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1 Introduction

The purpose of this article (and the one to follow) is to define a generalized kinetic the-
ory of classical thermodynamic systems at a coarse-grained level (see Sect. 2 for defi-
nitions). The microscopic evolution of the system induces an evolution on the coarse-
grained states, which is generally non-Markovian.

In the same context, it has been shown recently [1] that coarse-grained deterministic
dynamical systems can be approximated by generalized Markov systems, which may ex-
plain why Markov processes are so popular in modeling actual phenomena. These con-
clusions were obtained by applying and extending some pioneering results of Kolmogorov
[2—4]. The formalism used in our previous works was relatively intuitive, even if some-
times lengthy, but it was sufficient for our first aim. However, we had to adopt some hy-
potheses that could seem reasonable but were difficult to justify precisely.

In the present work, we adopt a more abstract and rigorous formalism and show that the
previous results can be generalized to a much broader framework, as mentioned above.
This formalism is the one used in communication theory by Shannon-Weaver [5] and by
Khinchin [6] to define optimal coding, by Kolmogorov [2, 3] (and also [4] for a pedagogical
exposition) to define entropic invariants of dynamical systems. It was also introduced in
[7] in the Markovian situation only.
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The system evolution is specified by a stationary distribution on the path space X%,
where X is the finite set of coarse-grained states, and Z represents the discrete time (see
Sect. 2). At the coarse-grained level, the stationary evolution is not Markovian, but the
advantage is that the evolution takes place on the finite state space X and that we avoid all
controversial discussions concerning ergodicity and time scales for reaching equilibrium
[8,9].

Sections 2 and 3 fix notations and definitions and give basic examples. Section 4 intro-
duces nonstationary processes: the initial condition is not the stationary state on X, but
the evolution is given by the stationary process. It corresponds to the notion of partial
equilibrium of Landau-Lifschitz [10]. We define the entropy production of both processes
and show that they are equal, assuming a mixing property in Sect. 5. Although this result
seems obvious, its proof is quite lengthy.

In Sect. 6, we address the main question of kinetic theory, namely why the evolution can
be approximated by a Markovian evolution, as in the theory of Brownian motion, Fokker-
Planck equation, etc. Obviously, one also has to use a coarse-grained time scale. We define
various Markovian evolutions and prove that they approximate the exact evolution on the
coarse-grained time scale using the production of relative entropy.

We want to dedicate this article to the memory of Prof. Mark Kac, who introduced one
of us to the problems of justification of the Markov processes in statistical mechanics.

2 Notations and definitions
In this article, X denotes a finite set. Elements of X are denoted as x € X. Z is the set of
positive, 0, or negative integers.

2.1 The spaces X%, X

X7 is the space of sequences (x(n)), n € Z, x(n) € X.
We define the shift 7: X4 — X% by

T (x(.))(n) =x(n-1) (2.1)
Let I = {iy,...,i;} be a finite subset of Z ordered by i; < i < - - < i;. We define for k € Z
T+ k={i1... i1 +k} (2.2)

X' denotes the set of maps x(I) € X.
In expanded notations, we write

x(I) = (x1, i3 %0, b5+ 5 %1, ) (2.3)
with

KXle=s(I)(ix)
The shift is also defined as 7 : X! — X*1 by

T(x()) = (w1, i1 + Liw, o + 15500500, + 1) (2.4)

for x(I) given by (2.3).
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If ] C I is a subset of I, x(I)|; is the restriction of the map x(J) to the subset J.
Finally, if m <mn,and I = {m,m +1,..., n} is the interval of integers between m and n, we
denote

x(I) = x[m, n] (2.5)

2.2 Probabilities on X?
A stochastic process on X is the data of a system of probabilities p; on X’ or all finite set
I C Z with the compatibility conditions:

if ] ¢ I and x(J) € X/, then

pr(x() = o pi(x) (2.6)

(X! |x(Dy=x(N)

Obviously, the p; are known as soon as the pj,, ;) are known.
It is known that a system of probabilities p; satisfying the compatibility conditions of
Eq. (2.6) defines a probability p sur X%, the p; being the marginal laws of p

pi(x() =p(x(Z) € XZ|x(Z)|I =x(I)) (2.7)

This result is the extension Theorem of Kolmogorov [11]. The probability p is defined
on the measurable subsets of X#. By definition, the subset appearing in p in Eq. (2.7) is
measurable.

The stochastic process p is stationary if for any measurable set A C X?

p(z(4)) =p(4)

or equivalently, for any x(I) € X/, and any I

pra(z(x(0)) = pr(x(D))) (2.8)

In particular, if p is stationary;, it defines a unique probability distribution py on X by

Po(®) = pp ((x, 1))
which is independent of n.

Remark (Conventions and definition)

(i) In order to simplify the notations, we shall skip the index I of p; whenever it is clear
that we refer to p;. For instance, we write p(x([)) instead of p;(x(I)).

