpq1 — X — Xgdt)

)

[ [t — 50 + Y0k — X)) — fiot G )de]
X exp | —
4B~ dr
(3.57)

where the sign of the velocity in the feedback force fio(xx+1, )Tck) does not change
in this backward process.

Up to the order o(1), the stochastic relative entropy dgp (p(X, X MNps(X, X )) is
calculated as

dx(p(X, X)||ps(X, X))

X1 — Xk (X1 — %) — fror(x, Xp)dt dt _ s
= As, — ﬂzk:dt T - — Zk: — 0y fro (i, 1)

— As -3 / A1 () o (€ (1) — 7 (1)) — m™! / d10; fo(E(1))
=0 — Asp, (3.58)

where the entropy change in a bath is defined as Asyy := —0 f dtx(t) o (£*(t) —
vx(t)), the entropy production is defined as o := As,; 4+ Aspan, and the entropy
pumping Asp, is defined as Asy, = m~! f dt 0y fiw (X (1)). The entropy pumping
Aspy can be negative the velocity-dependent force, if the velocity-dependent feedback
force fp, exists.

From the identity Eq. (3.28) and the nonnegativity of the relative entropy (i.e.,
Dy (p(X, X NIpp(X, X )) > 0), we have the identity and the generalization of the
second law:

(exp(—0o + Aspy)) =1, (3.599)
(o) = (Aspu). (3.60)

If the velocity-dependent feedback force fp, exists, a lower bound of (o) can be neg-
ative. Thus, the inequality (3.60) indicates that the ensemble average of the entropy
production can be negative if the feedback control exists. This discussion of feedback
cooling is closely related to the problem of Maxwell’s demon, but this discussion of
feedback cooling completely depends on the Langevin equation (3.54). In Sect. 4.1,
we give a general discussion of Maxwell’s demon and the entropy production under
a feedback control in a different and informational way.
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Chapter 4
Information Thermodynamics Under

Feedback Control

Abstract This chapter presents a review of the stochastic thermodynamics under
feedback control corresponding to the information processing by Maxwell’s demon.
In this chapter, we show the derivation of the generalized second law of thermody-
namics with information. The generalized second law of thermodynamics indicates
that the mutual information between the target system and the feedback controller
gives a lower bound of the entropy production. We also discuss the Szilard engine
which is a minimal model of the Maxwell’s demon.

Keywords Information thermodynamics - Maxwell’s demon

Recently, the stochastic thermodynamics of information processing by “Maxwell’s
demon” has been intensively developed, leading to unified theory of thermodynam-
ics and information [1-51]. Historically, the connection between thermodynamics
and information in a small system was first discussed in the thought experiment of
Maxwell’s demon in the 19th century [52-57], where Maxwell’s demon is regarded
as a feedback controller. With a feedback control in a small system, the second law of
thermodynamics seems to be violated, i.e., the entropy production can be negative.
In this chapter, we introduce the formalism of information thermodynamics for a
small system under feedback control.

4.1 Feedback Control and Entropy Production

Here, we discuss thermodynamics under a feedback control with a single measure-
ment. Let x; be a state of a small system X and m; be a memory state. Attime k = 1,
a measurement of the initial state x| is performed and its outcome is preserved in a
memory state m ;. The measurement is given by the conditional probability p(m|x;)
and the dynamics of a small system depends on the memory state m; because of the
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effect of the feedback control. The time evolution of the system X from time k = 1
to k = N is given by the following path-probability:

pxalxy, m)p(x3lxz, my) -+ p(xnlxy—i, mp). 4.1)
Thus, the joint probability p(xy, ..., xy,m) is given by
pxi, ..., xy,my) = p(x) pmilx) p(xalxr, my) --- pxnlxy—_1,mp). (4.2)

In this protocol, we consider the detailed fluctuation theorem under a feedback con-
trol. When the system X is changed from x; to x4, the memory state m play arole
of an external parameter. Thus, the detailed fluctuation theorem is modified as

P (Xeg11Xk, my)

Asfy i=In —— 2~
o P8 (X Xeq1, m1)

4.3)

where pp is the probability of the backward process. The detailed fluctuation theorem
is the consequence of the detailed balance property, so that the backward probability
is defined as pp(xg|Xgs1, my) = p(x,j', —xk_|x,:r1, —Xii1s mf, —m| ), where x; =
{x,j', X} (my = {mT, mi}), x,;" (mf') denotes an even function of the momentum,
and x,” (m]’) denotes an odd function of the momentum. The entropy production for
a feedback control is defined as

N-1
o:=Inpx;) —Inpy) + Z ASpn

k=1
-1 p(x1)
=In

p(xn)

lﬁ P (Xiq1|xk, my) :| . @.4)
k

_1 POkl Xeq1, my)

We stress that this entropy production is not a stochastic relative entropy, so that its
ensemble average can be negative.

4.1.1 Stochastic Relative Entropy and Sagawa-Ueda Relation

We next consider the generalization of the second law for a feedback control. In the
case of a feedback control, the entropy production is not a stochastic relative entropy.

Let the stochastic mutual information between X and Y be i(X : Y) =
Inp(X,Y) — In p(X) — In p(Y). Its ensemble average gives the mutual informa-
tion I (X,Y) = (i(X : Y)). Here, we show that the sum of the entropy production
and the stochastic mutual information difference can be rewritten by the stochastic
relative entropy such as
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p(xp)pimylx) p(xalxy, my) - pxylxy—1,mp)
pxN)pmylxy)pp(xy—1lxy,my) - pp(xilx, my)
=dgL(p(x1, ..o xn.mDIpB(X1, ... XN, mp)). 4.5)

pe(x1,...,xy,my) = plxy)pmilxy)pp(xy—1lxy,m1) - pp(xylx2, mp).
(4.6)

o+i(x):my)—i(xy:mq):=In

The backward path probability pp satisfies the normalization of the probability:

> e, xnm) = > pley)plmilxn)

Xlseees XN,y XN,y

= 1. 4.7

From the identity Eq.(3.28) and the nonnegativity of the relative entropy (i.e.,
Dxy(p(xy1, ..., xy,m)||pp(x1,...,xy,my)) > 0), we have the identity and the
generalization of the second law:

(exp(—o + AQ)) =1, (4.8)
Ai i=i(xy :my) —i(xy :my), 4.9)
(o) = Al (4.10)
Al .= T(xy :my) — I(x; :my), “4.11)

which are known as the Sagawa—Ueda relations [10, 28]. The mutual information
difference A gives the bound of the ensemble average of the entropy production (o).
In general, the mutual information difference can be negative. The equality (o) = Al
holds if and only if the reversibility with a memory state, i.e., p(xy, ..., Xy, m;) =
pe(x1,...,xn,my),is achieved.

If the initial state p(x;) and the final state with a memory state p(xy|m) are in
equilibrium:

P(X1) = peq(x1)

= exp[B(F(1) = U, x1))], (4.12)
p(xnlmy) = peq(xnlmy)
=exp[B(F(N,my) —U(N, xylmy))], (4.13)

the Sagawa—Ueda relation is rewritten by the free energy and the work such as

(exp[=B(W(m1) — AF(my)) —i(xy :my)]) =1, (4.14)
BUW (m1)) — (AF(m))) = —1(x; 2 my), (4.15)

where the work W(m) is defined as W(m,) = (7! > Asgalh - U, x) —
U(N, xy|my)), and the free energy difference is given by AF (m;) := F(N,m;) —
F(1). The mutual information between the initial state x; and the memory state m
gives the bound of the apparent second law violation.
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4.1.2 Maxwell’s Demon Interpretation of Sagawa-Ueda
Relation

The Sagawa—Ueda relation describes trade off between information and thermody-
namic entropy. One of the essential applications of the Sagawa—Ueda relation is
the problem of Maxwell’s demon, which performs a feedback control to reduce the
entropy of the system.

Here, we introduce the Szilard engine, which is a minimal model of the Maxwell’s
demon discussed by Leo Szilard in 1929 [53], and an application of the Sagawa—Ueda
relation to the Szilard engine model. The Szilard engine is given by the following
five steps (see also Fig.4.1).

(i) At first, a single particle gas exists in a box with a volume V. The box is
attached to the heat bath with a temperature 7 = 1/(kg/3), and the probability of the
position of the particle is uniformly distributed. (ii) Next, the partition is added to
divide the box to two equal parts. x; denotes the state of the position of the particle
at this step (ii), and x; = L (x; = R) means that the particle is in the left-hand
(right-hand) side of the box. The probability p(x;) is given by

1
plxi=L)= 7 (4.16)
1
pxi=R) = 3 4.17)
() T (ii)
\% x1 =1L r1 =R
Measurement
\ p(milz1)
: 4 (iiD)
(iv)

) O .

> — [T ¢
q Feedback

Fig. 4.1 The schematic of the Szilard’s engine. Maxwell’s demon measure a state of the position
of a single particle xj, and performs feedback control using the measurement outcome mj. In a
cycle, Maxwell’s demon can extract the work from the heat bath attached to the box. That fact is
the apparent violation of the second law of thermodynamics
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(iii)) Maxwell’s demon performs a measurement of the position of the particle. In
general, the measurement outcome denoted as m; does not coincide with the real-
ization of the position of the particle because of the measurement error. Here, we
consider that a measurement error like the binary symmetric channel such as

pmy=Llx;=L)=pm =R|x; =R)=1-—c¢, (4.18)
pm; = R|x; =L)=p(m; =Llx;=R) =e. (4.19)

(iv) Depending on the measurement outcome m;, Maxwell’s demon quasi-statically
move the partition to expand the volume of a single particle gas. The work can be
extracted by this movement. (v) Finally, Maxwell’s demon reduce the partition and
wait for a long time to equilibrate the system,

In a cycle (i)—(v), we can extract the work at the step (iv). Nevertheless, the
free energy change from (i) to (v) is zero. The entropy production in this cycle
becomes negative. This apparent violation of the second law of thermodynamics
has been discussed by many researchers for a long time [52], although Leo Szilard
had mentioned the relationship between thermodynamic entropy and information
crucially and proactively in his original paper [53]. Here, we discuss this problem of
Maxwell’s demon from the viewpoint of the Sagawa—Ueda relation. The Sagawa—
Ueda relation gives a clear explanation of this Maxwell’s demon problem in terms
of the stochastic thermodynamics.

The extracted work Wey (m) := —W (m) at the step (iv) can be calculated using
the conventional thermodynamics. Let the position of the partition be A = [0, 1],
where A\ = 0 denotes the left edge of the box, A = 1/2 denotes the position at a step
(i), and A = 1 denotes the right edge of the box. The finial position of the partition
depends on the memory state m . The finial positions of the partition with memory
states m; = L and m; = R denotes \;, and Ag, correspondingly. The final volume
of the single particle gas depends on both the initial position of the particle and the
final position of the partition such as

Vin(xi =L, my =L) =V, (4.20)
Vin(xi = R,m; =L)=V(1 —Ap), 4.21)
Vin(x1 = L,m; = R) = V g, (4.22)
Vin(x1 = R,m; = R) = V(1 — Ag). (4.23)

In a quasi-static process, the pressure of a single particle gas is maximized in
any expansion of the volume, and is given by 1/(5V’) with the volume of a single
particle gas V'. The ensemble average of the extracted work is calculated as
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*Viin (x1,m1) o1
Wesln) = 3 plarom) | av
V)2

X1,mq BV/
=5 [g @A) + =S n2(1 = Ap) + Sin(l =20+ L-e ln(ZAL)}
<8 'In2+elne+(1—e)in(l—e)]. (4.24)

The equality holds if A\g = ¢, and A\, = 1 — ¢ are satisfied.

The free energy difference from the step (i) to the step (v) is zero, i.e., (A F (m;)) =
0. The mutual information between the initial state x; and the memory state is the
same as the mutual information of the binary symmetric channel Eq. (2.30):

I(x; :m;))=In2+elne+ (1 —e)In(l —e). (4.25)

Thus Eq. (4.24) becomes an example of the Sagawa—Ueda relation: G((W (m;)) —
(AF(myp)) = —1(x1 : my).

4.2 Comparison Between Sagawa—Ueda Relation
and the Second Law

Here, we compare the Sagawa—Ueda relation with the second law of thermodynamics.
If we consider the total system as a system X and a memory system M, the Sagawa—
Ueda relation can be considered as the second law of thermodynamics for the total
system X and M.

4.2.1 Total Entropy Production and Sagawa-Ueda Relation

Let us consider the Markovian dynamics of a system X and a memory system M,
p(Xs M) = p(xls ml)p(-x21 m2|x19 ml) o p(-xNv mN|xN7 mN)s (426)

where (X, M) = {(x1, my), --- , (xny, my)} denotes a trajectory of the total system
X and M. The entropy production of the total system oy, is defined as

X1, m Xk+1, M Xk, M
p(xy, my) +Zln D (Xkq1, My | X, my)

. 4.27)
pGen,my) S (X, milXig1, M)

oxMm ‘= In
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The entropy production oy, is a stochastic relative entropy

oxu = dgL(p(X. M)l |ps(X. M), (4.28)
N—1

pe(X. M) = pCay.my) [T paCoemilxer, mien), (4.29)
k=1

so that its ensemble average is nonnegative,
(oxm) = 0, (4.30)

which is the second law of thermodynamics for the total system. We assume that the
memory state M does not change in the dynamics such as

P Mgt | X1, My, x) = 6(my — myy1). (4.31)

The backward process is also assumed as
pB(my, Xilmyy1, Xip1) = 6(myg — myy1) pp (k[ Xr1, migr), (4.32)
where pp (xg|Xr+1, my+1) denotes the backward transition probability under the con-

dition of the memory state m . In case that memory state does not change, the
second law of thermodynamics for the total system can be rewritten as

pxn, my) = PBOk|Xkt1, MEt1)

(oxm) = Z p(X, M) {ln P m) + Zln IMH'W}
XM

= > pa)pmi|x1)p(ealxr, my)p(xalx, my =my) - p(xy|xn—1, my =my)

X,m
<l p(x1) +Zln P (Xy11Xk, my = my) i pxr,mp)p(xy)
pn) T Pk |Xper, M1 = ) pxn, my = my)p(xy)
= > p(X,m) lox +iCxr:my) =iy :mp)]
X,m
=(ox)+I(x1 :my) — I(xy :my) > 0. (4.33)

where p(X, my) = p(xy)p(my|x)) p(xa]xy, my) -+ - p(xy|xny—1, m1) and the entropy
production of the system X is defined as

p(x1) ZIH D (X1 Xk, myp = my)

. (4.34)
p(xy) — POk Xpg 1, My = my)

Ox = In

Thus, the second law of thermodynamics for the total system Eq.(4.30) repro-
duces the Sagawa—Ueda relation Eq. (4.33). This fact implies that Maxwell’s demon
problem does not indicate the violation of the second law of thermodynamics.
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To consider the dynamics of the system X and the memory M, the bound of
the entropy changes in heat bathes should not be the Shannon entropy change of
the system ASx := (In[p(x;)/p(xy)]), but be the total Shannon entropy change
ASxy = (n[p(x;,my)/p(xy,my)]). The difference between ASx, and ASy,
gives the mutual information difference

I(xl :m])—I(xN:ml)zASXM—ASx. (435)
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Chapter 5
Bayesian Networks and Causal Networks

Abstract This chapter presents a review of the causal networks (i.e., the Bayesian
networks) which is a probabilistic directed acyclic graphical model. In this thesis, we
use the causal networks to describe the complex nonequilibrium stochastic dynamics.
We show examples of the causal networks for several physical situations such as the
Markov chain, the feedback control and the coupled Langevin equations.

Keywords Bayesian networks - Causal networks

We next introduce the theory of a probabilistic directed acyclic graphical model well
known as Bayesian networks or causal networks [1-3]. In this thesis, we construct
an information thermodynamic theory on the Bayesian networks. Bayesian network
itself has a long history as early as 1963 [4]. Bayesian network had been developed
in 1980s [1, 5] in the context of causal modeling. By using the network, we can
automatically apply Bayes’ theorem to complex problems where random variables
interact with each other. In recent years, Bayesian network has been intensively
studied as a technique of the machine learning and pattern recognition [6]. The
Bayesian network is applicable in a wide range of fields, for example, computational
biology, document classification, image processing, risk analysis, financial marketing
and information retrieval.

5.1 Bayesian Networks

We here introduce the mathematical definition of Bayesian networks.

5.1.1 Directed Acyclic Graph

The Bayesian network is given by a directed acyclic graph. First we show the defini-
tion of a directed acyclic graph. Let G = (V, £) be a directed graph, where V denotes
a finite set of nodes (vertices) and £ C V x V denotes a set of edges (arcs). An element
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Fig. 5.1 An example of a
directed graph @ .

of £ is given by an ordered pair of nodes, which have a direction associated with it.
For example, we show a directed graph V = {a;, a», a3} and € = {(a;, az), (a1, a3)}
in Fig.5.1. If (aj,a;) € &€, we write a; — aj and say that a; is a child of a; and
ajisaparentofaj.

A directed graph is acyclic if there is no directed path a; — --- — a; with
aj = aj. For example, a directed graph V = {ay, a», az} and € = {(a;, a2), (a2, a3),
(as, ay)} is not acyclic, because there is a directed path a; — a, — a3 — ay.
Because of the acyclicity, we have the ordering such that a; cannot be a parent of
ay with j > j’. This ordering is called the fopological ordering (or topological
sorting). The topological ordering of a directed acyclic graph is not necessarily
unique. For instance, in the case of a directed acyclic graph V = {a,, a,, a3} and
& = {(a1, @), (a1, a3)} (Fig.5.1), we have two topological orderings a,, a», a; and
ap, asz, dp.