(if) When we use conditional probabilities, the condition is always in the past: for in-
stance, if m < n

p[m,n] (x[m; Vl])
Plmn-1)(x[m, n—1])

p(x(n))1x[m, n = 1]) = pm (x(n)) lx[m, n - 1]) =

(iii) According to the usual definition [4], the stochastic process p is ergodic if any mea-
surable set B C X7 is invariant by t having probability p(B) = 0 or 1.
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2.3 Coarse-graining
Let A be a partition of X: the elements of a € A are subsets of 2 C X such that

X= U a (2.9)
acA
anNd =¢ ifd #a (2.10)

A probability g on X generates a probability g on A by

V@)=Y q) (2.11)

xe€A

The partition A on X induces the partitions A% of X* and A’ of X!. The stochastic process

p induces a stochastic process p“) defined by

pa) = > pi(x) (2.12)

x(I)ea(l)

where the notation x(I) € a(I) means

(x) ea)) & (x()@) €al)(i)foralliel) (2.13)
pW is a coarse-grained process of p. If p is stationary, p is stationary. If p is ergodic, p'4’
is ergodic.

Such coarse-grained processes are extensively used in physics and applied sciences when
inaccurate observations cannot allow one to distinguish two different elements x belong-
ing to the same subset a of A [1, 12].

3 Examples

We only cite a few well-known processes that are of interest to us.
(a) Bernoulli processes
Let i be a probability on X. The Bernoulli process defined by w is

pi(xD) = [ [n(=D@) (3.1)

iel
It is stationary. It is ergodic if and only if x(x) > O for any x € X.

(b) Markov processes

Let R = (R)x), y,x € X be a stochastic matrix, so

D Ry=1, 0<R,<1 (3.2)
y

Let 1 be a stationary probability for R:

pO) =) Rysia(x) (33)
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Then, we define a stochastic process by

Plm,n) (x[m, Vl]) = Rxnxn,l e 'kaxk—l e 'Rxm“xm M(xm) (3.4)
where
x([m, Vl] = (xmr m; X1, M + 1:-. *Xny Vl) (35)

This process is stationary. It is ergodic if and only if R is irreducible. The Bernoulli process
(a) is a particular case when Ry, = 1(x).

(c) Dynamical systems

These systems are of special interest to physics (see [1] and Remark 2 below). Let
(M, M, 1) be a probability space so that M is a measurable space with a o -algebra M
of measurable subsets and u a probability defined on M.

Let f: M — M be a measurable bijection, which is measure-preserving, namely

n(f(B) = w(B), BeM (3.6)

Let X be a finite partition of M in measurable subsets. We define a coarse-grained, stochas-
tic process on X by the formula

Plmn] (x[m, I’l]) = M(xm mfﬁl(xmﬂ) n-- 'fik(xmd-k) n-- 'fWhn(xn)) (3.7)

where x[m,n] € XU is given by Eq. (3.5).
Then pyy,, (¢[m, n]) is the measure of the subset of elements z € M with

Z€ X  f(2) € Xmr1y.. o f T 2) € %y

This process is stationary. It is ergodic if f is ergodic (i.e., if the only measurable subset
B of M invariant by f is of measure u(B) =0 or 1).

Remark1 This definition, due to Kolmogorov, was introduced to define nonspatial invari-
ants of dynamical systems [4].

Remark 2 A particularly interesting example [4] is the case when M is a phase space, and
f is a Hamiltonian map (i.e., the map given by the solution of the Hamilton equation at a
given time) and u is the volume on M, which is preserved by f because of the Liouville
theorem.

4 Changing initial conditions: definition of the nonstationary process p.
Production of entropy
4.1 Definition of a particular nonstationary process p
Let A be a partition of X. The elements of A are subsets a C X satisfying Eqs. (2.5)—(2.10).
Let p be a stationary process on X, and g be a probability on A. These two data determine
a process on X that is a probability g on XV given by the formulas

qlalxo)
pola(xo)

Do (x([0,1]) = p(*[0,n]) (n>0) (4.1)
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qla(xo)
polalxg)

Dim ®([0,7]) =

x[0,m-1]

p(x[0,n]) (m<0<n) (4.2)

Here

%[0, n] € X107

a(xg) € A is the unique a such that xy € a

=Y po®), po being o).

xea

Definitions (4.1)—(4.2) show that the distributions py, ,,; and p,,) satisfy the compatibility
conditions and define a probability on XV, and a stochastic process (induced by the inte-
gers > 0) on X. This stochastic process is nonstationary (indeed, being indexed by the >0
integers, the stationarity is meaningless).

The initial distribution is

Bolxo) = ZEZE%;; o(xo) (43)
and the distribution at time # is
B g(a(xo))
D,(x,) = X[OZ (a(x )) ( [0,n-1], xn) (4.4)

where (x[0, # — 1], x,,) denotes the path (x(0),0;x(1), 1;...;x(n — 1), n — 1;x,, n).

Convention As previously mentioned, we skip the indices I for p, when there is no pos-
sible confusion.

Lemma 4.1 The conditional probabilities of the process p with the condition starting at
time O are identical to the corresponding conditional probabilities of the process p, so, for
0<k<nm

ﬁ(x[k, n]|x[0, k — 1]) :p(x[k,n]|x[0, k— 1]) (4.5)
The proof is obvious using (4.1).

4.2 Entropy and relative entropy
If Z is a finite set, if | Z| is the number of its elements, and if p, g are probabilities on Z, we
define the entropy of p and the relative entropy of p and g by the usual formulas [7]

S(p) == _p@)Inp(z) =0 (4.6)
zeZ
p(2)
S(plq) = ZEZZp(z )In @ >0 (4.7)
One has
0=<S(p) <In|Z|

S(plg) =0 and S(plg)=0ifand onlyifp =gq.
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4.3 Path entropy
For the stationary process, the nonstationary process, and any positive integer n, we define

the path entropy S,
Su(p) = S(ro.) == Y _, p(x[0,n]) Inp(x[0, n]) (4.8)
x[0,1]
$u(B) = SBio) = — > B(x[0,n]) Inp(x[0, n]) (4.9)
x[0,1]

Lemma 4.2 (a) One has the following identities:

Su(p) = S(po) + an:dkSk(lﬂ) (4.10)
=1
where
diS(p) = Sk(p) = Sk-1(p) (4.11)
and the same identities with p instead of p.
(b) One has
drSk(p) = [Z | p(x[0,k = 11)S((-1x[0,k - 1])) = 0 (4.12)
x[0,k-1
dS@) = Y p(x[0,k - 11)S((.|x[0,k — 1])) = 0 (4.13)
x[0,k-1]

Proof (a) is trivial. On the other hand, one has

Ak Sk(p) = - Zp(x[o, k1) In p(x[0, k] + Zp(x[o, k —1]) Inp(x[0, k - 1]

i paloK
== 2 ORI e kT

px[0, k]) p(x[0, k]
== 0,k — 1
x[O,Xk—:l] x[ Z p(x[O k- p(x[O, k—1]

which is (4.12). Similarly, we derive (4.13) using Lemma 4.1. O

Lemma 4.3 (a) For the stationary process p, one has the identity

AkSkprox) — Are1Sk-1(Prok-17)

== > Pk -10)S(p(Ixl-k, ~1]) [p(.Ix[k + 1,-1])) <

x[-k,—1]
(b) diSk(p(pox) is a decreasing sequence with a limit s(p).

Proof Using the definition of d;S (Eq. (4.12), one has by stationarity of p

Ak Sk(pProx) — dr-1Sk-1(P(Prox-17)
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= [ > p(st0, K1) Inp((R)x{0,k - 11)
= >~ p(al0,k = 11) Inp (sl — 1)1{0, k 2]
= [ 3" p((-k,01) In p(x(0) [k, ~11)
= >~ plal—k+1,0]) Inp(x(0)lxl—k + 1,-1]) |

. p(0)|x[-k,—1])
==Y p([-k,0])In POk +1,-1])

=-> " p(xl-k -11)S(p( |-k, ~1][p(Jx[-k + 1,-1)) <0 H

4.4 The case of a stationary probability p
In this case, we will use a theorem that was first presented in Ref. [1], using the concept of
martingale (see, for instance, [13, 14], or [12] for a simplified definition).

Theorem 4.4 For x = x(0) € X, the sequence of random variables p(x|x[—k,—1]) is a mar-
tingale with respect to the sequence Fy of o -algebras generated by x([-k,—1]). Moreover,
these random variables are positively bounded by 1.

Using this theorem, Lemma 4.3(b), and the identity (4.10), one obtains the result of
Kolmogorov-Shannon [4, 6]:

Theorem 4.5 For the stationary process p, one has
(a) dkSk(p) has a limit s(p) for k — oo
(b) One has

1
lim —S,(p) =s(p) (4.14)
n—>0o 711
Definition s(p) is the (asymptotic) production of entropy per unit time of the process p.
For completeness, the proofs of Theorems 4.4 and 4.5 are given in Appendix A.

Remark 3 In the special case where p comes from a dynamical system (Eq. (3.7)), it is
proved in [3] that diSk(p) is a decreasing sequence, and there is no need to use martingale
theory.

4.5 Non-stationary probability p

In the nonstationary case, the production of entropy at time k is diSk(p). The asymptotic
entropy production of p is well defined if di Sk (p) tends to a limit when k — oco. As shown
later, further hypotheses are necessary for such a limit to exist. In the general case, we can
only prove that

C's(p) < liminf d;S;(p) < limsup di Sk (p) < C"s(p) (4.15)
where C’ (resp. C”) is the lower (resp. upper) bound of g(x)/p(x) (0<C' <1< CC").