5.1.2 Bayesian Networks

We next define the Bayesian networks as a directed acyclic graph G = (V, £) (see
also Fig.5.2). Asetofnodes V = {ay, ..., ay,, } represents a set of random variables,
whereay, ..., ay, is atopological ordering. From the chain rule in probability theory
Eq. (2.8), we have

p(V) = playp(azlan) p(aslaz, ar) ... plan,lan, -1, - .., a1). (5.1

On Bayesian networks, anedge a; — a represents a statistical dependence between
aj and aj. Let a set of parents of a; be pa(a;). We have pa(a;) C an(a;), where
an(a;) := {ai1, ..., a;j_1} is called ancestors of a;. Statistical dependence between
variables are given by the local Markov property:

plajlan(a;)) = p(ajlpa(a;)). (5.2)
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Effect (Child)
plajlaj—1,...,a1) = plajlaj,ajm, ajm)

@ pa(a]) = {a/jlaaj”7a’j”/}

i>ii>5"i>3"

I
Cause (Parents) : :Node - Random variable
@ pa(a;) :

I

I

Fig. 5.2 A schematic of Bayesian network. The edge represents the causal relationship between
random variables (i.e., nodes). The transition probability p(aj|a;/, a;», a;~)is givenby the topology
(edges) of the network

The local Markov property indicates that a; and its ancestors an(a;) are conditionally
independent given events of its parents pa(a;), because from Eq. (5.2) we have the
following conditional independence,

plaj, an(aj)|pala;)) = p(ajlpa(a;))p(an(a;)|pa(a;)), (5.3)

where we used p(a;, an(a;)|pa(a;))/p(an(a;)|pa(a;)) = p(ajlan(a;)). From the
local Markov property Eq. (5.2), we have a chain rule for Bayesian networks:

Ny

pOV) =[] pa;lpata;)), (5.4)

j=1

where we used p(ai|pa(a;)) = p(a1|¥) = p(ay). [V denotes an empty set.] From
this chain rule Eq. (5.4), we also have p(an(a;;)) = Hj"=1 plajpa(a;)).

We also add that p(aj|pa(a;), V') = p(ajlpa(a;)) for any set V' C [an(a;)\
pa(a;)], where \ denotes the relative complement of two sets:

, Ly Plajpala;), V')
PP V) == pata. 1)

 2anta\ag,patap, vy P@N@G 1))

Dt ipatap. vy P@@;)

B [p(a;jlpa@aN X, o\ (a),paap ) H§;11 plajlpa(a;))]
X, @ IPa@ I e\t T P pata;)]
= p(ajlpa(a;)). (5.5)
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5.2 Causal Networks

Here, we introduce how the Bayesian network represents the causal relationship.

5.2.1 Causal Networks

Bayesian networks are often used to represent the causality [2]. In general, edges
on Bayesian networks need not represent the causal relationship. For example, we
consider a Bayesian network V = {ay, a», a3} and £ = {(a, az), (a2, a3)} (or equiv-
alently a; — a, — az). In the context of causality, we consider a; — a; as the
causal relationship from a; to a;. However, a mathematical definition of this causal
network is given by p(ay, a2, a3) = p(ay) p(azla;) p(as|ay). Using the fundamental
rule, we also get

plai, az, a3) = p(ay) p(azlar) p(aslaz)
plas, az)
plaz)
p(azlas)p(az)
p(az)
= p(az)p(az|as) p(ailaz). (5.6)

= p(ar, az)

= p(ailaz) p(az)

Therefore, a causal network a; — a, — a3 reproduces exactly the same chain
rule for a Bayesian network a; — a, — a;. To discuss causal relationships using
Bayesian networks, we explicitly add the causality between nodes.

J. Pearl [2] defined the causal Bayesian networks. In his definition of causal
Bayesian networks, a probability of V' under the condition of a constant a; = a
(a € aj) is given by

Prob, —s(V) = [ | p(ayIpa@;))la,=a- (5.7)
J'#J

which is known as the truncated factorization product. This definition indicates that
the relationships should be causal.

In a physical situation, the causal network can be obtained if the topological
ordering is taken as the time ordering. When the index j is in the time ordering,
the transition probability of the past variable p(a; |[pa(a;)) does not depend on the
realization of the future variable a; = a with j' < j, and Eq. (5.7) is satisfied. To
discuss the causality of the physical model using Bayesian networks, we might not
need to care about the precise definition of causal networks, but need to make sure
that the topological ordering should be the time ordering and that the conditional
probability p(a;/|pa(a;)) should be a transition probability of a physical model.
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Classical physical stochastic dynamics can be represented by causal networks in
general, because physical dynamics holds the causality. We next introduce how to
use causal networks for several physical situations.

5.2.2 Examples of Causal Networks

We show several examples of causal networks for physical situations.

5.2.2.1 Example 1: Markov Chain

We consider the Markov chain {x;|k = 1, ..., N}, where index k denotes the time.
The Markov chain is defined as

POkl xe—t1, ..., x1) = p(rlxe—1). (5.8)
Therefore, a causal network of the Markov chain is given by V = {x;, ..., xy} and
E = {(x1,x2), (x2,x3), ..., (xy—1,xn)}. We have pa(xy) = x;_; with & > 2 and

pa(x;) = ¥ (see also Fig.5.3).

Example 1 Example 2

A .

Fig. 5.3 Examples of causal networks. Example I Markov chain. Example 2 Feedback control with
a single measurement
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5.2.2.2 Example 2: Feedback Control with a Single Measurement

We next consider a system under feedback control with a single measurement. Let x;
be a state of a system X attime k (k =1, ..., N). Attime kK = 1, a measurement of
the state x|, which is initially distributed with a probability p(x), is performed, and
its outcome is preserved in a memory state m;. The measurement generally includes
the error and is given by the conditional probability p(m|x;). The outcome m is

used for the feedback control. The joint probability p(xi, ..., xy, m1) is given by
p(xt, ..., xy,my) = p(xy)p(mylxy) p(ez|xy, my) p(xslxa, my) - - p(xnlxn—1, mp).
(5.9)

Thus, a causal network of the feedback control is given by V = {x|, my, x, ...,
-xN} and & = {(-xlv -x2)s ('x27 x3)3 DR (-folv -xN)v ()C], ml)s (mh x2)7 ey (ml’ -xN)}'
We have pa(xy) = {m, xx—1} with k > 2, pa(x;) = ¥ and pa(m;) = x; (see also
Fig.5.3).

5.2.2.3 Example 3: Repeated Feedback Control with Multiple
Measurements

Here, we consider another version of feedback control. Let x; be a state of a system
X attime k (k =1, ..., N), and m; be a memory state corresponding to x;. At time
k, a state x; is measured by the memory state m; with the conditional probability
p(my|xi). The outcome m; can be used for the feedback control after time k + 1. The
time evolution of the system X from time k = 1 to N = 1 is given by the following
path-probability:

pxalxy, mp) p(x3|xa, my, mp) - - p(xn|Xy—1,my, ..., my_1). (5.10)
Therefore, a causal network of the repeated feedback control with multiple measure-
ment is given by V = {x;, my, xp, ma, ..., xy, my} and pa(xy) = {my, ..., m_q,
Xp—1} with k > 2, pa(x;) = ¥ and pa(my) = x; (see also Fig.5.4).
5.2.2.4 Example 4: Coupled Langevin Equations

The method of causal networks is applicable even for the stochastic differential
equations. We consider the following coupled Langevin equations:
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Example 3 Example 4

Fig. 5.4 Examples of causal networks. Example 3 Repeated feedback control with multiple mea-
surements. Example 4 Coupled Langevin equations

x(1) = fulx(®), y@) + &£ (@),
() = fy(x (@), () + & (@),
(€ () =0,
(&) =
(e = 2Tx5(t —1'),
(0 ) = 2T’5(t — 1),
) =

(O] (5.11)

where x(f) (y(¢)) denotes the state of system x (y) at time ¢, fy (f,) is any force
function of x (¢) and y(¢), £* (¢) (£7 (¢)) is a white Gaussian noise with zero mean and a
variance 27" (2T”). Noises £*(¢) and £” (¢) are independent such that (£* (£)&” (¢')) =
0, where (- - - ) denotes the ensemble average.

The stochastic differential equations (5.11) are mathematically defined as the
following discretizations:

Xeydr = X + fo (e, yo)dt +~2T*d By,
Vewdr = Yo + fy(xe, y)dt +~2TVd B], (5.12)
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where we define x; := x(t), X;+q; := x(t +dt), y; := y(¢) and y, 4 := y(t + dt)
with an infinitesimal time interval dt. d B, := ftt+dt dt&*(t)/~2T* = Byyar — B:

(dB] = ftHdt dr&¥(t)/v2TY = B,,, — B,) is given by a Wiener process B; (B;),
distributed as the normal distribution:

p(dB;) =

2
exp [_@] (5.13)

1
2rdt 2dt

Substituting Eq. (5.12) to (5.13), we have the Jacobian transformation of conditional
probabilities:

(Xrar — X0 — fo(xe, yo)di)?

P (Xrrarlxe, i) = Ny exp [— xl— 4ij:lt aRL ] , (5.14)
Orar — Yo — Sy, ydi)?

PVrgarlXe, Y1) = Ny exXp |:_ al t4Tyc;t ALl , (5.15)

where N, = (@nT*dt)~'/? Ny = (4nT?dt)~"/?] indicates the normalization
prefactor. The coupled dynamics from time ¢ to ¢ + dt is given by the condi-
tional probabilities Eq. (5.15). The distribution of (x;, y;) is generally correlated

[i.e., p(xs, ¥:) = p(xo)p(elx:) # p(x:)p(yy)]. Thus, the joint probability of the
coupled Langevin dynamics p(x;, Vs, Xi+dr, Yi+dr) 1S given by

DXt Yoy Xieqdrs Yivdr) = PO PYelx) pCrar| X5 Y0 P Yrgar | X5 Ye)- (5.16)

A causal network which represents the Langevin dynamics Eq. (5.16) is given
by V = {xi, Yo Xtds» Yevar}> Palx;) = ¥, pa(y)) = x;, pa(xi+ar) = {x;, y,} and
pa(yisar) = (¥, i) (see also Fig.5.4).
5.2.2.5 Example 5: Coupled Dynamics with a Time Delay

We note that the delayed dynamics can also be represented by a Bayesian network.
Here we consider the coupled dynamics with a time delay such that

PVi—ars X6, Vi, Xigdr) = PYViears Xt5 YOI P Xitar | X5 Yimars Yi)- (5.17)
In this dynamics, the time evolution from x; to x,44; does not depend on y,, but

depends on y;_a,, where A7 denotes the time delay. From the chain rule in probability
theory, we have

PYiear X6, Y1) = PYr—ar) Pt Yi—ar) PO Xes Yiear)- (5.18)
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Example 5

Ee

Example 6

Fig. 5.5 Examples of causal networks. Example 5 Coupled dynamics with a time delay. Example
6 Complex dynamics

Thus, the time evolution of the coupled dynamics with a time delay is given by
a causal network V = {yi—ar, X1, Yo, Xttdrs Yitar} PaA(yi—ar) = ¥, pa(x;) = yi—ar,

pa(y:) = {x:, Yi—ar}, Palxiyar) = {X1, Yi—ar} and pa(y;ra;) = {x:, y:} (see also
Fig.5.5).

5.2.2.6 Example 6: Complex Dynamics

We note that causal networks can generally represent the complex dynamics in
multiple fluctuating systems. The causal network in Fig.5.5 describes an exam-
ple of complex three-body interactions. The causal network is given by V =
{y1, x1, 21, X2, 22, Y2, X3, 23}, pa(y1) = ¥, pa(x;) = yi, pa(z1) = yi, pa(xz) =
{x1, z1}, pa(z2) = {x1, z1}, pa(y2) = {¥1, x2, 22}, pa(xs) = {x2, y2} and pa(z3) =
{z2, x2}, where x; (yx, zx) denotes the state of the system X (Y, Z) in the time order-
ing k. We note that time of the state x; is not same as one of y;. We assume that
the time ordering of states is given by the topological ordering of the causal network
Y1, X1, 21, X2, 22, Y2, X3, 3. The joint probability p()) is given by

p(V) = p)pxilyD)pzily) p(x2lxi, z1)
X p(z2lx1, z1) p(y21x2, 22, y1) p(x3]x2, y2) p(231X2, 22), (5.19)

which describes the path probability of this complex dynamics in multiple fluctuating
systems.
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Chapter 6
Information Thermodynamics on Causal
Networks

Abstract This chapter presents the information-thermodynamic theory based on
the causal networks, which is one of the main results in this thesis. Characterizing
the complex dynamics by the causal networks, we obtain the generalized second
law of thermodynamics with information flow which is applicable to quite a broad
class of dynamics. We show the fact that the entropy production of the subsystem is
generally bounded by the information flow from the subsystem to the outside world.
We also discuss the generalized second law of thermodynamics in the model of the
coupled chemical reaction.

Keywords Information thermodynamics - Causal networks

We here construct the general theory of the relationship between information and
stochastic thermodynamics. Characterizing complex nonequilibrium dynamics by
causal networks, we derive the generalized second law of thermodynamics with
information flow. This chapter is the refinement of our result [Ito S., & Sagawa T.,
Phys. Rev. Lett. 111, 180503 (2013)] [1].

6.1 Entropy on Causal Networks

6.1.1 Entropy Production on Causal Networks

First of all, we clarify how to introduce the entropy production on causal networks.
LetV = {ay, ..., ay,} be a set of nodes of causal network, where g, represents a
random variable. We here introduce a set of the random variables, which represents
the time evolution of the target system X = {x, ..., xy}. x; denotes the state of the
target system X at time k. X is a subset of V, i.e., X € V. We assume the following
properties of x; such that

xp-1 € pa(xy) (k' =k), (6.1)
xp—1 ¢ palx) (k" # k), (6.2)
© Springer Science+Business Media Singapore 2016 61
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with k& > 2. The former assumption indicates that the time evolution of the target
system X is characterized by the sequence of edges x; — x, — --- — xy. The
latter assumption corresponds to the Markov property of the physical dynamics. We
stress that the latter assumption does not prohibit the non-Markovian dynamics of VV
at all. Next, we define the other system as

C=f{cl,....cn} 1=V \ X. (6.3)

Because ¢; is an element of V, we can rewrite ¢; as ¢; = a;. We can introduce the
time ordering of ¢; from the topological ordering of V. We assume that I’ < [ with
j' < jifc¢ = ajand ¢y = aj. This assumption indicates that i, ..., cy is ordered
as the time ordering.

The probability of p(V) is given by the chain rule of the Bayesian networks
Eq. (5.4) such that

p(V) = p(X,C)
N N’
=[] puelpateo) [ | plerlpater). (6.4)
k=1 =1

The conditional probabilities H,iV:l p(xx|pa(xy)) represent the path-probability of
the target system X, and the conditional probabilities H;V: , p(cilpa(c;)) represent
the path probability of the other systems C.

We introduce a set of random variables By := pa(xi11) \ {xx}, which affect
the time evolution of the target system X from state x; to xx4; at time k (see also
Fig.6.1). By is a subset of the variables in the other system, i.e., By+1 S C. By
definition of B, the transition probability in X at time k is rewritten as

P(Xks11pa(xiy1)) = pXestlxk, Brsr), (6.5)

which indicates that, in the time evolution from state x; to xy, By+1 plays a role of
a set of external parameters (e.g., a memory in a feedback system). Thus, the entropy
change in heat baths at time k is given by

P Xkt |xk, Begr)
Pk Xkt1, Beg)'

Ast, =1n (6.6)

which is a modification of the detailed fluctuation theorem [e.g., Eq.(4.3)]. pp
describes the probability of the backward process. The definition of the backward
probability is given by pp(xlxisr. Bee) = pOgl —xg I, —xg.
B, =B, where x; (B},,) denotes an even function of the momentum, and
X, (Bi) denotes an odd function of the momentum. The entropy production ¢ in
the target system X from time k = 1 to k = N is defined as


http://dx.doi.org/10.1007/978-981-10-1664-6_5
http://dx.doi.org/10.1007/978-981-10-1664-6_4
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p(zry1|palzr)) = p(Trt1|zr, Brt1)

Time evolution

Other systems

(e.g., Memory)

Fig. 6.1 A schematic of X and By on causal networks. By represents a set of random variables
which can affects the time evolution in X from time k to k + 1

N-1

o:=Inp(x) —Inply) + Z Aspy
k=1

. [ px) ’ﬁ P %6, Besn) } _ 67

p(xn) iy PB(k|Xks1s Brer)

6.1.2 Examples of Entropy Production on Causal Networks

We here show that the definition of the entropy production o is well-defined in three
examples (i.e., the Markov chain, the feedback control with a single measurement,
and the coupled Langevin equations).

Example 1: Markov Chain

The causal network corresponding to the Markov chainis givenby V = {xy, ..., xy},
pa(xy) = x;,—; with k > 2, and pa(x;) = @ (see also Fig.6.2). We set X =
{x1,...,xy} and C = @, so that we have By, = pa(xr+1) \ {xx} = @. Thus,

the entropy production on causal networks Eq. (6.7) gives the entropy production for
the Markov chain Eq. (3.15):


http://dx.doi.org/10.1007/978-981-10-1664-6_3
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Example 1 :  Example 2 :  Example 3

(| A
@l
X

@
e

Fig. 6.2 Examples of X and C on causal networks. Example 1 Markov chain. Example 2 Feedback
control with a single measurement. Example 3 Coupled Langevin equations.