Proof These inequalities straightforwardly result from Egs. (4.1)-(4.2) and Theo-
rem 4.4. g
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5 Production of entropy for a nonstationary distribution p
5.1 Mixing process
We say that the stationary process p is a mixing process if for 0 <n <n + k

nli)rglop[omk) (%(0), x[n, 11 + k1) = po (x(0))piox (t " (%[, 1 + k1)) (5.1)
In expanded notations, this means that for n — oo

P(%(0),0: 2, 13011, 1+ L5 5 X 11 + K)

- P(x(o); 0)l7(xn: 05 %4415 L5 oo o3 %1k K) (5.2)

for any sequence x(0),0 : X, 15 %y11, 1 + 15 .5 %00, 1 + k of k + 1 elements.

The mixing property implies ergodicity [4].

Theorem 5.1 Ifp is mixing, the nonstationary process p defined in Sect. 4 has an asymp-

totic distribution in X, which is p(x).
Proof The asymptotic distribution of p (if it exists) is

= lim Z x[O n] with x(#n) = x fixed

x[0,n-1]

= lim ) " p(x(x(0), 0;x(1), n) (5.3)
x(0)

= "]*TO;ZE ; Z (%(0), 0;x(n), 1)

But p(x(0), 0; x(n), n) — p(x(0))p(x) by the mixing property. As the sum over a € A is finite,
the limit in Eq. (5.3) exists, and it is p(x). a

5.2 Production of entropy for p when p is mixing. The main theorem
Theorem 5.2 Assume that p is a mixing process. Then
(@) d,S,(p) has the limit s(p)
(b) Tim, 15,() = s(p)
Then p has a well-defined production of entropy, which is the same as the entropy produc-
tion of p.

The proof of this basic theorem is the consequence of successive partial results, which

are postponed to Section 5.4 and completed in Appendix B.

5.3 Production of entropy for a mixing process p

Theorem 5.3 If p is a mixing process, one has
arSk(p) = nlingo Zp(x(O),x[n, n+k-— 1])S(p(.|x(0),x[n, n+k-— 1])) (5.4)

the sum being taken over x(0) € X and over x[n,n + k — 1] € XU+k=11,
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Proof The mixing property (5.1) implies that the conditional probability pig . (x(n +
k)|x(0), x[n, n + k — 1]) has a limit:

lim pion+i] (x(n +k)|x(0),x[n, 1 + k — 1])
= prox(x(n + k)|t‘”(x[n, n+k— 1])1 (5.5)
where the limit is taken with a fixed k and fixed x(0),x(n), ..., x(n + k — 1), x(n + k). Then

—p(.|x(0),x[n,n +k - 1]) ln(p(.|x(0),x[n, n+k- 1])) 5.6)
5.6
— —p([t7"(x[n,n + k= 1])) Inp(.|c™" (x[n,n + k - 1]))

and all these quantities are uniformly bounded by maxo<4<; | Inc|. As X is finite, we can
sum (5.6) on x(n + k) and obtain

S(p(1x(0),x[n,n + k—1])) — S(p(.|t"x[n,n + k- 1])) (5.7)

while staying uniformly bounded. By the Lebesgue theorem of dominated convergence in
LY(Z,p), we have [15]

E {S(p(.1x(0),x[n,n + k= 11))} = E,{S(p(|z"x[n,n + k - 1]))} (5.8)

where E,{} is the mathematical expectation for the measure p. Now, the first term in
Eq. (5.8) is

Z p(x(O),x[n, n+k-— 1])S(p(.|x(0),x[n, n+k-— 1]))

x(0),x[n,n+k-1)

and the last member in Eq. (5.8) js, using (4.12)

> p[0,k - 11S(p(.|x[0,k - 11)) = diSk(p)

x[0,k—1]

which proves Eq. (5.4). O

Theorem 5.4 If p is a mixing process, for any probability q in X and for the associated
process p defined in Sect. 4, one has

diSe(p) = lim Y " p(x(0), x[n, 1 + k — 11)S(@(.x(0), x[, 1 + k — 1]) (5.9)
where k is fixed and the sum is over x(0), x[n, n + k].

Proof Using the definition of p and Lemma 4.1, one has

Zﬁ(x(O),x[n, n+k—11)S(p({x(0),x[n, n + k - 11))

_p [dlato) )
= {P(ﬂ(x(o)))s(p('|x(°)’x[”’ n+k 1])} (5.10)
- Z %Ep{la ((a))S(p(.|%(0), x[m, m + k — 1])}

acA
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where 1, is the characteristic function of the subset a of X. By the mixing property Eq. (5.1)

and Lebesgue theorem of dominated convergence, we have

nli)rglo Ep{la (x(a))S(p(.|x(O),x[n, n+k-— 1])}
:p(a)Ep{S(p(.|r_"x[n,n+k— 1])} (5.11)

=p(@) ) p(([0,k - 11)S(p (%[0, k - 1]) = p(@)diSk(p)

where we have used (4.12). So, by Eq. (5.10), we have proved Eq. (5.9). d

5.4 Proof of Theorem 5.2

We first derive several successive lemmas.

Lemma 5.5 Let
q(x,y,z) be a probability distribution on three variables x, y, z taking discrete values,
q(x) and q(x,y) the corresponding marginal laws,
q(z|x) and q(z|x,y) the corresponding conditional laws of z.

Denote by Sy the entropy of the probability distribution of z. Then, we have the identity

> q@)Sz(qllx) = q(x,5)Sz (q(.lx,y) = qxy)Sz(al %)) Iq(.lx)> >0 (512
x Xy

x,y

Proof We apply the definitions to the first member to obtain identity (5.12). O

Lemma 5.6 One has the identity

Zﬁ(xO),x[n, n+k-— 1])S(f9(.|x0),x[n, n+k-— 1])
= > B([0,n+ k- 11)S@(x[0,n + k- 1]) (5.13)

= ([0, 1+ k= 11)S(p(.|x[0, 7 + k - 11) |B(-|x(0), x[m; m + k — 1]))

where each summation is over the variables appearing in the concerned probabilities. For

instance, the first sum on the left is over x(0),x(n),...,x(n + k — 1).
Proof of Lemma 5.6 We apply Lemma 5.5 to g = p with the substitutions
x— (x(O),x[n,n+k—1]), y—x[1l,n-1, z— x[n+ k|
so that (x,y) — x[0,n + k — 1]. (N

Lemma 5.7 We have

lim lim Zﬁ(x[o,n +k-1])

k— 00 n—00

x S@(.1x[0,n + k — 1])[p(.|x(0), x[n,n + k= 1]) = 0 (5.14)
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The proof of this lemma implies that the first member of (5.13) tends to 0 when # and
k tend to be infinite, which may seem intuitive from the definition of mixing. However,
rigorous proof of Lemma 5.7 requires several further steps, as shown in Appendix B. It
allows one to complete the proof of the basic Theorem 5.2.

End of the proof of Theorem 5.2 'We start with the identity (5.13) of Lemma 5.6. The second
term of the right member of this identity is just

=Y (0,1 + k= 11)S(@( 1[0, 71+ k = 11)) = dysicSpi(P) (5.15)

We see that the limit when #n — 0o of the first term is, using Theorem 5.4, Eq. (5.9)
HILTO Zp(x(O),x[n, n+k —11)S@(.x(x(0), x[m n + k — 1])) = diSk(p) (5.16)

Now, in the identity (5.13), taking the limits when # — oo and then k — oo, the first mem-
ber tends to 0 by Lemma 5.7. Taking the same limits in Eq. (5.16), its first term tends to
s(p). So, the second term of Eq. (5.13) d,,£S,.+x(P), has a limit, which is s(p). Thus, we have
proved that the nonstationary process p has a production of entropy s(p) = s(p). g

6 Markov approximations

6.1 The process p™ of memory T associated to p

In general, the process p has an infinite memory. Let T be a positive integer. We define a
process p') on X of memory T associated to the process p by the formulas

D(x[0,k]) = p(x[0,k]) fO<k<T-1

k
D(x[0,k]) = p(x[0, T = 1]) [ [ p(x(i)lcli = T,j-1]) ifk>T
j=T

Distance between p and p™ An asymmetric “distance” between p and p*) for n-step
trajectories can be evaluated from the relative entropy of these two processes (see Sect. 6.4.
below):

S(promlPio))

This quantity is related to the total variation distance between pyg ;) and pg )n], as shown in
Sect. 6.4.

Theorem 6.1 For every ¢ > 0, there exists a time T, such that forn > T > T,, one has
1 (1)
0= ~S(pronlpi) < (6.2)

So, the distance between py,,) and pg, L] tends to 0 when n — oo.