X . ¢

[p(xo H P ) } 6.8)

p(xn) PB(Xk|Xky1)

Example 2: Feedback control with a single measurement

The causal network corresponding to the system under feedback control with the
single measurement is given by V = {x|, my, x2, ..., xy}, pa(xx) = {my, x;—} with
k > 2,pa(x;) = @,andpa(m;) = x| (seealsoFig.6.2). Weset X = {x|,...,xy}and
C = {c; := my}, so that we have By = pa(xgs1) \ {xx} = {m} with k > 2. Thus,
the entropy production on causal networks Eq. (6.7) gives the entropy production for
a feedback control Eq. (4.4):

|:P(x1) H D (Xxg1]Xk, my) :| 6.9)

(xn) ) POk Xkqr, mi)

Example 3: Coupled Langevin equations
Here we discuss the following coupled Langevin equations


http://dx.doi.org/10.1007/978-981-10-1664-6_4
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() = fr(x(@), y@) + & (1),
() = fi(x (@), y(@) + £ (@),

(@) =0,
(&) =
(&) = 2T"6(t — 1),
(0 h) = 2Ty5(t — 1),
(e ) = (6.10)

where x; (y;) is a dynamical variable of the system X (Y). The corresponding
Bayesian Network is given by V = {x;, Vs, Xr4ar, Yr+ar}, pa(x;) = 0, pa(y;) = x;,

pa(x;1ar) = {x;, y;} and pa(yrrar) = {x;, y:} (see also Fig.6.2). The entropy pro-
duction on causal networks Eq. (6.7) gives

o= ln[ px)  pXgarlxe, yi) :| ’ 6.11)

P Xiar) PB(Xe|Xttdis Vi)
where weset X = {x; := x;, x := x4/ },C = {c1 := y1, 2 := yiya:},and B, = y;.

For the coupled Langevin dynamics, we can explicitly calculate the entropy change
in heat baths As{—!. The conditional probability p(x, 4 |x;, y,) is given by

Xrgar — X0 — fr(xy, yr)df)z
s = JVx - s 6.12
P (Xegarlxe, yi) = Ny exp |: AT~ dr ( )
and the backward probability pg(x;44/|x;, y;) is defined as
(X0 — Xitar — feoar, yo)di)?
PEGlXirar. y1) == N exp [— Lo 4fo o X . 613)

where we assume that x, and y, are even functions of the momentum. Up to the order
o(dt), the entropy change in heat baths As{7! is calculated as

D (XqarlXe, 1)

PB (Xt Xt vars Yi)

_ So@xr, yo) + feegears yo)
Tx

_ So G, o) + fxKivars Yevar)

T}C
_ (& (1) — x()) Ox(t)dt
T)C

k=1 ._
ASpan = 1n

(XH-dz —X1)

(Xi4dr — X1)

(6.14)

Here, (£*(t) — x(t)) o x(¢) is Sekimoto’s definition of the heat flow in the system
X for the Langevin equations [2]. We add that, up to the order o(d?), Asbath can be
rewritten as
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So@xr yo) + fxegars Yivar)

Asﬁ;hl = T~ (Xrtdr — 1)
—In P Xrgar|Xe, yi) ’ (6.15)
PB(Xt|Xetars Year)
where the backward probability is defined as
(e = Xigear — S Kipars )dt)?
P Xesdrs Yirar) == Ny exp [— L S A{Txdt;dt Jirds . (6.16)

This fact indicates that it does not matter whether we select the condition of the back-
ward probability y, or y, 4, if we discretize the dynamical variables with infinitesimal
time interval dz.

6.1.3 Transfer Entropy on Causal Networks

We here discuss the transfer entropy on causal networks. On causal networks, we have
two time series X = {x,...,xy} and C = {cy, ..., cy'}. The transfer entropy is a
measure of the causal dependence in the dynamics. Thus the most natural choice of
the transfer entropy from X to C depends on the set of parents pa(c;) in the transition
probability p(c;|pa(c;)).

The set of parents pa(c;) generally includes both elements of X and C. We
define the intersection of two sets X (C) and pa(c;) as pay(c;) := X N pa(c)
(pac(c;) = C N pa(c)), where N denotes the symbol of intersection. The set of
parents pa(c;) is rewritten as pa(c;) = {pay(c;), pac(c;)}, so that the transition prob-
ability p(c;|pa(c;)) is calculated as

plalpa(e)) = plalpay(cr), pac(cr))
= p(alpax(c), ¢i-1, ..., C1), (6.17)

where we used the property of the Bayesian network Eq.(5.5). In the transition
probability p(c;|pa(c;)), the set pay (c;) indicates the causal dependence of the target
system X in the dynamics from {c;,_i, ..., ¢} to ¢;. By comparing the transition
probability in C and that under the condition pay(c;), we introduce the transfer
entropy from X to C at/ such as

1L := (In p(erlpag(cr), i1y ... 1) —In p(erler_t, ... 1)
= (In p(c/lpalc;)) —In p(cilci—1, ..., c1)). (6.18)

This transfer entropy can be rewritten as the conditional mutual information

I = I(c; - pax(e)lci—y, ..., c1). (6.19)
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From the nonnegativity of the mutual information, we have I[lr > (O withequality ifand

only if p(c/lpay(c)), ci—1, ..., c1) = p(cilei—1, ..., c1) [or equivalently pay (c;) =
#]. We also define the stochastic transfer entropy i’ as

it = In p(cilpa(c))) — In p(eilcii, - .., ¢1). (6.20)

The sum of the transfer entropy >, Itlr is a quantity similar to the directed information
1P!, Eq.(2.25).

6.1.4 [Initial and Final Correlations on Causal Networks

We here define two types of mutual information which represent the initial and final
correlations between the target system X and the outside world C.

First, we define the initial correlation on causal networks. The initial state x;
is initially correlated to its parents pa(x;), because the state of x; is given by the
transition probability p(x;|pa(x;)). pa(x;) is the set of variables in outside world,
i.e., pa(x;) € C. A natural quantification of the initial correlation between X and C
is the mutual information between x; and its parents:

Lini := I (x1 : pa(xy)). (6.21)

From the nonnegativity of the mutual information, we have I;,; > 0 with the equality
satisfied if and only if p(x;|pa(x;)) = p(x;) [or equivalently pa(x;) = #].

Next, we define the final correlation on causal networks. The dynamics in the
target system X generally depends on the ancestors of the final state xy, an(xy). We
introduce the set C’ := an(xy) N C, which is the history of the outside world C that
can affect the finial state x». Thus, a natural quantification of the finial correlation
between X and C is given by the mutual information between xy and C’:

Iin = 1(xy : C). (6.22)
We also define the stochastic initial correlation and the stochastic final correlation as

Iini = 1(x1 : pa(xy))

p(xilpa(xy))
p PP

=1 6.23
p(x1) (623)

ifn i=1i(xy : C)
pen. €) (6.24)

= In I E———
p(xn)p(C)

respectively.
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6.2 Generalized Second Law on Causal Networks

We now state the main result of this thesis. In the foregoing setup, we have the
generalized second law for subsystem X in the presence of the other system C.

6.2.1 Relative Entropy and Generalized Second Law

Here, we define the key informational quantity ® characterized by the topology of
the causal network:

O =gy — i — Y if. (6.25)

l|C,EC’

This quantity ® indicates the total stochastic information flow from the target system
X to the outside world C’ in the dynamics from x; to xy, where ig, and i;;; mean the
boundary terms. Its ensemble average (®) gives the total information flow given by
the mutual information and the transfer entropy.

We show that the difference between the entropy production and the informational
quantity o — © can be rewritten as the stochastic relative entropy

p(x1) P Xk 11Xk, Bri1) plxn,C) p(xilpa(x;))
-0 = 1 1
i { pCev) H p3<xk|xk+l,6k+l>] " pGop@ T pe)

+ 3 m P(Czlpa(CI))

lioger plele—1, ..., c1)

. 122, paelpatxi) [T,ccr Pcilpalen)
15" P Goelxigt, Bir) plx, C)

=1In |: p(V) :|
T2 pe Gl Besn) pin. € Tl e Plrlpaten)
= dx. (pOV)|Ips(V)), (6.26)

where we define the backward path probability pg(V) as

N-1
psV) = [ | psCilxirs, B pen, €) [ plarlpaten). (6.27)
k=1 Ile,¢C’

The backward path probability satisfies the normalization of the probability such as
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N-1

> sV =D ] peCeelxesr, Bes)pen. C)
%

X,C" k=1

=D pn.C)

)CN,C/

=1. (6.28)

The definition of this backward path probability pg()) indicates that the condi-
tional probability in the target system X is given by the backward path proba-
bility (i.e., [To; P& |xxs1, Bis1)) and the conditional probability in the other
systems C is given by the probability distribution of the forward process (i.e.,
pxy,ChH H”C, ¢c p(ci/lpa(cy))). It implies that we consider the backward path only
for the target system X under the condition of stochastic variables C, where the
distribution of C is given by the distribution of a forward process p(V).

From the identity Eq. (3.28) and the nonnegativity of the stochastic relative entropy
Dk (pW)|Ipp(V)) > 0, we have the generalizations of the integral fluctuation
theorem and the second law of thermodynamics,

(exp(—o + ©)) = 1, (6.29)
(0) = Iin — i — > Iy (6.30)
lle g’

The equality in Eq.(6.30) holds if and only if a kind of reversibility p(V) =
pp(V) holds. Application of the generalized second law to specific problems is

Fig. 6.3 Schematic of the ( )
generalized second law on

causal networks. We C
consider two fluctuating

subsystems X and C. The X

entropy production of X is I fin
generally bounded by the
informational quantity (®) /
which includes the initial N C
correlation [, between X o 1

and C, the final correlation : 3
I, between them, and the

transfer entropy /iy from X

to C’ during the dynamics.
We can automatically

calculate the informational
quantity (®) using the \
graphical representation by

Soueal networks Lins \pa(flf 1)

~
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straightforward by using the expression of the causal networks (see also Fig.6.3).
We next show several applications to stochastic models.

6.2.2 Examples of Generalized Second Law on Causal
Networks

We here illustrate that the generalized integral fluctuation theorem Eq. (6.29) and the
generalized second law Eq. (6.30) can reproduce known nonequilibrium relations in
a unified way, and moreover can lead to novel results.

Example 1: Markov Chain

We consider the causal network corresponding to the Markov chain: V :=
{x1, ..., xn}, pa(xx) = {xx—1} with & > 2, and pa(x;) = @ (see also Fig.6.4).
We here set X = {x1,...,xy} and C = . We have ig, = 0, i;;; = 0 and ifr = 0.
From the generalized integral fluctuation theorem Eq. (6.29) and the generalized sec-
ond law Eq. (6.30), we reproduce the conventional integral fluctuation theorem Eqgs.
(3.29) and (3.31):

(exp(—0)) = 1, (6.31)
(o) = 0. (6.32)

Example 2: Feedback Control with a Single Measurement

We consider the causal network corresponding to the system under feedback control

with a single measurement : V := {x|, m, X2, ..., Xy}, pa(xz) = {x4—1, m;} with
k > 2, pa(m;) = {x}, and pa(x;) = @ (see also Fig.6.4). We here set X =
{x1,...,xy}and C = {m}. We have ig, = i (xy : m1), iijni = 0 and itlr =i(x; :my).

From the generalized integral fluctuation theorem Eq.(6.29) and the generalized
second law Eq. (6.30), we reproduce Sagawa—Ueda relations Eqgs. (4.8) and (4.10):

(expl—o +i(xy :my) —i(x; :mp)]) =1, (6.33)
(o) = I(xy :my) — I(x1 :my). (6.34)

Example 3: Repeated Feedback Control with Multiple Measurement

We consider the causal network corresponding to the system under feedback con-

trol with multiple measurements : V = {x, my, xo, ma, ..., Xy, my}, pa(xy) =
{xp—1, mp_1,...,m} withk > 2, pa(m;) = {x;}, and pa(x;) = ¢ (see also Fig.6.5).
We here set X = {x1,...,xy},C={my,...,my},and C' = {my,...,my_1}. We
have iﬁn = i(XN . {ml,...,mN_l}), iini = 0 and l'llr = i(xl : m1|m1_1, ...,ml).

From the generalized integral fluctuation theorem Eq.(6.29) and the generalized
second law Eq. (6.30), we have the following relations:


http://dx.doi.org/10.1007/978-981-10-1664-6_3
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Example 2

Example 1

X

Fig. 6.4 Examples of the generalized second law on causal networks. Example 1 Markov chain.
Example 2 Feedback control with a single measurement

N-1
<exp —o+i(xy:{my,....,my_1}) — Z i(xpcmylmp_y,...,my) >= 1, (6.35)
=1
N—1
(@) = TGy {mis.comy_1 ) — D TGq smylmy_y.....mp). (6.36)
I=1

On the other hand, Horowitz and Vaikuntanathan [3] have derived the information
thermodynamic equality in the case of the repeated feedback control such as

N-1
<€Xp |:—ﬂWd—Zi(X] :m1|m1_1,...,m1):|>= 1, (6.37)

=1

where [ is the inverse temperature of the heat bath, and W is the dissipated work
defined as BW,; 1= 3 1" Ak 410 peq(x1) —In peq(xy|my, ..., my_1) [peq indi-
cates the equilibrium distribution]. If the initial and final states of the system X are
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Example 4

X i

eg
QR D

Fig. 6.5 Examples of the generalized second law on causal networks. Example 3 Repeated feedback
control with multiple measurements. Example 4 Coupled Langevin equations

in thermal equilibrium, SW, is equivalent to o — ig, such that

N-1
BWa =D Asfyy + 10 peg(x1) — In pegxnlmy, ... my_1)
k=1
N-1
=D Astyn 10 peq(x1) = In peg(ey) — i ey < fmr, ... my_1)
k=1
=0 — g, (6.38)
where we use a thermal equilibrium condition, i.e., i(xy : {my,...,my_1}) =
In peq(xylmy, ..., my_1) — In peq(xy). Thus our general results Eqs. (6.29) and

(6.30) can reproduce the known result for the system under feedback control with
multiple measurements.

Example 4: Coupled Langevin Equations

We consider the causal network corresponding to the coupled Langevin equations
Eq.(6.10): V = {x/, ¥, Xtadrs Yivar}s PaCxkrar) = (X0, Y1} pa(year) = {x0, v}
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pa(x;) = @, and pa(y;) = {x;} (see also Fig.6.5). We here set X = {x| := x;, xp :=

Xitar}, and C=C={c = Vi €2 = Yitar}- We have igy = i(Xqar 2 {Y1, Yigar)),
i = 0, itlr =1i(x; : y), ifr = i(X; : Yrtary:). The informational quantity © is
calculated as

O =T (Xrqar < V> Yewar) — 1 2 Yegarly) — 1 2 yr)
=1 (Xrtar * AVes Yerard) — 1 2 {ye, Yevar})
=0(Xrgdr © Yiwdr) =1 0 Y0) + 0 gar @ Vel Yigar) = 1 2 Yigarlye).  (6.39)

From the generalized integral fluctuation theorem Eq. (6.29) and the generalized
second law Eq. (6.30), we have the following relations:

(exp[—0 +iCrrar : ey Verar) — i G 2 ey verarD]) = 1 (6.40)
(o) = I (Xpsar Ve Yevar}) — T 2 {yes Yevar}), (6.41)

or equivalently,

(exp[—0 +iCertar = Yepar) — G 2 ye) +iar = VelVerar) — iGr 2 yegarlyo)]) = 1,

(6.42)
(o) = I(Xetdr = Yetrdr) — L 2 y0) + L Kpgear = VelVerar) — Lt 2 Yegar|ye)-
(6.43)
Equation (6.14) gives the entropy production o as
i (t)dt

o= 1= +Inp(x) —In plrisa) (6.4)
JH0) = () = &) 0 x(D). (6.45)

The generalized second law Eq. (6.30) can be rewritten as

(j*@))dt

— o Sy (1) = LG ylyea) = 10 Yisaly), (646)

where d Sy, (¢) := (In p(x;|y;) —In p(X/44:|Yi+a4:)) is the Shannon entropy difference
of the system X under the condition of the system Y. The equality holds if and only
if the local reversibility

PXitar| Xy YO PYigear1Xe, Y p (e, ye)
= pp(Xe|Xiqars Yira) PO |Xesars Yirar) PKXegars Yetar) (6.47)

holds.

In a stationary state, we have p((xX/4+qs @ Yi+ar) = p(x; : ¥;), and the Shannon
entropy vanishes, i.e., d Sy, (t) = 0. Even in a stationary state, the transfer entropy
from X to Y, I(x; : Yiyarlyr), and the term I (X;4q: @ V¢|Vr4qr) still remain. We
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here call I(x;4q: : Yi|Vi+a:) the “backward transfer entropy”, which indicates the
conditional mutual information under the condition of the future variables. From
the nonnegativity of the conditional mutual information, the transfer entropy 7 (x; :
Yetar|yr) gives an upper bound of the stationary entropy reduction in the target system
X and the backward transfer entropy I (x;14; : ¥;|Vi+a:) gives a lower bound of the
stationary dissipation in the target system X. Thus, for the coupled dynamics, the
information flow defined as the transfer entropy and backward transfer entropy from
the target system to the outside world, gives a bound of the stationary heat flow
(j* (1)) in the target system.