Proof Using the definition of the relative entropy, Eq. (4.7), one has

S(promplgy) = ~S@om) = Y p(x[0,1]) Inp™ (x[0,n]) (6.3)

x[0,n]
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On the other hand, it follows from Eq. (4.9) that

~S(pron) = -Swo) = Y _ diSi(p) (6.4)

k=1

and by definition (6.1), ifn > T

- Z p(x[0,n]) Inp" (x[0, n))

x[0,n]

S(plo, T -1]) Z Z (x[i = T /1) Inp(x()|x[j = Tj - 11)

J=T x[j-T]

By the stationarity of p, this is

(po.r-1) ZZ x[0, T1) Inp(x(T)|x[0, T - 1])
j=T x[0,T] (66)

=S(ppr-1)+(n-T+1)drSt(p)
From Egs. (6.4), (6.6), and (6.3), we obtain

k=n

S(proalpiey) =Y (drSr(p) - diSk(p)) 6.7)
k=T

According to Theorem 4.4, d;Sk(p) decreases when k increases, so each term of the sum
in Eq. (6.7) is > 0, and dSi(p) — s(p). Choose T, sothator k> T > T,

s(p) < diSi(p) <s(p) + ¢ (6.8)
Then, forn>T > T,

S(pom|Ploy) < (n—Tee (6.9)
which completes the proof of Theorem 6.1. d
6.2 Partial histories of length T
Definitions A partial history of length T is an element of X”. The nth history of length
T is

D(n) = (x(nT)),x(nT +1),...,x((n+1)T - 1)) e X” (6.10)
If M and N are positive integers (M < N), a sequence of partial histories is

DM,NT = (D M),...,xD(N)) (6.11)

We also denote by 77’ the translation of time 7 on histories of length T
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Theorem 6.2 (a) The process p0 induces a Markov process p'7 on partial histories of
length T by the formulas

pT) (x(T)(O)) =p(x[0, T - 1])

(6.12)
PP *D[0,N1)) = p 7 (x[0, N + )T - 1])

The transition probabilities between histories of length T are

2T-1

RED WD) = [T p(et)lli - 7,/ - 11) (6.13)

j=T

where, according to Eq. (6.10)
@0) = (x(0),...,x(T-1)), ") = (x(T),...,x(2T - 1)) (6.14)

(b) The stationary probability of the Markov process p'T) is p') ({7 (0)).
(c) The production of entropy of p'7

Zp (*D(0))S(R(1x(0)) (6.15)
7)(0)

where S(R(.|x1(0)) is the entropy of the probability distribution x(1) — R(x"(1)]
™(0)).

Proof Using the definitions of Egs. (6.13) and (6.1), we have

POEDON) =0 =) [] pG)ali-T.j-11)
(6.16)
N
=pD(x D) [ JRET &)1k - 1))
k=1

We now show that p(7(x(7)(0)) is the stationary probability. It will prove that (6.16) is the
usual formula [16] for a Markov process (Eq. (3.4) in Sect. 3). One has

> REO WD) (x7(0)))

(1) (0)

= Z p(*[0, T = 11)p(x(T)|x[0, T = 11)p(x(T + 1)|x[1, T1) - --

x[0,T-1]
~p(xQ@T - 1)|x[T - 1,2T - 2])

(<[1, T+ 1))
= > p(o, Tl)%p(xmznx[z,m)--- 6.17)

x[(0,T-1]

_ p(x[2,T+2])
= Z p(x[1, T+ 1])197(941, e T

x[1,T-1]

=p(x[T,2T - 1])
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=p(r7"%[T,2T - 1]) = 5V (12D (1))

So, p'7(x1(0)) is indeed the stationary probability of the Markov process p.
On the other hand, Eq. (6.15) is just the usual formula for the entropy production of a
Markov process [16)]. g

6.3 Comparison of p and p'
The process p induces a stationary process on the partial histories of length 7' (denoted

pr) by
pr (D [M,N]) = p(x[MT, (N + 1)T - 1)) (6.18)

The process pr is exactly the same as p except that it is restricted to an integer number of
time 7.
The entropy production of pr is

sr(pr) = Ts(p) (6.19)

So, one can rewrite Theorem 6.1 as follows.

Theorem 6.3 Denote by St(. |.) the relative entropy of two processes defined on histories
of length T. Then, for any € > 0, there exists T,, independent of N, such that for T > T, one
has

1 ()
WST(pT,[O,n]] Pon) <€ (6.20)

6.4 Distance between pr and p'”

We can interpret this relation as follows. If p, g are probabilities on a finite space Z, the
following Pinsker inequality [17] relates the relative entropy of p and g to the total variation
distance of distribution p and ¢:

2
%(le(@ - q(z)|> < S(plg)
zeZ

This shows that S(p|q) represents an asymmetrical distance between p and g. Equa-
tion (6.20) implies that the absolute distance between the actual process pr and the

Markov process p'7, divided by T, goes to 0 for long times 7.