Example 5: Coupled Dynamics with a Time Delay

We here consider the causal network given in Fig.6.6: V =
{Vi—ars X6, o5 Xipdis Yitar}> PAXkgar) = (X1, Yi—ar), Pa(Vigar) = {x:, ¥}, pa(x;)
{Vi-arhk PAQY) = {yi—ar, X} and pa(y,—a;) = 0. We set X = {x; 1= x;, xp :=
Xepar), and C = C' = {c1 = yi—ar, €2 1= Y, €3 = Yigar}). We have iy = i(x; :
Yiear)s ifin = iXegar = {Viears Yoo Yegar))s i = 0, ig = i(x; @ yi|yi—ar), and
iﬁ_ = i(X; : Yrtar|Ye» Yi—ar). In this case, the informational quantity ® is calculated
as

Example 5 Example 6

Iﬁn

Lini

Cl

Fig. 6.6 Examples of the generalized second law on causal networks. Example 5 Coupled dynamics
with a time delay. Example 6 Complex dynamics

\ z_J
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O = i(Xrtdr  A\Ve—ars Yoo Yedr}) — 1t 2 Ye—ar) — 806 2 el Ve—ar) — i(Xr 2 Yede| Ve, Ye—ar)
=i (Xrtdr 2 {Vi—Ars Yoo Yedr}) — 1O 2 {Ve—Ars Yoo Yetde D) (6‘48)

From the generalized integral fluctuation theorem Eq.(6.29) and the generalized
second law Eq. (6.30), we have the following relations:

(exp [_U + i (par 2 {Yi—ars Yoo Yevar}) — 10 2 {Ve—ars i, yt+dt})]> =1, (6.49)

(o) =1 (Xiqar  AVi—ar> Yoo Yivar) — T 2 {Yi—ars Vi, Yigar})
=1 (Xrqar  {Ves Yigar}) — T 2 {ye, Year})
+ I (Xitar 2 YiearlYes Yevar) — L 2 Yeear|Yes Yitar)- (6.50)

The crucial difference between this model and the coupled Langevin equations
[Example 4], is the dependence of the time delayed variable y,_a.. In the case
of the time delayed dynamics, the mutual information difference I (x;tq;
{Vi—ars Yis Yevar}) — L(x 2 {Yi—ar, Y1, Yr+ar}), Which gives a bound of the entropy
production, includes the variable y,_A,. Equation (6.50) gives the effect of the time
delay for the entropy production in X as the difference I (x;1qr : Yi—ar|Yt, Virar) —
T(xX 2 Yimar|Yes Yigdo)-

Example 6: Complex Dynamics

We here consider the causal network corresponding to complex dynamics given in
Fig.6.6: V 1= {y1, x1, 21, X2, 22, y2, X3, 23}, pa(y1) = ¥, pa(x1) = y1, pa(z1) = y1,
pa(x2) = {x1, z1}, pa(z2) = {x1, 21}, pa(y2) = {y1, x2, 22}, pa(x3) = {x2, y»} and
pa(z3) = {z2, x2}. Weset X = {x1, x2, x3}, C = {c1 == y1, 2 1= 21, 63 1= 22, €4 1=
y2,¢s = z3}, and C" = {y1, z1, 22, y2}. We have iy = i(x1 @ 1), ifn = i(x3 :
1,21, 22, yaD)s i = 0,i2 = 0,03 = i(xy : 22ly1, z1), and it = i (x2 : yaly1, 21, 22)-
From the generalized integral fluctuation theorem Eq.(6.29) and the generalized
second law Eq. (6.30), we have the following relations:

(exp(—0o + ©)) =1, (6.51)
© =i(x3:{y1, 21,22, y2) —i(xy 1 yp) —i(xq 2 220y1, 21) — G2 y2ly1s 215 22),
(6.52)
(o) = IT(x3: {y1, 21,22, y21) — I (xp 2 y1) — L(xq @ 220y1, 21) — T (22 2 »2ly1s 215 22)-
(6.53)

6.2.3 Coupled Chemical Reaction Model with Time-Delayed
Feedback Loop

We here discuss an application of our general result to coupled chemical reaction
systems with a time-delayed feedback loop. The model is characterized by a feedback
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loop between two systems: output system O and memory system M. We assume that
each of O and M has a binary state described by O or 1. The model is driven by the
following master equation:

d
E”g (t) = —wi, (O py @) + wio@) py (), (6.54)
d
Epf‘ (1) = —wyOp @) +wi () pY (@). (6.55)

where pi (1) (p{) is the probability of the state 0 (1) with X = O, M at time 7. The
normalization of the probability is satisfied, i.e., p())‘ (1) + pf‘ (1) = 1. The transition
rate of a chemical reaction wff i (i’, j/ =0, 1) is given by

1
wir ;= — expl=pX (D}, — FX (1)), (6.56)
! T

where 7% is a time constant of the system X, 3% is the inverse temperature of a heat

bath coupled to the system X, FX (¢) is the effective free energy of the state i’ at time
t, and D}, is the barrier of X between states i’ and j' that satisfies D), = D%,
This transition rate is well-established in chemical reaction models [2].

Here we consider the feedback loop between O and X (see also Fig.6.7). We
introduce the random variables (o;, 02, m, m,), where o, is the state of O at time
t, 05 is the state of O at time r + At, m; is the state of M at time r — At/, and m,

t+ At
02
— FP.
<y t+ At — A
output O] [memory M ] H : mo
~_ Fy —
time-delayed = o1~ Iy
time-delayed _AY
mi
output O memory M

Fig. 6.7 Schematic of the coupled chemical reaction model with a time-delayed feedback loop.
The previous states of O and M determine the effective free energy landscapes F© or FM. A
blue directed arrow indicates the effect of time-delayed feedback loop. This time-delayed effect is
introduced by m-dependence of F¢
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Fig. 6.8 The causal network
corresponding to the coupled
chemical reaction model
with a time-delayed
feedback loop

is the state of M at time ¢ + At — Ar’ with At > At’. The feedback loop between
O and X is described by the dependence of o, and my in the effective free energy
F lf‘ (t). From time ¢ to t + At, the effective free energy F #0 (t) depends on m; and
my, where m-dependence indicates the effect of a time-delayed feedback control.
Fi/o (m1, my) denotes the effective free energy of the state i’ in O under the condition
of (my, my). From time t — At’ to t + At — At’, the effective free energy Flf”(t)
depends on 01. F}¥ (o) denotes the effective free energy of the state i’ in M under
the condition of o;. The joint probability distribution of this model is given by

p(my, 01,my, 02) = p(my, o) p(malog, my) p(ozloy, my, ms). (6.57)

The chain rule p(m;, 01) = p(m;)p(o1|m)gives the causal network corresponding
to this model as V = {m, 01, ma, 02}, pa(02) = {o1, m1, my}, pa(mz) = {01, m1},
pa(o) = {m}, and pa(m;) = ¥ (see also Fig.6.8).

Information Thermodynamics in the Memory System M

We next treat the output system O as the target system X. If we set M = {x| :=
my, x3 := my}, C = {c] := 01, ¢z := 02}, and C’ = {01}, the entropy change Aséjhl
in a heat bath attached to the system M is given by

p(ma|my, 01)

AskEl = p 2277
bath pe(mi|ma, 01)’

(6.58)

where we used B, = pa(m;) \ {m} = {01}, and the backward probability is defined
as pg(my = i'lmy = j',01) :== p(my = i'lm; = j’,0,). From time r — At to
t + At — At’, the master equation of the system M can be rewritten as

d
Epé”(t) = —[wp) (01) + wily oDy (1) + wily(o1), (6.59)

wil 1/ (o1) = iM exp[—5Y (D], = F (o)), (6.60)
T
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and we get the solution of Eq. (6.59) as

Py’ (t + At — Ar') = pgleg (01) + (py' (t = At') = pglyg(01)) exp[—w™ (01) At],
(6.61)

Pl + At — A =1 = pll(t + At — AY), (6.62)

where wM (01) := wé‘f’l (01) + w{‘fo(ol), and pgfeq(ol) is an equilibrium distribution
of the state 0 in M under the condition of 0; defined as

exp[—BY Fy (01)]
exp[—GM Fy' (01)] 4 exp[— Y F* (01)]

Plleq(01) = (6.63)

Substituting p{)"’ (t) = 0, 1 into the solutions of Egs. (6.61) and (6.62), we have the
conditional probability p(m;|my, o1):

plmy = 0lm; = 0,01) = pgleg(01) + (1 = pgley(01)) expl—w™ (01) A],  (6.64)
plmy =0lmy =1,01) = pyleg(01) — pleg(01) expl—w" (01) At], (6.65)
plmy=1lm; =i',01) =1 — p(my =0lm; =i’, 01). (6.66)

From Egs. (6.64), (6.65) and (6.66), we have

p(ma|my, 01)
pp(mi|ms, 01)
0 (my =my)
= 1 In[1 = pglyy(o0)] = In pgle (o) (my =0,my = 1)
In pg’,,(01) = In[1 = pg’ ()] (my = 1,my = 0)
= —MAFM, (6.67)

k=1 _
ASpan = In

where AFM is the effective free energy difference defined as AFM := F)(0;) —
F,,‘l)l (01). The entropy change in a heat bath gives the effective free energy difference
in the memory system M.

On the causal network corresponding to this model, we have ig, = i(m; : 0),
imi = 0,and itlr =1i(m; : 01) (seealsoFig. 6.9). Informational quantity ® is calculated

as

0= i(M2 . 01) —i(m1 Z01)

=In p(m1) — In p(m2) +In p(m2, 01) — In p(my, 01). (6.68)
From the generalized second law Eq. (6.30), we have the following relation

(o) = 1I(my :01) — I(my :01), (6.69)
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Fig. 6.9 The generalized
second law in M on the C

causal network
corresponding to the coupled
chemical reaction model

with a time-delayed
feedback loop

or equivalently
—(B"AFM) > (In p(my, 01)) — (In p(my, 01)). (6.70)

This result is equivalent to the Sagawa-Ueda relation, which is valid for a system
under the feedback control. A bound of the effective free energy difference (A F™)
is given by the two-body Shannon entropy difference.

Information Thermodynamics in the Qutput System O

We next treat the output system O as the target system X. If we set X = {x; =
01, % := 0y} and C = C' = {c; := my, ¢3 := m»}, the entropy change As{! ina
heat bath attached to the system O is given by

p(ozlor, my, my)
pr(01]02, my, my)’

Asgan =1In 6.71)

where we used B, = pa(xy) \ {x1} = {m, my}, and the backward probability is
defined as pg(oy = i'lo, = j',m,my) := p(o; = i'loy = j',my, my). To obtain
the analytical expression of Asgalh, we here calculate the conditional probability
p(oz]loy, my, my). From time ¢ to ¢t + At, the master equation of the system O can
be rewritten as

d
Epoo(r) = —[w  (my, ma) +wo(m1, m)1pd (1) + wlo(mi, ma), (6.72)

1
w? ;i (my, my) = e exp[—B2(DY, — F (my, my))], (6.73)
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and we get the solution of Eq.(6.72) as

g (& + At) = pglo (mi, ma) + (pg (1) = pgeg(m1, ma)) expl—w (my, my) At],
(6.74)

P2t + A1) =1—pdt+ Ar), (6.75)

where w? (my, my) = wf (m1, my) + wy(my, my), and p(‘)?eq(ml, m») is an equi-
librium distribution of the state O in O under the condition of (m, m;) defined as

_ expl—(39 Fy (m1, mo)]
exp[—BO2 FP (my1, my)] + expl—BO F2 (my, my)]

Pl (my. my) : (6.76)

Substituting pOO (t) = 0, 1 into the solutions of Eqgs. (6.74) and (6.75), we have the
conditional probability p(oz|oy, my, my):

p(o2 =0loy =0, my, mp) = pé),eq(mu my) + (1 - poo_eq(m1, mz)) exp [—wO(ml, mz)At]
(6.77)
plor =0loy = 1,my, my) = pgeq(ml,mz) — pgeq(ml,mz)exp [—wg(ml, mz)At] (6.78)

plor =1loy =i',my,my) =1— p(oy =00y =i’,my, m7). (6.79)
From Egs. (6.77)—(6.79), we have

p(ozlor, my, my)

pe(o1]oa, my, ms)

0 (01 = 02)

= 1 In[1 — pg. (m1,mz)] —In pg. (my, m3) (01 = 0,0, = 1)
In p§eg(m1, ma) = In[1 = pgey(mi, ma)] (01 = 1,05 = 0)

— _BOAFO, (6.80)

k=1 _
ASpyn = In

Fig. 6.10 The generalized
second law in O on the
causal network
corresponding to the coupled
chemical reaction model
with a time-delayed
feedback loop
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where A F© is the effective free energy difference definedas AF© := F2 (my, m;)—
Fo? (my, my). The entropy change in a heat bath gives the effective free energy dif-
ference in the output system O.

On the causal network corresponding to this model, we have ig, = i (0y:{m, m»}),
lini = i(01 : my), itlr = 0and ifr = i(o1 : my|m,) (see also Fig.6.10). Informational
quantity ® is calculated as

O =i(0y: {my,ma}) —i(o) : my) —i(or : my|my)
=i(02 : {my1,ma}) —i(o1 : {m1, ma})

=1Inp(o1) —1In p(02) + 1n p(02, m1, mz) —In p(o1, my, my) (6.81)
From the generalized second law Eq. (6.30), we have the following relation
—(B°AF?) > (In p(02, m1, my)) — (In p(oy, my, my)). (6.82)

The right hand side of Eq.(6.82) is the change in the three-body Shannon entropy,
not in the two-body Shannon entropy. This three-body Shannon entropy includes
the states of different times m; and m,. This is a crucial difference between the
conventional thermodynamics and our general result. Our general result is applicable
to non-Markovian dynamics such as the time-delayed feedback loop, where the

1 10
0.9
C”’ 0.7
— 06
£ o5 0.1
& 04
0.3
0.01
0.2
0.1
0 0.001
0 01 02 03 04 05 06 07 08 09 1
p(o1 =0)
Fig. 6.11 Numerical illustration of the nonnegativity of (o) — (®) = —(B9AF9) +

(In p(o1,my,mp)) — (In p(o2, m1, m>)). We here assume that o; and m; are independent, i.e.,
plo1,my) = p(o1)p(my). We set the parameters as follows: Ar = 0.5, ﬁo = ﬂo = 0.01,
70 =M =0.001, DS, = D} =100, F{(x1 = 0) = FM (x; = 1) = 100, FM (x; = 0) = 10,
FM(x; = 1) =30, FO(m1 = 0,mp = 0) = FC(my = 1,my = 0) = FO(my = 0,my =
D =F2m =1,my =1) =100, F(m; = 0,my = 0) = 30, F (m; = 1,my = 0) = 10,
FP(mi =0,my =1)=20,and F(mi = 1,my=1)=5
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conventional second law is not valid. In our general result, the Shannon entropy
includes the state of different times plays a important role of the generalized second
law for non-Markovian dynamics.

Here we numerically illustrate the validity of Eq. (6.82) in Fig. 6.11. In this model,
the equilibrium distribution is numerically calculated as pgeq (m;y =0,my =0) =
0.332, p(‘)?eq(ml =0,m, = 1) = 0.310, pgeq(ml = 1,mp = 0) = 0.289, and
pgeq(ml = 1,m, = 0) = 0.278. We note that the value of () — (®) in Fig.6.11
is close to 0 when the initial states are close to the equilibrium distribution of the
output system, which is similar to the probability pgeq (my, my).
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Chapter 7
Application to Biochemical Signal
Transduction

Abstract This chapter presents the application of the information-thermodynamic
theory based on the causal networks to the biochemical signal transduction. We dis-
cuss the role of thermodynamics of information processing in sensory adaptation
such as the E. coli chemotaxis. We theoretically shows that the robustness of adap-
tation is thermodynamically bounded by the information flow inside the cell. We
discuss the similarity and the difference between our thermodynamic result and the
noisy-channel coding theorem in the classical information theory. We also numer-
ically shows that the signal transduction of E. coli chemotaxis is efficient as an
information-thermodynamic engine.

Keywords Signal transduction + Information thermodynamics

In Chap. 6, we showed that our general theory of information thermodynamics on
causal networks is applicable to a broad class of nonequilibrium dynamics, such
as a feedback controlled system, coupled Brownian particles and a chemical model
with time-delayed feedback control. In this chapter, we discuss an application of
our general result to a biochemical signal transduction, and show that information
thermodynamic inequality reveals the fundamental limit of the robustness of signal
transduction against environmental fluctuations. Our information-thermodynamic
approach is applicable to biochemical communication inside cells, where there is
not any explicit channel coding in contrast to the case of artificial communication,
i.e., the noisy-channel coding theorem. This chapter is the refinement of our paper
[Ito S., and Sagawa T., Nature Communications. 6, 7498 (2015).] [1].

7.1 Biochemical Signal Transduction

A biochemical signal transduction in living cells is vital to maintain life itself, where
the information transmission in a highly noisy environment plays a significant role
[2, 3]. For example, the ligand activates the receptor on the cell surface, and the
ligand binding triggers the biochemical reaction inside the cell to create the response.

© Springer Science+Business Media Singapore 2016 83
S. Ito, Information Thermodynamics on Causal Networks and its Application

to Biochemical Signal Transduction, Springer Theses,

DOI 10.1007/978-981-10-1664-6_7


http://dx.doi.org/10.1007/978-981-10-1664-6_6

84 7 Application to Biochemical Signal Transduction

Fig. 7.1 The main .
components of sensory - . /-
adaptation are the ligand [ Kinase activity a,] [ Memory m]

input /, the kinase activity a /
and the memory m. The

negative feedback loop is in

aand m

[Ligand input l]

Here we discuss the sensory adaptation, which is achieved by a biochemical signal
transduction with a negative feedback loop [4].

7.1.1 Sensory Adaptation

Sensory adaptation is an example of the biochemical signal transduction which
responds to the stimulus change (e.g., a bacterial chemotaxis, an osmotic sens-
ing in yeast, an olfactory sensing in mammalian neurons, and a light sensing in
mammalian neurons) [5]. To become suited to the stimulus change, a negative feed-
back loop plays a crucial role. For example, a bacterial chemotaxis is a simple model
organism for sensory adaptation [6], where the concentration of the kinase activ-
ity does not depend on the current concentration of the ligand, but depends on the
change of the ligand density. Kinase activity activates a flagellar motor to move
bacteria toward a direction of the higher ligand density. To detect the change of the
ligand density, the current concentration of the ligand is stored in the memory degree
of freedom, and a negative feedback is achieved between the memory and the kinase
activity. Thus, the various types of adaptive signal transductions characterizes three
components, i.e., the ligand input /, the kinase activity a and the memory m [see also
Fig.7.1].

‘We here show the case of E. coli (Escherichia coli) bacterial chemotaxis in Fig.7.2.
The methylation level of the receptor play arole of the memory degree of the freedom
m, and restrict the ligand signal / towards the kinase activity a.

7.1.2  Mutual Information in Biochemical Signal
Transduction

Biochemical signaling networks can be highly noisy [7, 8]. To understand the
information transmission in noisy environment, the mutual information is a nat-
ural measure of information transmission. To address the question how information
is transmitted correctly in the presence of noisy biological environment, the mutual
information in biochemical signaling networks has been studied theoretically and
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Chemotaxis

Ligand [

©®  ReceptorsKinase activity Flagellar motor
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—) . Negative feedback loop

Fig. 7.2 Schematic of the E. coli bacterial chemotaxis

Achievable information rate

(Accuracy of information transmission against noise) R

_>' Input a -’ Encoder Decoder —’lﬂput Mt dt
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1 ]
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Fig.7.3 The noisy channel coding theorem in a feedback loop. The transfer entropy I (a; : m;yq¢|m;)
is related to the achievable information rate R in case of a feedback loop

experimentally. Since the transfer entropy is the conditional mutual information
under the condition of the past value, it gives the channel capacity in an artificial
communication channel with a feedback loop [see also Fig.7.3]. However, as there
is no channel coding inside living cells, the role of the transfer entropy in biological
communication is still unclear.

7.2 Information Thermodynamics in Biochemical Signal
Transduction

We here apply our general theory of information thermodynamics for the biochemical
signal transduction. To discuss the information-thermodynamic effect in biochemical
signal transduction, we analyze the coupled Langevin model of sensory adaptation.
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7.2.1 Coupled Langevin Model of Sensory Adaptation

Let a, be the kinase activity at time ¢, m, be the memory degree of freedom (e.g., the
methylation level of the receptor in E. coli bacterial chemotaxis) at time ¢, and [, be
the ligand signal at time ¢. The model of adaptive signal transduction is given by the
following coupled Langevin equations [5, 9, 10]:

, 1 _
4 = _F[a,—a,(m,,lt)]JrE?, (7.1)
. 1 m
my = _T_mat + & 72)

where g, is the stationary value of the kinase activity under the instantaneous values
of the memory m, and the ligand signal /; at time . £ (x = a, m) is the white Gaussian
noise at time f with () = 0 and (ffﬁf,/) = 2T6,w0(t—1'). T describes the intensity
of the environmental noise at time ¢, which is not necessarily thermal inside cells.
The time constants satisfy 7" > 7¢ > 0, which implies that the relaxation of a to a,
is much faster than that of m.

In the case of E. coli chemotaxis, the stationary value of the kinase activity
a;(my, ;) is given by the Monod—Wyman—Changeux allosteric model, which
describes the effects of the receptor cooperativity on kinase activity. The Monod—
Wyman—Changeux allosteric model [2] is given by the equilibrium distribution of
the receptor such as

exp[—AF(my, I;)]
1 + exp[—AF(my, [,)]’

(7.3)

a;(my, l;) =

where AF is the free energy difference between the active and inactive state of the
receptor. The free energy difference AF (my, [;) is given by

1+14/K;

AF(my, l;) = NF,,(m — Nln ————,
(my, 1) (m—my) + nl—i-l;/KA

(7.4)

where N is the number of coupled receptor dimers, F,, is a linear constant of free
energy of the methylation level, m is the methylation value in zero ligand binding,
K; is the dissociation constant corresponding to the inactive state of the receptor, and
K, is the dissociation constant corresponding to the active state of the receptor. In
the case of E. coli chemotaxis, the dissociation constants satisfy K4 >> K;. When the
stimulus variation of the ligand is within the most sensitive regime of the sensory
system (i.e., K4 > [, > Kj), we can approximate a, as

a(my, 1) = cummy — ayl, (7.5)
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t ~ Ta' t|me

Fig. 7.4 Typical dynamics of adaptation with the ensemble average. Suppose that /; changes as a
step function (red solid line). Then, a, suddenly responds (green solid line), followed by the gradual
response of my (blue solid line). The adaptation is achieved by the relaxation of a; to a; (orange
dashed line). The methylation level m; gradually changes to a;(m;, 1) = 0 (blue dashed line)

by linearizing it around the steady-state value. Because the ligand signal /; only
appears in the stochastic differential equation of a,, the noise intensity 7' character-
izes the ligand fluctuations.

Here we explain the mechanism of sensory adaptation using the coupled Langevin
model Egs. (7.1) and (7.2) [see also Fig. 7.4]. Suppose that the system is initially in a
stationary state with a, = a,(m,, 0) = 0 at time ¢ < 0, and /, suddenly changes from
Oto 1 attime r = 0 as a step function. Then, a, rapidly equilibrates to a, (m,, 1) so that
the difference a, — a, becomes small. Next, m, gradually changes to a,(m,, 1) = 0
so that a, returns to 0, where a;, — a, remains small.

7.2.2 Information Thermodynamics and Robustness
of Adaptation

We now consider the generalized second law of information thermodynamics for
coupled Langevin equations Egs. (7.1) and (7.2), which can be obtained from Eq.
(6.46):

Ja
dI' — dIP" + dsi" > . (7.6)

t
where dI" is the transfer entropy defined as dI" := I(a, : myq|my), dItBtr is the
transfer entropy defined as d]tBtr = I(Qqr @ M\Myyqr), dS; " is the conditional

Shannon entropy change defined as dS™™ = (In p(a,|m;,)) — (In p(assaf|Misar)), and


http://dx.doi.org/10.1007/978-981-10-1664-6_6

88 7 Application to Biochemical Signal Transduction

Ji is defined as J;' := (a o [§' — a,]). In the case of the coupled Brownian particles,
J{ corresponds to the heat absorption in a. Since the environmental noise is not
necessarily thermal in the present situation, J; is not exactly the same as the heat
absorption. To clarify the role of the transfer entropy dI}", we consider the weaker
bound of J; as

J(l
adt < dI}f — AP + asi"

t
t
<dI" +ds™™, (7.7)

where we used the nonnegativity of the conditional mutual information dI®™ > 0.
In a stationary state, the conditional Shannon entropy change vanishes (i.c., dS“"™),
and thus the transfer entropy gives the upper bound of J{ in a stationary state, i.e.,
drr > (Jed)/T?.

Here we discuss the biophysical meaning of the quantity J;. The quantity J;' can
be rewritten by the violation of the fluctuation-dissipation theorem as

J,a = <[€? —a] o a)

1 _ . 1 _
= ([a,—a,]0§)——a((a,—a,))
T T
1 9 1 _
=— |1, — (@ —a)’) |, (7.8)
T T

where we used the relation of the Stratonovich integral (g(a,,m;, ;) o &) =
T7(0q4g(a;, my, I;)) for any function g. This quantity represents the difference
between the intensity of the ligand noise 7;' and the mean square error of the degree
of the signal transduction ((a, — a,)?). Thus, the quantity J¢ characterizes the robust-
ness of adaptation against environmental noise. The larger J¢ is, the more robust the
signal transduction is against the environmental noise.

To clarify the central idea of our study, we focus on the case of stationary state.
If there was no feedback between a and m, information thermodynamics Eq. (7.7)
would reduce to

((a, — a)?)y > T°T7, (7.9)

which, as naturally expected, implies that the fluctuation of the signal transduction
is bounded by the intensity of the environmental noise. In contrast, in the presence
of a feedback loop, information thermodynamics Eq. (7.7) indicates that ((a, — a)?)
can be smaller than 7T, owing to the transfer entropy dI" in the feedback loop,

dllr
((a; —a)?*) > T [1 — d—;r“] . (7.10)
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Fig. 7.5 Maxwell’s demon in E. coli chemotaxis. From the viewpoint of thermodynamics, the
methylation level m plays a similar role to the memory of Maxwell’s demon, which reduces the
effect of the environmental noise on the kinase activity

This is analogous to the central feature of Maxwell’s demon, which implies that
information transfer in the feedback loop reduces the effect of the environmental
noise on the target system (see also Fig.7.5). This inequality reveals the role of the
transfer entropy in biochemical signal transduction; the transfer entropy characterizes
the lower bound of the accuracy of the signal transduction in the biochemical network.
We add that Yuhai Tu had discussed Maxwell’s demon in a biological switch in a
different context in 2007 [11].

7.2.3 Information Thermodynamics and Conventional
Thermordynamics

We next compare the conventional thermodynamics with information thermodynam-
ics. The conventional second law for total systems a and m is given by

asi™ > ﬁdt + ﬁdt (7.11)
B (O '

where dS{" is the total Shannon entropy difference defined as dS{" := (Inp(a,,

m;)) — (Inp(a4ar, Mear)), which also vanishes in a stationary state, and J;" is the

heat absorption in m defined as J™ := (i o [£" — iy]) = —(a?)/(7™)*. In Fig.7.6,

we show the comparison between the conventional thermodynamics and information

thermodynamics. In a stationary state, the conventional second law implies that the
dissipation in m should compensate for thatin a, i.e., —J;" /T;" > J{/T}.

We here show numerical comparison between our information thermodynamics

and the conventional thermodynamics. We have two upper bounds of the robustness
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Fig.7.6 Information thermodynamics and conventional thermodynamics. The second law of infor-
mation thermodynamics characterizes the entropy change in a subsystem in terms of the information

flow between the subsystem and the outside world (i.e., dI,tr + dS;”m > dI,tr — clI,BLr + de‘m >
—J{dt/T{"). In contrast, the conventional second law of thermodynamics states that the entropy
change in a subsystem is compensated for by the entropy change in the outside world (i.e.,
=Jdt /T + dS{™ > Jidt/Tf)

J{, which are given by information thermodynamics and the conventional thermody-
namics. Let 2" := dI" 4 dS*" be the upper bound of Jédt/T¢, which is given by
the information thermodynamic inequality Eq. (7.7). Let B> := —J"dt/T" 4 dS™
be the upper bound of J{'dt/T}, which is straightforwardly obtained from the con-
ventional second law of thermodynamics Eq. (7.11). Figure 7.7 shows J/dt /T, ginfo
and ESL in six different types of dynamics of adaptation, where the ligand signal
and noise are given by step functions (Fig.7.7a), sinusoidal functions (Fig.7.7b),
linear functions (Fig.7.7¢c), exponential decays (Fig.7.7d), square waves (Fig.7.7e)
and triangle waves (Fig.7.7f). These results confirm that E"° gives a tight bound
of J{, implying that the transfer entropy characterizes the robustness well. Remark-
ably, information thermodynamic bound E™° gives a tighter bound of J! than the
conventional thermodynamic bound ES such that 25 > B > jadr/T¢ for every
non-stationary dynamics shown in Fig.7.7. This fact indicates that the signal trans-
duction of E. coli chemotaxis is highly dissipative as a thermodynamic engine, but
efficient as an information transmission device.

7.2.4 Analytical Calculations

In the case of E. coli chemotaxis, we have a; = a,,,m; — oyl; and the coupled Langevin
equations Eqgs. (7.1) and (7.2) become linear. In this situation, if the initial distribution
is Gaussian, we can analytically obtain the transfer entropy up to the order of df,
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and compare the information-thermodynamic bound E™° with the conventional
thermodynamic bound E5" analytically.

We here generally derive an analytical expression of the transfer entropy for the
coupled linear Langevin system:

. 1j j
X =D+ g
J

2 2 2 2
xt _;/‘th;_’_-ft +£t’ (712)
(&) = 2T/650( 1)

(&) =o,

where i,j = 1,2, f/ and u;j are time-dependent constants, 7! is the time-dependent
variance of the white Gaussian noise £, and (...) denotes the ensemble average.
The model of the E. coli bacterial chemotaxis is given by Eqgs.(7.1) and (7.2) with
Zz, = Quhy — all,. To compare the notations of Eq. (7.12), we set {x,1 L X2 = {a;, my},

pll = —1/7% ul? = /7o, 1 = —auly /7%, W2t = -1/, —Oft =0,
T! =T¢ and T2 T;". The transfer entropy from the target system x! to the other
system x? at time ¢ is deﬁned asdl" : (lnp[xﬂrdt |x ]) (In p[x H_dt|)c2])

Here, we analytically calculate the transfer entropy for the case that the joint
probability p[x/, x*] is a Gaussian distribution:

1 1

,x°] = exp | — —X'G’x |, 7.13

Plxy X1 = o o Z]:2 /% (7.13)

where =7 is the covariant matrix % := (xix}) — (x/)(x)), and ¥, = x/ — (x]).

The inverse matrix G, := X, ' satisfies Zj G?E{l = 0; and G;j = GJ,'i. The joint
distribution p[x?] is given by the Gaussian probability:

1

V2rx??

We consider the path- integral expression of the Langevin equation (7.12). The
conditional probability p[x?, , |x!, x*] is given by

plxf] = exp [—%(z?)‘(&?ﬂ : (7.14)

t+dt

2

dt d —x? 2
Pl i1 =N | = (S5
t

:./\/exp|: 4? (F2 u21xt1)2i|, (7.15)

t
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<« Fig. 7.7 Numerical results of the information thermodynamic bound E™ (green curves) and
conventional thermodynamic bound ESL (blue curves) of the robustness Jidt/T{ (red curves). The
initial condition is the stationary state with a; = ay,,m; — oyly, fixed ligand signal «;l;, and noise
intensity 7¢ = 0.005. We numerically confirmed that 25~ > E"® > jadr/T¢ holds for the six
transition processes. These results imply that, for the signal transduction model, the information-
thermodynamic bound is always tighter than the conventional thermodynamic bound. The para-
meters are chosen as 7¢ = 0.02, 7" = 0.2, o, = 2.7, and 7}" = 0.005, to be consistent with
the real parameters of E. coli bacterial chemotaxis [5, 9, 10]. a, Step function: oy, = 0.01 and
T/ = 0.5fort > 0. b, Sinusoidal function: oy/; = 0.01 sin(400¢) and 7" = 0.5] sin(400¢)| +0.005
for t > 0. ¢, Linear function: oy, = 10t and T;' = 100t + 0.005 for + > 0. d, Exponential
decay: a;L; = 0.01[1 — exp(—2001)] and 7/ = 0.5[1 — exp(—2001)] 4+ 0.005 for t > 0. e,
Square wave: oyl; = 0.01[1 + [sin(200¢) |] and 77 = 0.05[1 + [sin(2007)]] + 0.005 for t > 0,
where |. .. | denotes the floor function. f, Triangle wave: ayl; = 0.01|2(100¢ — [100z 4+ 0.5])| and
T{ = 0.5]2(100¢ — [ 100z + 0.5])| 4+ 0.005 for t > O

where N is the normalization constant with f dxt "+ dlp[xt o dl|xt xz] = 1. For the
simplicity of notation, we set F; 2 — (xt T 2) /dt — ( 1) 22 2 f, From

Egs. (7.13) and (7.15), we have the joint distribution p[xt i x,z] as

P 21 = [ i gl 1plad )
N

11
\/477 det %, (4T2 ("2 + GT’)

12=2 _ w'F?
X exp ——(F2)2— —G”( D2+ (G’ R ‘”)
4T2 ( ( 1)2 G 1)
AT? Hi 2

(7.16)

From Egs. (7.14)—(7.16), we obtain the analytical expression of the transfer
entropy dI" up to the order of dt:
dI* :=(In p[JC,Zer[IX,2 1+ Inplxf] — Inplx?, 4. x71)

== 2 =5 - ez - S @Y

1 G/
+§ln|:47rdet2,(4 PN+ T)]

<(G1232 /»‘1 F; dt)2>
A+ Loy o
4T’2 2 ( 2 (ll )2 )

(M,l)zdf+ G2z2
4Gj'tp 2

B ,LLZldt
277

1
2=1 21 2
(F[ x[) 4T2( ) 5 +
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(G2)?2x22 dr pldt o s (u2h2dt )
~ e | aar [ g O R — g + O
21 21 2
N #z Ldi 12,22 (i )=d 2
- (F2x]) + 2G“TZG (F232) — 4T ' L owad)
2
det ¥
_ 3 =i+ 0w
412 =2
1 dP;
=—In{1+— O(dr* 7.17
g1+ ) + 0w, .17)

where we define dP; := (u?')?(det Z,)dt/(£2?), and N, := 2T?. In this calculation,
weused G) = G/, 2V = 5/, GV + G222 = 6, (F2)? )dt2 = 2T2dt+ O(dr?),
(F2x}) _u,'z,”, (F2 2) _u,'z” and G” = (22)/(det Z)).

In the model of the E. coli bacterial chemotaxis, we have N; = 2T]" and

U [a]) — {a)*1m7) — (m)*] = amy) — (@) (mi)

dP, = dt
’ (Tm)2 (m?) — (m,)?
(pam)Z .
= (T)zvt dt, (7.18)
where V; = (xlz) — (x,)? indicates the variance of x, = a, or x, = m,, and
P = [{ammy) — (ag)(my)]1/ (VS V’”)l/2 is the correlation coefficient of a, and m,.

The correlation coefficient pf™ satisfies —1 < p¢™ < 1, because of the Cauchy—
Schwartz inequality. We note that, if the joint probability p(a;, m,) is Gaussian, the
factor 1 — (pf’")2 can be rewritten by the mutual information /7" as

— (p"™)* = exp[—2I"], (7.19)

where I/ is defined as I} := f da,dmpla;, m;] In[pla,, m:]/[pla;1p[m;]]]. This fact
implies that, if the target system a, and the other system m;, are strongly correlated
(i.e., I — 00), no information flow exists (i.e., dI'" — 0).