Theorem 6.4 One has for the production of entropy
lim Lsr(37) = 6.21
fim 7sr (@) =5(0) (621

Proof We use the expression of the entropy production of a Markov process (Eq. (6.15))

2T-1

s@P) == Y plo, 711 ] pla()iali- T.j - 1)

x[0,7-1] j=T
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2T-1

x Y Inp(x(k)lxlk - T,k - 1])

k=T
2T-1 k

- Z Zp(x[o, T-1]) Hp(x(j)|x[j - T,j-1]) Inp(x(k)|x[k — T, k - 1])
k=T j=T

2T-1

- Z > p(x(1,11) 1‘[ p(x()lxlj - T,j - 11) Inp(x(k) |x[k — T, k — 1)

2T-1

==Y Y plalk—T,k-1])Inp(x(k)|xlk - T,k - 1])

k=T x[k-T,k]

and by the stationarity of p and Eq. (4.12)

~T Y p(x[0, T]) Inp(x(T)|x[0, T - 1]) = TdrSr(p)
x[0,T]

However, by Theorem 4.5, d7S7(p) — s(p) if T — oo, which gives Theorem 6.4. O

6.5 Attenuation of the memory
We come back to the process pr on histories of length T'. We now prove

Theorem 6.5 For a fixed integer N >1, one has
lim 1 Z p(x[0,N - 1)
T—oo T ’
(D]o,N-1] (6.22)
x Sr(pr (1" [0,N - 1])Ipr (Jx DN - 1)) =

Proof We use the definition of relative entropy and decompose the sum of Eq. (6.22) into

two terms:

Ay = —dnStn(pr)
== > pETON-1) x Sr(p(IT 0N - 11))

D [0,N-1] (6.23)
NT-1
= —(SwonT-11 — SPO.N-1)T-1]) = - Z drSi(p)
k=(N-1)T

and
Ay = — Z p(xP[0,N - 1))
*D[0,N-1]

Z N[0, N = 1]) Inpr (xP ()« D (N - 1))

6.24
Z D[0,1]) Inpr (" (1)1x"(0)) (624

2T-1

= S(proar-1)) — SWor-1) = Y, diSk(p)

Page 16 of 21
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Both sums (6.23) and (6.24) contain T terms d;Sk(p) which tend to s(p). This gives the
result (6.22). O

As a consequence, if T is large enough, within a given accuracy, ¢ is possible to neglect
the distance between the process at time N7, with complete history from time 0, and the
process with history limited to the last period of length T', between times NT and (N -1)T.

In practice, one can neglect the memory after times larger than 7.

7 Conclusion

It has been rigorously proved that coarse-graining dynamical systems induce new sys-
tems that partially approximate the original systems. This conclusion is often anticipated
intuitively in modeling physical or applied phenomena, which most generally needs sim-
plifying and approximating actual observations. Because of its importance, this question
has been, for a long time, the matter of many studies (see, for instance [18], and references
therein), but it is difficult to obtain both a general approach and exact results on dynam-
ical problems. Recently, it has been shown that innovative concepts introduced by Kol-
mogorov somewhat sixty years ago can be combined with the martingale theory to yield
novel results in this domain. At first, this point of view was applied to classical Hamil-
tonian systems [1], and a major result was that under appropriate, realistic conditions,
coarse-graining systems generate an approximate Markov system. Here, we have seen that
the same reasoning applies to much more general, possibly stochastic, processes. Using a
purely mathematical formalism, we obtained new, more general conclusions.

In particular, we have proved that the Kolmogorov entropy, introduced by Kolmogorov
for ergodic stationary processes [4], also exists for a class of nonstationary processes de-
fined for coarse-grained systems: these processes are obtained by imposing a nonstation-
ary coarse-grained initial probability distribution, whereas the initial conditional distribu-
tion remains stationary in each grain. Such nonstationary coarse-grained distributions can
be adopted in realistic mesoscopic systems if they are initially constrained to nonequilib-
rium. In contrast, local equilibrium is almost instantaneously re-established: these approx-
imations are often valid in realistic examples [10, 19], which justifies studying this special
class of nonstationary processes. Moreover, it has been proved that the asymptotic en-
tropy production of these nonstationary processes is identical to the entropy production
of the microscopic stationary process, provided this one is mixing. This is our main result,
which allows one to approximate a large class of coarse-grained dynamical processes by
Markov processes.

Alternatively, within the framework of the previous general theory, a forthcoming arti-
cle [20] will present further exact results concerning the comparison of different coarse-
grainings of dynamical systems that are of interest for modeling Markov and non-Markov

processes.

Appendix A: Proofs of Theorems 4.4 and 4.5
Theorem 4.4 For x = x(0) € X, the sequence of random variables p(x|x[-k,-1]) is a mar-
tingale with respect to the sequence Fy of o -algebras generated by x([—k,—1]). Moreover,

these random variables are positively bounded by 1.
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Proof Consider the random variables
7 = p(xlx[-k,~1]) = p(x| Fy).
We have because Fi_; C Fx
E(mt] Fro1) = E(p(x| Fi)| Fro1) = p(xl Fiot) = i1,

where E{} is the mathematical expectation for the measure p. So, 7y is a martingale on the
o -algebra Fy, and by the convergence theorem of martingales [13], it converges almost

surely to a limit # when k — oo. O

From the previous theorem, one can deduce the theorem of Kolmogorov-Shannon [4—
6].