From the analytical expression of the transfer entropy Eq. (7 17) we can analyt-
ically compare the conventional thermodynamic bound (i.e., B := —J"dt/T" +
dsem > Jidt/T*) with the information-thermodynamic bound (i.e., :}““’ = dItr
dsi"™ > Jedt/T®) for the model of E. coli chemotaxis [Eqs. (7.1) and (7.2) with
a; = am, — 1] in a stationary state, where both of the Shannon entropy and the
conditional Shannon changes vanish, i.e., de'm = 0 and dS“" = 0. Thus, the con-
ventional thermodynamic bound is given by the heat emission from m such that
ESL = —J™dt/T™, and the information thermodynamic bound is given by the infor-
matlon ﬂow such that & "‘I"f(’ = dI'". The information thermodynamic bound is given
by & "‘I“fo = (- (p;’”’) ){a ) (a ) ]dt/[Z(Tm)lem]. The conventional thermo-
dynamlc bound is given by E ’“SL = (a®)dt/[(7™)*T"]. From —1 < p < 1 and
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(a;)*> > 0, we have the inequality E’

L > gl This implies that the information-
thermodynamic bound E is tighter than the conventional bound EST for the model
of E. coli bacterial chemotaxis:
=SL o mnf
B > 8" = Jdt)T,. (7.20)

t

7.3 Information Thermodynamics and Noisy-Channel
Coding Theorem

We discuss the similarity and the difference between our result and Shannon’s noisy
channel coding theorem.

7.3.1 Analogical Similarity

The noisy channel coding theorem states that the upper bound of archivable infor-
mation rate R is given by the channel capacity C. The channel capacity C is defined
as the supremum value of mutual information between input and output with a finite
input power. The mutual information can be replaced by the transfer entropy dI" in
the presence of a feedback loop. R describes how long bit sequence is needed for a
channel coding, to realize errorless communication through a noisy channel where
errorless means the coincidence between the input and output messages. On the other
hand, information thermodynamics states that the robustness of the biochemical sig-
nal transduction J¢ is bounded by the transfer entropy dI}*. Therefore both of J¢ and
R characterize the robust information transmission against noise and are bounded by
the transfer entropy dI". In this sense, there exists an analogy between the second
law of thermodynamics with information and the noisy channel coding theorem, in
spite of the fact that they are very different in general (see also Fig.7.8).

7.3.2 Difference and Biochemical Relevance

In general, the archivable rate R is different from the robustness J{'. In the case
of biochemical signal transduction, information thermodynamic approach is more
relevant, because there is not any explicit channel coding inside cells. Moreover, while
Ji is an experimentally measurable quantity [12, 13], R cannot be properly defined
without any artificial channel coding [14]. Therefore, J{' is an intrinsic quantity to
characterize the accuracy of the information transduction inside cells without any
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(a) Robustness of signal transduction against noise Jf’

transfer entropy d I}

: 3a
YA > ZLat
LT

in a stationary state

(b)

Achievable information rate

(Accuracy of information transmission against noise) R

Noise
n

—_— nput a+ _’ Encoder i’ Decoder —’ ut myyqe

mi Channel capacity

C = supdl;*

L C>R

Fig. 7.8 Analogy and difference between our approach and Shannon’s noisy channel coding the-
orem. a, Information thermodynamics for biochemical signal transduction. The robustness J§' is
bounded by the information flow dI!" in stationary states, which is a consequence of the second law
of information thermodynamics. b, Information theory for artificial communication. The archiv-
able information rate R, given by the redundancy of the channel coding, is bounded by the channel
capacity C = max dI", which is a consequence of the Shannon’s second theorem. If the noise is
Gaussian as is the case for E. coli chemotaxis, both of the transfer entropy and the channel capacity
are given by the power-to-noise ratio C = dI[tr = (2" 'In(1 + dP; /Ny), under the condition that
the initial distribution is Gaussian

artificial channel coding process. From the information thermodynamic point of
view, we can discuss the efficiency of information without any assumption of the
channel coding inside cells. We can also discuss the thermodynamic efficiency as a
heat engine in parallel.
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Chapter 8
Information Thermodynamics as Stochastic
Thermodynamics for Small Subsystem

Abstract This chapter presents further generalizations of the information-
thermodynamic theory introduced in Chap.6. We show other expressions of the
second law of thermodynamics with information flow for a Markov process. We also
discuss that the novel informational measure called the backward transfer entropy
plays a crucial role in the generalizations. This generalization of the information-
thermodynamic theory gives a tighter informational bound of the entropy production
in the subsystem.

Keywords Information thermodynamics - Causal networks + Transfer entropy

In this chapter, we first focus on information thermodynamics for a multi-dimensional
Markov process. We will show that information thermodynamics can be considered
as the stochastic thermodynamics for small subsystems. From a thermodynamic point
of view, the backward transfer entropy plays an important role as the conventional
transfer entropy. We next generalize information thermodynamics on causal networks
using the backward transfer entropy. Our generalization gives a tighter lower bound
of the entropy production in a subsystem.

8.1 Information Thermodynamics for Small Subsystem

In Chap.6, we have given the general formalism of information thermodynamics
for two-dimensional Langevin system [1]. We here focus on the case of a multi-
dimensional Markov process.

8.1.1 Information Thermodynamics for a Multi-dimensional
Markov Process

We consider a situation that dynamics of multi-dimensional system {X Lo, X
is Markovian, where ngys is a number of small fluctuating systems. Let the path of a

© Springer Science+Business Media Singapore 2016 99
S. Ito, Information Thermodynamics on Causal Networks and its Application

to Biochemical Signal Transduction, Springer Theses,

DOI 10.1007/978-981-10-1664-6_8


http://dx.doi.org/10.1007/978-981-10-1664-6_6
http://dx.doi.org/10.1007/978-981-10-1664-6_6

100 8 Information Thermodynamics as Stochastic Thermodynamics ...

small subsystem X' be X' = {x; |k =0, 1, ..., N}, and the path of the other system be
X'={xlk=1... . N={lv=1,....i—-Li+1 ... ny,k=1... N}
where k denotes time. We assume that the path probability p(X’, X~) is given by

N—1
P X = pGd, x| pGeiy I g Hp ety Ixg x5
k=1
N—1 nNsys
1 Nsys i Nsys
=p@f. ) T TG s -, (8.1)
k=1 v=1

From the path probability Eq. (8.1), we calculate the joint probability p(x} 410 x;il,
xi,x ) withl <k <N —1as

Pl Ly ) = > p(xX', X7
R S REAE S
= P, X P (i I3 PGy g ). (82)
We next consider a causal network for Eq. (8.2) (see Fig. 8.1). This causal network
shows a single time step of the Markovian dynamics from time & to time k+ 1. By the

discussion in Chap. 6, the entropy production for a small subsystem X' is bounded
by the information quantity ®, which is given by the graph Fig. 8.1 as

2
© = i — i — D iy, (8.3)
=1

linj = i(x; : pa(x1))
=i(x) 1 x;h), (8.4)

Fig. 8.1 A causal network
corresponding to Eq. (8.2)
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itlr =i(cy : pay(cy))

=0, (8.5)
iz = i(c2 : pay(e)len)
=i(x x I, (8.6)
ifn = i(x*: C)
=i(xf,, : (Xl D (8.7)
where we setX = {x = xk,xz = xk+l} C=0C ={c =x, iy = xk+l}
pa(xk) =x;', pay(x; " =@, and pax(xk+]) = xk.
Let o be the entropy production for the single time step of := In p(x,i) -

In p(x,i )t As’gath, where As’gmh is the entropy change in heat baths from time
k to k + 1 by the system X'. We then have the inequality (c*) > (®) for each k such
as

S@in) = SO 4 (Aspyn) = 10 2 (e x5 ) — T0gy g x D). (8.8)
or equivalently
SOy X)) — SGlx ) + (Asy) = 1P — I, (3.9)

where I[" := I(x} : xk X ") is the transfer entropy from a small subsystem X' to the

outside worlds X' at time k and [ ,]ftr

= I()ck+1 DX, |xk+1) is the backward transfer
entropy from a small subsystem X' to the outside worlds X at time k. We note that
the difference 12" — II" gives the net information flow in the dynamics at time k. To
sum up Eq.(8.9) with k = 1,..., N — 1, we have the information thermodynamic

inequality for subsystem X' as

N-1 N-1
(o_z|—1> > [l?tr _ I]Er
k=1 k=1
N-1
> S (8.10)
k=1
where oI~ == SV AsE L — Inp(xd ey’ + Inp(xi|x7) gives the conditional

entropy production in a small subsystem X'.

The sums of the transfer entropy > r~' IV
N—1 /Bt
k=1 Iy

and of the backward transfer entropy

play crucial roles in stochastic thermodynamics for a small subsystem. The
conditional entropy production in a small subsystem can be negative, and its lower
bound is given by the sum of transfer entropy [i.e., (o/~') > — >V~ I¥]. This
fact implies that the sum of the transfer entropy Zlk\:ll I gives the thermodynamic
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benefit in a small subsystem X i On the other hand, the sum of backward transfer

entropy Zsz_ll I E" gives the thermodynamic loss in a small subsystem X'. The back-

ward transfer entropy Zsz_ll I,?“ can be considered as the inevitable dissipation in a

small subsystem, because Eq. (8.10), which includes the backward transfer entropy,
gives a tighter bound of the conditional production compared to the inequality
(0_1'\71') > — Ikv;ll I]Er.

We add the continuous case of Eq. (8.10). Let x'(¢) be the state of a small subsystem
X' atcontinuous time 7, and x /() be the states of the outside worlds X ~ at continuous
time 7. In the continuous limit of Eq. (8.10), we have

o T d[Btr T d[tr
(o171 z/ dr— —/ dr——, (8.11)
=0 dt = dt
where o/7 := Aspan — Inp(x'(7)|x7I(7)) + Inp(x(0)|x~(0)) is the conditional

entropy production in a small subsystem with entropy change in heat baths Asp,m
by a small subsystem X' from time t = 0 to t = 7, dIP" /dt is the backward transfer
entropy flow defined as dIP /dt := I(x'(t +dt) : x 7 (t)|x~(t + dt)) /dt, and dI" /dt
is the transfer entropy flow defined as dI'" /dt := I(x'(¢) : x ' (t +dt)|x~'(¢)) /dt with
an infinitesimal time interval dr.

8.1.2 Transfer Entropy for Multi-dimensional Linear
Langevin System

‘We here show an analytical expression of the transfer entropy for a multi-dimensional
linear Langevin system, which gives a lower bound of the conditional entropy pro-
duction in a small subsystem X', i.e., (o)) > — [T dr[dI" /dt]. We calculate the
transfer entropy from one of ngy, pieces of variables to the other ng, — 1 pieces
of variables; this calculation is a generalization of Sect.7.2.4. We here consider the
following ngys-dimensional linear Langevin equation:

B=>plx+f 46
J

. ) 8.12
(€i€)) = 21536 — 1) (812
&) =0,
where i,j = 1,..., nys. f and ,u;j are time-dependent constants at time 7. T! is
the time-dependent variance of the white Gaussian noise & x;" := {x"|v # i} is

the variables of the other systems X ~i. The transfer entropy from the target system
X' to the other systems X ' at time 7 is given by dI]' := (Inp(x,,Ixi, x;")) —
(In p(x:d, lx;")). The covariance matrix is defined as &, := (xix}) — (x/)(x)). We

assume that the joint probability p(x!, x;") is a Gaussian distribution of the form
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p(x,x7) = ; exp | — Z —xGx/ (8.13)
T et Jdets, .

where )"cﬂ = xﬁ - (xf). The inverse matrix G, := ¥, ' satisfies Zj GijE{Z = 4, and
Gﬁj = G{i, where §; is Kronecker’s delta. The joint distribution p(x; ") is given by
the Gaussian probability,

px;) = / dxip(xt, x;)

1 P
Gl |, (8.14)

1 1
@™ Vet 3, 2

where i/, j' (# i) denote the indexes of the other systems. iw’ is the covariance
matrix which satisfies 7 = (xi 'y — (! ) 2 G 2’1 = &yy and G =
(det £,)/(det ).

We consider the path-integral expression of the Langevin equation (8.12). The
conditional probability p(x, ', |x;, x; ") is given by

dr i
p(xl+d,|x;, t )—NeXp _ZF(F{ _,ujlxt)2 , (815)

7 !

where N is the prefactor, and we set F/ = X+ ¢ To obtain the analytical
expression of the transfer entropy, we calculate the joint probability distribution
p(x, 4 x;"). From Egs. (8.13) and (8.15), we have the joint distribution p(x, ;,, x;*)
as

A
PO g X )

= / dxipGe o xt x Hp e x )

N / _; d 1 o
= dx’exp _ 7'/(}7] _ /l 2 il G’Jx]

omnY Jaets, ) ; ar/ ! K %‘ 27

N dt i’ 1 i qi =i
—————xp | — - (F) »=> 5 G’ %
(277) «/ det E[ j/ 4Tt l'/j/

. 2
= (440
vis

X exp d ) (8.16)

(= 20+ F)

il Gii
4 (Z]" 4%-/ ()2 + 7’)
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From Egs.(8.14)—(8.16), we obtain the analytical expression of the transfer
entropy dI" up to the order of dt as

dIf" = (Inp(x,}, |x[) +Inpe ) —Inpe )y %)

=InN — z <( zx;)2> B % In [(zw)nsy;—l(det flt)] _ z ;m, Nl,],x;,)
il
lnN +3 ]n[(zﬂ')nsy’ (dCI 2,)] —+ Z (FJ Z i - /
I 4T,

2
. |:er (G;j/x] ,u; F‘ dt)j|
1 1 Z dt j'iN2 G;l

= (1 5 ” o
t t
4(zj, S0+ 2)

TJ
§’+ZM o —Zégil

J !

_Z<%’f>2dr > &
CAPAGIT S )

S — Gi’iEii/ Gi’iEii/ dt "
+Z e +> R (1—2 ..Tj,(uil)z)

il

Jid 22
Z/ Gzz l) z(/ ) t+O(d)
i 2G/'T] aGiT!
7 dt ,u] (// )Zdt
— Gzz 1) +O(d )
Z Z 2GIT) Z 4GiT!
= ("] ) detz’d '+ O
— 47/ det %
J t
ln (1 +Z ) + O®d?), (8.17)
where we define de/ = [(u{i)2 det dt]/(detfl) and Nj’ = 2T‘,i/, In this
calculation, we used G¥ = (det ,)/(det %)), > G 2” = 6y — GI'Ell,

(F'x'y = "2 and (F))2)dr* = 2TV dt + O(dr?).

8.1.3 Relative Entropy and Integral Fluctuation Theorem
Jor Small Subsystem

We show the integrated fluctuation theorems for a small subsystem which gives
Eq. (8.10). Due to the detailed fluctuation theorem, As,’;ath is given by the ratio of the
forward path probability and backward path probability such as
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POy 1. X))

koo
Ay 1= In ———————,
PG X5 Xy )

(8.18)

where pp is the backward path probability. Here we assume that the time interval
between k and k + 1 is infinitesimal. The conditional entropy production is given as

iy—iy N1 i i i
ol — In |:p(x1|x1 ) PGy X X ) :| (8.19)

Py’ b P lxi, . x )

Let ii' be the stochastic transfer entropy defined as i := i(x} : x;,|x; "), and iP" be

the stochastic backward transfer entropy defined as i,]?" =1 (x,i - x,jilx,jil). From

Egs.(8.1) and (8.18), we have

N—-1 N—1
0—1‘71 _ E l-[]?tr + E l[t{r
k=1 k=1

_n[m’l'xl’ Pt 6 ph ) p i) ]

pOyley’) (o) PeORl s X)) PO D) pOe s X))

1

T D
_ln[p(x;,xl‘) P, I, xi) p(xk;1|x,g,xk'>}

plxy, xy) k=1 PO Xy X ) PO Xy Xy )

= dx (X', X )| Ipp(X', X)), (8.20)
N—1
pe(X' X7 1= pO. xy)) [ | peebx oy % DG xdy . x0 ), (8.21)
k=1
where we used the Bayes rule p(x;i1|x,j[)p(x,:i) = p(x,ji|x,jil)p(x,ji).

ps(X’, X77) satisfies the normalization of the probability such as

> pe(XL X
XX
N—1
= D> paex) [ psGhbedgr X ppee Indy xid)
XX N\ a2 k=2

> pd.xy)

{xhyxy'}

—1. (8.22)
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From the nonnegativity of the stochastic relative entropy, we have Eq. (8.10):

iy Z B Z I >0, (8.23)

with equality if and only if p(X’, X~') = pp(X', X ). The property p(X', X ') =
p(X, X~') means that the local revers1b111ty of a small subsystem X' under the
condition of the outside worlds X '. From the identity Eq. (3.28), we can also prove
the integrated fluctuation theorems corresponding to Eq. (8.10) as

N—1
<exp|: o= ’+ZZB” Zz;D = 1. (8.24)
k=1

We also show the integrated fluctuation theorem for a small subsystem which
gives the weaker inequality (o7I7)) > — SN 1T oll=F 1 SV i can be rewritten
by the stochastic relative entropy as

N—1
01\71_’_2 i]tcr

i p(x1|x1’) = p@g ) ple Ixd )
(xN|xN) k=1 pB(xk|xk+1’xk+1) p(xk+1|xk )
= dgr. (X', X )| Ipp(XT, X)), (8.25)
N—1
Pp(X', X)) = play ey p ) H PO X1 X PO 1D, (8.26)
k=1

where pj, (X', X ') satisfies the normalization of the probability as

> pp(XL X = Zp(x1 )1‘[p<xk+1
XixX!

=1. (8.27)

From the nonnegativity of the relative entropy and the identity Eq.(3.28), we have

o=y Zz“, (8.28)


http://dx.doi.org/10.1007/978-981-10-1664-6_3
http://dx.doi.org/10.1007/978-981-10-1664-6_3
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N—-1
<exp [—oi"’ ->. i}(‘i|> =1. (8.29)

8.1.4 Stochastic Energetics for Small Subsystem

From the energetic point of view, we can consider Eq. (8.11) as arelationship between
work and free energy for a small subsystem X’ under the condition of other systems
X', We here consider the particular case in which the temperature of each heat bath
is uniform T = 2//3 and the initial state and final state are set in equilibrium. The
probability distribution in initial and final state is given by

Peqx', x7) = Z7 expl—B(Hs (x") + Hg(x ™) + H; (x', x 7)1, (8.30)

where Hg(x') is the Hamiltonian of the target system X', Hz(x ") is the Hamiltonian
of the other systems X', H;(x', x™") is the interaction Hamiltonian between them,
and Z is the partition function:

Z= / dx"dx" exp[—B(Hs(x") + He(x™) + H;(x', x )] (8.31)

The conditional probability in initial and final state peq (x|x~") is given by

peq(xi |x_i) = peq(x_i)/ |:/ dxipeq(xi»x_i)]
= [Z')]" expl—BHenr (x'Ix )], (8.32)

where we define the effective Hamiltonian in the system i as Heg(x/|x™") =
Hg(x')4+H; (x', x"). Z!(x ) is the partition function for the system X' with fixed X ~':
Zi(x_) = f dx; exp[—PHegr (x;]x_;)]. Let effective free-energy be AFe(x7h) =
-3 'InZix"i(t)) + B 'InZi(x71(0)). We define the effective work as
Wert (x ) 1= 3, Aty + Her (6 () [x71(1) — Hegr (6 (0)Jx 7 (0)).

Then Eq. (8.10) can be replaced by

o » T dIlBtr T dl;r
AWt (1)) — (AFer ) = / ar / dr (833)
0 t 0 dt
T tr
z—/ dt%. (8.34)
0

If the other systems X are completely separated from the subsystem X', we have
Hi(x',x™) = 0, [, di[dIP"/dt] = 0 and [ di[dI"/dr] = 0. The definitions of
the free energy and the work become the conventional ones which do not depend
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on the outside worlds X . Thus we can reproduce the conventional second law of
thermodynamics, i.e., 3((W) — AF) > 0 from Eq.(8.33).

8.2 Further Generalizations

We here discuss other expressions of information thermodynamic inequality, which
are consistent with Eq. (8.10). We also show a generalization of information thermo-
dynamics on causal networks, and importance of the backward transfer entropy.

8.2.1 Generalization for Fokker—Planck Equation

We here consider the following Langevin equation:

() =@, X (0) + ),

(N ) =2T}6;0( 1), (8.35)
€'m) =0,
withi =1, ..., ngys, and the Fokker-Planck equation corresponding to the Langevin
equation (8.35):
Op(' x 1) == 0 (' x 70, (8.36)
FE X =0, T O)pG x T ) — T up(d x 7 1), (8.37)
where x~' 1= {x', ..., x"!, ¥, ... x"»} denotes the dynamical variables of the

other systems X /. The mean local velocity for a small subsystem X’ is defined as

l/xi(xi,x_i, 1) = M
pxt,x~, 1)
=0, x7 (1)) — T 0 Inp(x', x7", 1). (8.38)

This mean local velocity gives the ensemble average of X' under the condition of
(x',x7", 1) [2]. We here introduce a key quantity ¥ (x', x~/, ¢) defined as

(v (o, 27 1)

exl i —i .
st xTh T

= F)'c’(t)f’(x’, x ) —X@)0s Inpx',x7, 1)

=" — Ok x ), (8.39)
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where o' is the entropy production defined as
. 1. y ,
o' = ﬁx’(t)f’(x’, x ') —xX@)0i Inp(x', 1), (8.40)

and i(x' : x7; 1) is the stochastic mutual information defined as

. A ixTit
i x gy = I PO E D (8.41)
px~, Hp(x', 1)

We here show that the ensemble average of a key quantity §° (', x~7, 1) is non-
negative,
D . O (L xT 1
(¢ hox ) = <M>

<[y(xx’t)>

X —i 2
/dxd _l[](xx ;D]
0,

Tip(xi,x i, 1)

v

(8.42)

with equality if and only if j* (x', x~7, 1) = 0. Thus we have an information thermo-
dynamic inequality

(0™ > (D0 : x5 1)). (8.43)

The inequality equivalent to Eq.(8.43) have been derived in several papers [3-6].
This information thermodynamic inequality Eq.(8.43) corresponds to Eq.(8.8) in
the infinitesimal time-interval limit:

S ) — SGL) + (Astn) = 10 e xgh ) — TGy b xgh ). (8.44)

Using the Fokker—Planck expression Eq.(8.42), we here discuss a relationship
between the conventional second law and information thermodynamic inequality.
The sum of the ensemble averages of key quantities gives

P . 1 .. . . d . .
D)= S EOF @ xT0) — —(npe, x7 ), (3.45)

i

where we used [d/dt] Inp(x',x7, 1) = >, X' (1)0 Inp(x, x ', 1). Thus, the sum of
the ensemble averages of key quantities is equal to the ensemble average of the total
entropy production. The second law of thermodynamics is given by
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D x ) = 0, (8.46)

1

with equality if and only if j* (x',x ™/, 1) = 0 for all i. The second law of thermo-
dynamics always gives a weaker bound of the entropy production (o) compared to
the information thermodynamics, i.e.,

(o) = (K (DOgi(x' - x5 1)) (8.47)

> (F(00ui(xr 1 x5 0) = D (3 (o x 7 1)), (8.48)
J#i

where Eqgs.(8.47) and (8.48) correspond to information thermodynamics and the
conventional thermodynamics, respectively.

We stress that the term (& (£)9,:i(x’ : x~; t)) includes the contributions of both the
transfer entropy and the backward transfer entropy in Eq. (8.8). If we did not consider
the backward transfer entropy (e.g., Chap.7), the bound of the entropy production
(o*') given by the transfer entropy would not be always tighter than the bound given
by the second law of thermodynamics.

8.2.2 Backward Transfer Entropy and Final Correlation

We here discuss the importance of the backward transfer entropy in the study of
information thermodynamics on causal networks. We first consider the following
dynamics

N—1
pXL X7 = p@e,x) [ | P b X p el g ). (8.49)
k=1

We can consider a causal network for Eq. (8.49) (see Fig. 8.2). This causal network
shows multi-time steps of the Markovian dynamics from time 1 to time N. By the
discussion in Chap. 6, the entropy production for a small subsystem X' is bounded
by the information quantity ®, which is given by the graph Fig.8.2 as

N
O = i — i — D iy, (8.50)
=1

iini = i(x1 : palxy))
=i} xy"), (8.51)


http://dx.doi.org/10.1007/978-981-10-1664-6_7
http://dx.doi.org/10.1007/978-981-10-1664-6_6
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Fig. 8.2 A causal network
corresponding to Eq. (8.49) X

CI

Y /
ol i g

i, =1i(cy : pay(cr))

=0, (8.52)
iy = i(cr : pay(enler) [2<1<N]

=i ), (8.53)
ifin = i(xy : C')

=iy, LX), (8.54)

where we set X = {x; = Xy = x}'\,}., C=C={c=x",...,cn =x3'},
pa(x}) = x7', pay(x]") = ¥, and pay(x;") = x]_, with 2 < [ < N. Thus, the
information thermodynamic inequality Eq. (6.30) gives
(o) = ()
N
=Ty {xy's oo x) — TG cx)") — ZI()CL1 sx et
=2

=1(xy s xy)) — I xyh)

N N
F O I x e xy) = DI XX (8.55)
=2 1=2


http://dx.doi.org/10.1007/978-981-10-1664-6_6
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On the other hand, the causal network for the single time step [see Fig.8.1] gives
another information thermodynamic inequality which corresponds to Eq. (8.10):

N N

(o) > I(xf\, :x;i) — I(x’i :xfi) + Zl(xf :xlflle") — Zl(xf_l :xfi|xff1)

=2 =2
= I(x};, :xlf,i) — I(x’i :xl_i)

N N
+ Zl(x; :xl__il|xl_i, . ,x;,i) — Zl(xf_1 :xl_i xl__il, . ,xl_i), (8.56)
=2 =2

—iy i T —i —i —i i iy
where we used p(x; " |x;_y, X, ) = pOe Xy, %, 5y, x00) and ple g, x, ) =
—i i 1 —i
pOe I, x o xy).
Here we have the following conditional Markov property:

P i i —i
POy, xp,x, 0 x xyh)
- —i ifo—i i —i i i —i
=p@,lx L xypCglx L x L xy DpGeylag, x L xyh). (8.57)
Then we have (x]"v 1x |xf X', ..., xy") = 0 and the following data processing
inequality:
Ty cx e o xy') <TG x e ey Ty cx g, o xyh)

=10 x L xyh). (8.58)

Thus the difference between two information bounds is nonnegative, and we have

N N
(o) = 10y = xy) — TG )+ DTG x e = D TG )
=2 =2

N
> T ey LX) — I X — Zl(xf_l sx e x).
1=2
(8.59)

This calculation indicates that the sum of information thermodynamic inequalities for
the single time step [e.g., Eq. (8.56)] gives a tighter bound of the entropy production
rather than the multi-time steps (e.g., Eq. (8.55)). This fact suggests a possibility of
further generalization of information thermodynamics on causal networks using the
backward transfer entropy instead of the final correlation /g;,.
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8.2.3 Further Generalization: Information Thermodynamics
on Causal Networks Including Backward Transfer
Entropy

‘We here consider the replacement of the final correlation /g, by the backward transfer
entropy in the study of information thermodynamics on causal networks in Chap. 6.
Let N” be the number of elements of C’ [i.e.,C’ = {c1, ..., cy~}]. The final correlation
is calculated as

Iin =I(xy : C')
N'—1

=10 s en) + D TGy crlern. .o en). (8.60)
=1

We here define the set of children of ¢;, ch(c;) := {ax|c; € pa(ay)}. Let chyx(c;) be
the intersection of X and ch(c;), i.e., chx(c;) := ch(¢;) N X. Here we define the set
D, as

1
Dy = | chx(en). (8.61)
I'=1

Because D, is the subset of X [i.e., D; € X], we can uniquely define
xsup(cl) = Xk (8.62)

which satisfies k > &’ for all xp € D;. In the case of D; = @, xp(c;) is given by
Xsup(cr) := . The variable x4, (c;) denotes the latest state of X, where the history of
the other systems {ci, ..., ¢;} can affect as a child.

Here we have the following conditional Markov properties:

plcr, Xaup(cr), xylcist, ..., )
= P(Cl|Cl+1, cees CN”)p(xsup(Cl)|Cla Clls v CN”)p(xN|xsup(Cl)7 Clglyeens cN),
(8.63)
and
p(CN” > Xsup (CN”)v xN)

= p(enm)p(sup(enr) [ (enn))p (xn [Xsup (Cnr)) - (8.64)
Then we have I(c; : xy|Xsup(cr), Cix1, ... enr) = 0, I(enr © Xy lxsuplenr)) = 0

and the following data processing inequalities:
IGen :crlergts o enr) < Txaup(cn) = crleigns - .oy enm), (8.65)

I(xy 2 enr) < T(xsup(enr) = env). (8.66)


http://dx.doi.org/10.1007/978-981-10-1664-6_6
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We define the backward transfer entropy on causal network as

Iy = Iup(D) © €llCrians - ), (8.67)
Iy = I(xap(enr) : enn), (8.68)

with 1 <1 < N” — 1. From the data processing inequalities (8.66), the finial corre-

lation Iy, is smaller than the sum of the backward transfer entropy 75, ,

N

Iin < > I (8.69)

with equality if xg,(c;) = xy for all .

We here show that new informational quantity Zf’zl Iétr Lini Zl , I ! gives a
lower bound of the ensemble average of the entropy production (o). Let i lBtr be the
stochastic backward transfer entropy on causal network defined as

e = {Ceup(@r) : crlerens s en), (8.70)
lg{; = i(xgup(cnr) : e, (8.71)
with 1 <[ < N” — 1. We define an informational quantity ®" corresponding to

N
Zzzllllsu [ini Zz 111 as

N

N"
O =iy, — i — Z (8.72)

I=1

We show that the difference between the entropy production and the informational
quantity o — @' can also be rewritten as the stochastic relative entropy:

oc—@
o [pe 5 P, Bisr) L PP - plenbup(e)
pOn) - PO |Xes1 Bitr) p(x1) plen)
_ N”Z_:l In plcilxsup(cr), Crgts - - -5 Car) L Z plcilpaler))
pleilersr, o5 enr) P(Cl|Cz—1, <5 c1)

=1 le,eC’

N
=In | [[p@lpata)) [] plalpate)

k=1 llcieC’

N-1 N
—In |:H Pe(klXet1, Brg)p(en) HP(Cl|xsup(Cz), Clals - oo CN”)]

k=1 =1

= dx1. pW)lIps(V)), (8.73)
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where p(ci|xeup(cr), Crg1s - - -, CN”)’Z:N,, = p(cilxsup(cy)), and we define the new
backward path probability pj (V) as

PV)
N-1 N
= [ peCslxicsr, Beypoon) [ [ plerlvap(en, civrs . .oen [ pleripaten).
k=1 =1 IlepgC’

(8.74)

We here define the set C'(xx) as C'(xx) := {c¢; € C'|xqup(cr) = xx}. We have C'(xg) N
Bi+1 = §. Thus the backward path probability satisfies the normalization of the
probability as

> PV
v

N1
=> |:HPB(xkxk+laBk+1)P(xN) [ pleilxapten, ey CN”):|

X.C' | k=1 ceC’

N—-1
= > [Hp3<xk|xk+l,6k+1>p<xN> [T plakaplen ... cNf/)}

X ACN\C'(xn)} k=1 {cieC’,crgC’ (x1)}

N-1
= > [Hp3<xk|xk+1,6k+1>p<xN> [T ke . ... w)}
X\x1 1 {C\C"(x1)} | k=2 {cieC’,crgC’ (x1)}

> [p(xm [T plabsaen, e cNf/)}
} it

xv,{ereC’ (xn) c€C(xn)}
=D plww)
XN

1 (8.75)

This new backward path probability pj()) indicates that we consider the backward
path probability only for the target system X (i.e., pg(xx|Xk+1, Br+1)) under the con-
dition of other system C (i.e., H[clec’(xk)] p(ci|xsup(cr), €1, - - ., cyr)) “for each time
step k”, where the probability distribution of C is given by the distribution of the
forward process p(V). This new backward path probability pj (V) is given by mul-
tiplication of conditional probabilities for each time step k, while pg(}) in Chap. 6
(i.e., Eq.(6.27)) is given by the backward path probability for a whole time evolution
from x; to xy.

From the identity Eq. (3.28) and the nonnegativity of the stochastic relative entropy
Dx1.(pO)Ip(V)) > 0, we have the generalizations of the integral fluctuation theo-
rem and the second law of thermodynamics,

(exp[—c + O']) = 1, (8.76)


http://dx.doi.org/10.1007/978-981-10-1664-6_6
http://dx.doi.org/10.1007/978-981-10-1664-6_3
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N” N
(0) 2 D Iy — I = DI, (8.77)
=1 =1

N

> Iin — i — 0 I (8.78)
=1

where we used Eq. (8.69).

8.2.4 Examples of Generalized Second Law Including
Backward Transfer Entropy

Finally, we apply this generalization Eq. (8.77) to the causal networks corresponding
to multi-time steps of the Markovian dynamics Eq. (8.49), and the complex dynam-
ics in multiple fluctuating systems discussed in Chap. 6 previously. The backward
transfer entropy gives tighter bounds of the entropy production for these two causal
networks.

8.2.4.1 Example 1: Mulit-time Steps of the Markovian Dynamics

We here consider the causal networks in Fig. 8.3, which represents the multi-time
steps of the Markovian dynamics from time 1 to N. The information quantity ®’ is
calculated as

Fig. 8.3 Example of the
backward transfer entropy on
causal network
corresponding to Eq.(8.49)

2
IBtr


http://dx.doi.org/10.1007/978-981-10-1664-6_6
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O = iy — i — i (8.79)

N
=1 =1

Iini = i(x1 : pa(x))
=i} x)"), (8.80)

il =i(c1 : pay(cr))

=0, (8.81)
it, =i(c; : pay(cple) [2<1<N]

=i x), (8.82)

iy = i(taup(c)) < clleryr, . oon) [1<1<N—1]
=iy cx L xy), (8.83)

igu- = i(xsup(CN) : CN)

=i(xhy txy), (8.84)
where we set X = {x; = xi, ..., xy = x4}, =C = {c1 =x7',...,cxy = x3'},

pa(x)) = x', pay(x;") = ¥, pay(x;") = x_; with2 < [ < N, xqp(x; ") = x;,
with1 <[ < N — 1, and xsup(xg,") = xj"v. Thus, the information thermodynamic
inequality including the backward transfer entropy Eq.(8.77) gives the following
inequality, which is equivalent to Eq. (8.56):

(o) > (@)

= I(x,’;, :x;i) — I(x’i :xl_i)

N N
+ Zl(x;' sl — Zl(xf_l cx LT, (8.85)
=2 =2

8.2.4.2 Example 2: Complex Dynamics
We next consider the causal networks in Fig.8.4 which represents the complex

dynamics in multiple fluctuating systems. The information quantity ®" is calculated
as

N N
O = iy — i — D i (8.86)
=1 =1
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Fig. 8.4 Example of the
backward transfer entropy on
causal network of the
complex dynamics

Iini = i(x : pa(xy))

=i(x; 1 y1),

it =i(cr : pay(cr)
— (),

iZ = i(cs : pay(ca)ler)
= O’

iy = i(c3 : pay(cs)lea, ¢1)
=1i(z2 : x1lz1, y1)s

i = i(c4 : pay(cs)lcs, ca, 1)

=i(y2 : x2|y1, 21, 22),

iy = iCup(c1) © C1lea, €3, €4)
= i(x1 : y1lz1, 22, y2),

if23tr = i(xqp(c2) : c2lc3, €a)
=i(x2 : 21122, y2)s

ine = i(up(c3) : c3lcq)
=i(x : 221y2),

iy = i(up(ca) : ca)

=i(x3 : y2),
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(8.87)

(8.88)

(8.89)

(8.90)

(8.91)

(8.92)

(8.93)

(8.94)

(8.95)
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where we set X = {x1,x2,x3},C = {c1 = y1,¢2 = 21,¢3 = 22,C4 = Y2,C5 =
73}, €' = {c1, ..., ca}s patx1) = y1, pax(y1) = 0, pay(z1) = 0, pay(z2) = xi,
pay (y2) = X2, Xsup(V1) = X', Xeup(21) = X%, xgup(22) = x%, and xgup(y2) = x°. Thus,
the information thermodynamic inequality including the backward transfer entropy
Eq. (8.77) gives the following inequality:

(o) = (©)
= I(xsup(ca) @ ca) +1(x2 2 22ly2) +1(x2 2 z1lz2, y2) + 1(x1 2 yilzi1, 22, 2)
— 1y i y1) = I(z2 s xilzr, Y1) — 12 - %20y, 21, 22). (8.96)
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Chapter 9
Further Applications of Information
Thermodynamics on Causal Networks

Abstract This chapter presents further applications of the information-
thermodynamic theory introduced in Chap.6. We discuss its applications to the
steady-state thermodynamics and the feedback cooling. We show that the generaliza-
tion of the second law of thermodynamics with information flow can be generalized
for the steady-state thermodynamics and the feedback cooling. We also discuss the
relationship between our result and the third law of thermodynamics in the model of
the feedback cooling.