Theorem 4.5 For the stationary process p, one has
(a) diSk(p) has a limit s(p) for k — oo
(b) One has

lim 2,(p) = s(p) (A.1)

n—-oo 1

Proof (a) We use Eq. (2.13) and the stationarity of p so that

dSp)= Y p(xl-k,~11)S@p((-lx[-k,~1])) = 0 (A.2)
x[~k,~1]
where
S(p(-lxl-k,—1)) == > p(x(0)lx[-k, ~1]) In p(x(0) [k, -1]) (A.3)
x(0)

By Theorem 4.4, the sequence of random variables p(x(0)|x[-k,—1]) is a martingale
with respect to the sequence F of o-algebras generated by x([—k, —1]). Moreover, these
random variables are positively bounded by 1. So, by the theorem of convergences of
martingales [4], this sequence converges p-almost surely to a certain random variable
p(x(0)|x[—00, —1]) (as well as any Lebesgue space L' (X", p) for 1 < r < +00). Furthermore,
px(0)|x[-k, —1]) In p(x(0)|x[-k, —1]) converges also p-almost surely, as well as the finite
sum S(p(.|x[—k, —1)) over x(0) € X, while staying uniformly bounded. By Lebesgue of dom-
inated convergence [6], the integral over p of these random variables converges, so d;Si(p)
converges.

(b) %S,,(p) is, up to %S,,(po), the arithmetic sum of the first n differences diSi(p)
(Eq. (4.10)). d
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Appendix B: Proofs of Lemma 5.7 and Theorem 5.2
Using the definition of p and Lemma 4.1 for the conditional entropy, we have

Zﬁ(x[O,N+k— )S(p( |x[0, 7 + k — 1])|p( |x(0), x[m, n + k — 1])

ZZEZXE; n+k=1])S@p(I%[0, 1 + k —11) p(1(0), x[n, n + k — 1])

<C> _ p(xl0,n+k—11)S(p(1x[0, 1 + k - 1])[p(1%(0), x[m,n + k - 1])

where C = max g(a)/p(a).
To prove Lemma 5.7, we prove

Lemma 5.8 Oune has

lim lim Zp(x[o,n +k-1])

k— 00 n—00

x S(p(.1x[0, 1 + k = 1]) |p(.|%(0), x[m,n + k—1]) =0 i
Proof of Lemma 5.8 We split the sum in the first term of (5.16) into two terms
> p(x[0,7+ k= 11)S(p(.|%[0, 2 + k = 1) |p(-|x(0), [, + k —1])
=Ei(n+ k) + Ea(n, k) (B.2)
with
—Ey(n+k) =E,{S(p(.|x[0,n+k-1]))} (B.3)
and
Ey(n, k) = {Zp n+k)|x[0 n+k-— l])lnp( (n + k)|x(0), x[n, n + k — 1])} (B.4)
Lemma 5.8 is proved from the next two Lemmas. O
Lemma 5.9 We have
lim Ej(n+k)=-s(p) (B.5)

n+k— oo

Proof of Lemma 5.9 By the stationarity of p, we have

Ein+k) = ZEP{—p(x(O)Ix[—n -k, ~11) In p(x(0)|x[-n — k, -11) }
x(0)

The martingale p(x(0)|x(—#n — k, —1) is uniformly bounded and converges p-almost surely,
and it also integrable, so that, by the convergence theorem of martingales [13]

lim Ei(n+k)= ZEP{—p(x(OMx[—oo, -1]) Inp(x(0)|x — 00, ~1]) } = —s(p).

n+k— oo
x(0)
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Lemma 5.10 One has

lim lim Ej(m, k)

k— 00 n—00

B.6
=- Z E, {p(x(0)x]-00, ~1]) In p(%(0) |x]-00, ~1]) } (56)
Proof of Lemma 5.10 We have
Ey(n k)= =Y p(x[0,n + k= 1])p(x(n + K)|x[0,n + k — 1])
X lnp(x(n + k) |%(0), x[n, n + k — 1])
==y p(x[O, 7+ K1) Inp(x(n + k) [%(0), x[n, n + k - 1]) (B.7)
= — Z x(n + k))} lnp(x(n + k) |x(0), x[n, n + k — 1])
x(n+k)
= EP{S(p(.|x(0),x[n,n + k- 1])}
Now, we have seen in Eq. (5.8) that this converges when n — oo to
11m Ez(n k) = {S(p( |t "x[n,n+ k- 1])}
(B.8)
=E {S(p(|x[a k- 1]))} = dkSk(p) (by Eq. (4.12))
So,
khm nlinoloEz n, k) = s(p) (B.9)
Egs. (B.8) and (B.9) prove Lemma 5.10. O

This concludes the proof of Theorem 5.2.
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