Keywords Stochastic thermodynamics - Information thermodynamics - Steady
state thermodynamics

In this chapter, we show several applications of information thermodynamics on
causal networks such as the steady-state thermodynamics (see also Sects.3.2.1 and
3.2.2) and the feedback cooling (see also Sect. 3.2.3). We first discuss an applications
to the steady-state thermodynamics for coupled Langevin equations. The definition
of the entropy production on causal network Eq.(6.7) is given by the ratio of the
forward path probability and backward path probability. To replace the definition
of the backward path probability, i.e., pp(xXg|xkt1, Brt1), with the (backward) path
probability of the dual dynamics Eq. (3.47) (Eq. (3.51)) as in the steady-state thermo-
dynamics, we can easily show the relationship between the housekeeping heat (excess
heat) and information. We next discuss an application to the feedback cooling. By
applying our main result (6.30) to the coupled underdamped Langevin equation, we
discuss the cooling bound and the third law of thermodynamics from a view point of
information flow. Our discussion based on the information thermodynamic inequal-
ity is different from the discussion of the paper given by K.H. Kim and H. Qian [1]
(i.e., Eq.(3.60)).
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9.1 Steady State Information Thermodynamics

Here, we generalize the steady-state thermodynamics in terms of information transfer.
We consider the following two dimensional Langevin system:

VX (1) = fA00, v, AN0) — 0, U (x, y, A1) + &,
Yy () = fox, vy, A1) — OU (x, y, A1) + &,
(@) =0,

(EDE (1) = 27, T 00t — 1),

9.1)

where fJ ( f&) is an external nonconservative force, and A(¢) is the control parameter.
We here define the nonequilibrium potential ¢(x, y, ) as

P(x, y, A) = —In pes(x, y3 A), 9.2)

where pg(x, y; \) is the steady-state distribution corresponding to a control para-
meter A\. The mean local velocity of the nonequilibrium steady state in X is defined
as

VeV (X, ¥, A) = fL (e, v, ) =0 U(x, ¥, ) + T 0 p(x, y, N). 9.3)
We consider the pathx = {xy, ..., xy}, where x; := x(kdt), y; := y(kdt) and )\; :=

A(kdt) with an infinitesimal time interval d¢. The conditional probability of the
Langevin dynamics Eq. (3.33) is given by

2
X - Ix - )é ) ) )\ dt
(VaXkst — WX — fi5 Cek, Y, M)dt) i| 04

Xt | Xk, =MN,yexp| —
P X1 k5 Yie) P|: 4T

where f5 (x, y, A) = fi(x,y,A\) —0,U(x, y, \) denotes the total force in X . Here,
we introduce the dual dynamics in X. The conditional probability of the dual dynam-
ics pp(Xr+1|Xk, yx) is given by

P (X1 1Xk, Yi)

= N, exp |:—(

2
VX1 — Vaxk — fos (ks Yo M)A + 29,05 (X, Yo Ai)dr)
4~ T*dt '

9.5)

Up to the order o(dt), the stochastic relative entropy dgr(p(Xk+1, Xk, Vi)
[|pp(Xks1, Xk, Y1) is calculated as
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dxr (p (Xk+1, Xk, YOl Pp (Xks15 Xk, Y))

= L(X —x )’.vags(-xk9 Yiks )\k) + ’vags(xk+1’ yk+1Ak+1)
Tx k=+1 k 3

1
= — Oh(kdn), 9.6)

where the housekeeping heat O3, (f) in X at time ¢ is defined as
Ohi (1) = [X(1) 0 v (x (1), y(2), A(®))]dz. 9.7

From the nonnegativity of the relative entropy Dxp(p(Xit1, Xk, Yi)llPp
(Xk+15 Xk, i) > 0, we have

(O () = 0. (9.8)

This housekeeping heat inequality is a generalization of the information thermody-
namic inequality for two-dimensional Langevin system, because Eq. (9.8) is equiv-
alent to the information thermodynamic inequality Eq.(8.44) if we replace the
steady state distribution pg(x, y, A\) by the conventional probability distribution
px(@), y(0)).

We can also derive another generalization of the information thermodynamics for
a steady state. The backward probability of the dual dynamics ppp (X |Xr+1, Vi) 1S
given by

PBD (Xk|Xk+1, Yk+1)

— Nexp | — (v @k = Xies1) + Sl Q1. Vw1, g )dt + 2T Q@i vt Mer1)dr)
= AP 4, Txdt
9.9)
We here define pgp (xk, Xki1, Yk Yir1) @s
PBD (Xks Xiv1s Yior Yir1) = PD (X | Xk 1, Yo 1) P Kkt 15 Vi Yir1)- (9.10)

Up to the order o(dt), the stochastic relative entropy between p and ppp is
calculated as

dxL (p Xk, Xk+15 Vi Ve DI PBD Xkes Xkt 15 Vi Yi+1))

Ox Xk, Yy M) 4 Ox P(k15 Vi1 A1)
2

=Inp(xp) —In p(xeq1) + (kg1 — Xk)
+ Ok Ve Yer1D) — i Ooker = (ks Yer1))

1
=In p(xx) — In p(xg+1) + I3 axkdt) + i Cep : {yis Yir1) — iGeagr © {Vks Vi1,
9.11)
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where Q7 () is the excess heat in X at time ¢ defined as

d
Q00 == —T—i.)%(t) 0 Oxp(x(1).y(1), A1)). 9.12)

From the nonnegativity of the relative entropy, we have another generalization of the
steady state thermodynamics with information

1
Asy + F(Q’éx(kdt)) > T (et T Ve Va1 D) — 1 a2 {yie, Y1), (9.13)

where the Shannon entropy difference is defined as As, := (In p(x;)) — (In p(xg+1)),
which can be replaced by the nonequilibrium potential change if p(x;) and p(xr+1)
are steady state distributions. This inequality implies that the information flow term
I (X1 2 ks Y1) — I (xk 2 {Vk, Ye+1}) 1s important if we consider the steady state
thermodynamics for coupled dynamics.

9.2 Feedback Cooling and Third Law of Thermodynamics

Next, we discuss the relationship between feedback cooling and information ther-
modynamics. By applying the information thermodynamic inequality (6.46) to the
coupled underdamped Langevin equation, we discuss a cooling bound of the kinetic
(effective) temperature and the information flow. This result is a generalization of
our previous discussion of feedback cooling with information [2].

We here consider the following coupled underdamped Langevin equation, which
describes the feedback cooling:

mi(t) = —y[X(t) — y(O)]+ £ (1), (9.14)
1

y(t) = —;[y(t) — X1+ &), (9.15)

(&'@®) =&@®) =0, (9.16)

(EME ) =29T ()6t — 1), 9.17)
Ny T (1) ,

() =2 = o —1"), (9.18)

(0@ =o, (9.19)

where y denotes the memory state of the spontaneous velocity x, 77 > 0 is a time
constant which corresponds to the operation time intervals of the feedback controller,
m is the mass of the particle, and +y is the friction constant.

The heat absorption in X [3, 4] is given by


http://dx.doi.org/10.1007/978-981-10-1664-6_6

9.2 Feedback Cooling and Third Law of Thermodynamics 125

JE(t) = (x () o [ (1) — X (D)])
= n—1[T"(t) — (m&* ()], (9.20)

where we used the relation of the Stratonovich integral (x(¢) o £ (t)) = T~ (¢)/m.
From the information thermodynamic inequality (7.7), we have

JHD)
(1)

dr <dI' —dIP" —ds”
<dI" —ds", 9.21)

where the transfer entropy is defined as dI := (In p(y(t +dt)|x(t), y(t))
—1In p(y(t +dt)|y(t))), the backward transfer entropy is defined as d I,E‘tr
= (In p(y(t)|x(t +dt), y(t +dt)) —In p(y(t)|y(t +dt))), and the conditional
Shannon entropy is givenbdef‘y = (Inpx@®)|y@)) —In p(x(t + dt)|y( + dt))).
In a stationary state, the conditional Shannon entropy vanishes, i.e., d S,X Y =0, and
the information thermodynamic inequality (9.21) can be rewritten as

T (1) — Teg (1) dt < dI — gy
T*(t) . — 7 !
<dI", (9.22)

where To; (f) := (mx2(¢)) is the kinetic temperature and ¢, := m /7 > 0 is the relax-
ation time. This inequality gives a lower bound of the kinetic temperature e (¢)
from a viewpoint of the transfer entropy d 1.

We here assume that the probability distribution is a Gaussian distribution with
(x(t)) = (y(t)) = 0. From the analytical calculation in Chap.7, we analytically
obtained the transfer entropy d 1" as

JI = Lo (1 S o <x2(t)>dt)
f2

Ty 2T (1)
— (p)? T (t)dt

T 4y Ty() ' (9-23)

where (p;) := [(£(£)y(®))21/[{#2()) (y*>(t))] is a correlation coefficient which sat-
isfies (p;”)? < 1. Thus, the inequality (9.22) gives

' -—Te@®dt 1 Tep()dt

Tx(t) 1 =i T ©-24)

or

T t, T*(1) !
o [4 Y TY(1) + 1] = Ten (1). (9.25)
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This inequality indicates that the kinetic temperature T.¢(¢) can be lower than the
temperature of the heat bath 7" () because of the feedback control effect. The lower
bound of the kinetic temperature cannot be zero, if the time constant 77 is finite. This
fact is related to the third law of thermodynamics, which states that it is impossible
for any process, no matter how idealized, to reduce the entropy of a system to its
absolute zero value in a finite number of operations [5].

We add that another statement of the third law of thermodynamics is generally
proved from the property of the transfer entropy at the zero temperature. In the
case where the system X is in a stationary state at the absolute zero temperature,
the probability distributions of X are given by the delta functions, i.e., p(x(t)) =
0(x(r)) and p(x(t)|y(t)) = §(x(¢)). The conditional Shannon entropy vanishes [i.e.,

dS'” = 0], and the transfer entropy dI is calculated as

v_ [ . . . POy +dn)|y@), X(1))
dl, —/dy(t+dt)dy(t)dX(t) [p(y(t+dt),y(t)IX(t))p(X(t))ln OGNy @) }

o o pO( +dDy (@), K1) = 0)
= / dy(t +dndy(1) [p<y<r+dz>,y<r>\x<z>—0>1n e HIRORT :O)]

=0. (9.26)

Thus, the information thermodynamic inequality (9.21) gives

0 4 5o, (9.27)

ASbarn = — "' =

which implies that the entropy change Asy,p associated with any other systems

cannot be reduced as the temperature approaches absolute zero. This is another
statement of the third law of thermodynamics [5].
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Chapter 10
Conclusions

Abstract This chapter presents the conclusion of this thesis. We summarize the
several results which is obtained in this thesis. We briefly discuss the meaning of our
results and its importance. We also discuss the possibilities of its generalizations and
applications. We also mention the other researches related to our results.

Keywords Stochastic thermodynamics + Signal transduction + Information theory -
Information thermodynamics + Causal networks

We have studied thermodynamics with complex information flows induced by
interactions between multiple fluctuating systems. The main results are in
Chaps. 6-9. We here summarize our results in this thesis and discuss an influence of
our study, a scope of application, our future prospects.

In Chap. 6, we have developed stochastic thermodynamics for multiple fluctuating
systems based on the causal networks. To divide nodes of the casual networks into two
parts, the target system and the other systems, we have discussed thermodynamics
for a small subsystem under the condition of the other systems [1]. We have defined
thermodynamical quantities and informational quantities using the terminologies of
the directed acyclic graph, (i.e., the set of parents and the topology ordering). One of
the main results is a novel generalization of the second law for a small subsystems
on causal networks. In this study, we have used the causal networks as the tool for
deriving the novel generalization of the second law of thermodynamics. We believe
that our formalism is well established because concepts of the causality, the transfer
entropy, and the second law of thermodynamics are closely related to each other.
We also add that this study would be important because thermodynamics is well
formulated on causal networks. It can be a future challenge to apply several technique
of the Bayesian networks, such as the machine learning and pattern recognition, to
the nonequilibrium thermodynamics.

We also believe that the technique in our study can be used for several studies
of causal networks. The informational quantity (®) may have a meaning even if
we do not discuss thermodynamics, but discuss the other fields of study on causal
networks (e.g., the financial marketing described by causal networks). The infor-
mational quantity (®) can be calculated in a realistic situation described by causal
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networks, because (®) is the measurable quantity given by the mutual information
and the conditional mutual information.

In Chap. 7, we have discussed the biochemical signal transduction using the main
result in Chap.6 as a simple application of our study [2]. We have showed that
the transfer entropy gives the lower bound of the robustness of the biochemical
signal transduction with a feedback loop. In our discussion, we have only focused
on the simple dynamics of sensory adaptation described by the coupled Langevin
equation. From the discussion in Chap. 6, we can discuss the accuracy of any signal
transduction which has a complex structure and a time-delay effect. In general, the
robustness of the signal transduction is bounded by the informational quantity (®),
which can be calculated from the topology of signal transduction networks. In the
case of the complex biochemical signal transduction, we can use the technique of
causal networks to treat numerous experimental data.

We have also discuss thermodynamic efficiency of information transmission in
terms of thermodynamics. Our study may answer the question how to determine the
biochemical parameter (e.g., time constant) in a real biological cell. In the process
of the evolution, it is not so strange that the biochemical system may obtain the
efficient parameter, and such a biochemical parameter may be optimized to maximize
information-thermodynamic efficiency as a total thermodynamic system.

In Chap. 8, we have discussed the further generalization of the study in Chap. 6.
Applying the data processing inequality, we have showed that the backward transfer
entropy, which is the novel information flow that we proposed, give a tighter bound
of the entropy production. In our generalization, the backward transfer entropy can
be considered as the inevitable loss of thermodynamic benefit. We believe that the
importance in the study of Chap. 8 is the proposal of the backward transfer entropy as
a loss of benefit. We believe that the backward transfer entropy can be an important
measure of causal relationship between two time series likewise the conventional
transfer entropy. It is interesting that the relationship between the backward transfer
entropy and several applications of the conventional transfer entropy such as the
Granger causality [3, 4], the phase-transition [5], and the time series analysis [6—8].

In Chap. 9, we have shown the possibilities of the application of our study. Several
nonequilibrium dynamics, such as the steady-state thermodynamics and the feedback
cooling, can be discussed using our formalism of information thermodynamics. We
believe that information flow, i.e., the transfer entropy and the backward transfer
entropy, can be an important quantity in nonequilibrium statistical physics in many
situations. We believe that several nonequilibrium dynamics of multiple fluctuat-
ing system can be discussed quantitatively characterizing the information flow. For
example, we have showed that the information thermodynamics gives the cooling
bound by information for a feedback cooling system.

We here note an influence of our research [1, 2], which include the main topic
of this thesis. Our research have led to several theoretical studies of the general-
ized second law of thermodynamics for a subsystem in a class of Markov process
[9-15] and in a class of non-Markovian process [16, 17], several theoretical stud-
ies of a relationship between thermodynamics and information in a biochemical
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sensory system [18-22], several theoretical studies of thermodynamics with
information processing [23—41] and several experimental studies on a single electron
box [42-44].

We add a limit of application of our study. Our main result Eq. (6.30) (or
Eq. (8.77)) is the relationship between the entropy production ¢ and the informational
quantity ® (or ®"). We discuss a limit of application of our study in terms of the valid-
ity of these two definitions. First, the informational quantity is based on a classical
stochastic process with causality, therefore our main result is not directly applicable
to quantum dynamics. This fact does not mean an inability of a generalization of our
study for quantum dynamics, because thermodynamics with information processing
can be discussed for quantum dynamics in a simple setup (e.g., Ref. [26]). Second,
the definition of the entropy production o is based on the definition of the detailed
fluctuation theorem [45-47], therefore it depends on the definition of the backward
path probability pp. As discussed in Chap.9, the definition of the backward path
probability can be replaced, and the physical meaning of ¢ can be changed, while
maintaining the information thermodynamic inequality (6.30). This fact suggests that
we have to take care of choice of pg in each case, to obtain a meaningful (thermody-
namic) quantity o. For example, in the case of a Langevin equation with a colored
noise, it is difficult to define the backward path probability pg and an instantaneous
value of the entropy change in the heat baths. We add that the assumption Eq. (6.2)
is not satisfied in the case of a Langevin equation with a colored noise.

In our result, we have developed stochastic thermodynamics for a small subsys-
tem interacting with fluctuating multiple other systems, and discussed the robustness
of the biochemical signal transduction. Our theory can provide a physical basis of
nonequilibrium dynamics with information and bioinformatics as Shannon’s infor-
mation theory for artificial communication. Our study has a potential to apply to
not only several nonequilibrium dynamics, but also information dynamics on causal
networks.
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