INTRINSIC MARKOV CHAINS()

BY
WILLIAM PARRY

0. Introduction. The object of this paper is to analyse the structure of stochastic
processes with finitely many states which behave qualitatively like Markov
chains, in that the ‘possible’ sequences of the processes are determined by a
chain rule. Such processes are called intrinsically Markovian.

In §1 we establish some necessary and sufficient conditions in order that a
stochastic process be intrinsically Markovian. In §2 we investigate an equivalence
relation compatibility (weaker than probability equivalence—equivalence) be-
tween stochastic processes with finitely many states. Within the compatibility
class of an intrinsic Markov chain there are stationary Markov chains and proc-
esses which we term piecewise linear. These latter processes are in turn equiv-
alent to stationary Markov chains. In §3 we define the absolute entropy of
a stochastic process with finitely many states and show that this is an invariant
of compatibility which dominates all the (probability) entropies of stationary
processes within the compatibility class of an intrinsic Markov chain.

However, there is a unique stationary probability whose entropy is equal to
the absolute entropy. This probability makes the process a Markov chain. More-
over, this Markov chain is equivalent to a process which is not only piecewise
linear, but uniformly piecewise linear. This result leads to the conclusion that
for every positive number between zero and the absolute entropy, there is a
compatible stationary Markov chain (equivalent to a piecewise linear process)
with this number as its entropy. We also outline a simple procedure for deter-
mining the absolute entropy and the chain which has this maximal entropy.
An incidental result states that a process which behaves information theoretically
like a Markov chain must be a Markov chain. These results appear in §3 and §4.

DEFINITIONS.

1. A nonatomic stochastic process with a finite number of states (n.p.f.)
is a system (X,4%, m, T) where:

(i) For some integer s = 2,

X c {x=x,%,:%€(0,1,---,s—1)}.

(ii) & is the o-algebra generated by cylinders C,(x) of X, where
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Cn(x) = {y “Yos s Yn = Xo» "'axn}
= (an"' sxn)

(iii) m is a nonatomic probability on B,

m{x} =0 for all xe X.
(iv) T is the shift transformation of X onto itself,

T(xg,X1s++) = (X1,X3,"")

and Tis nonsingular on cylinders, i.e.,
mT~'C,(x) =0 if and only if mC,(x) =0.

(We may suppose without loss of generality that mCqy(x) > 0 for all xe X.)
2. An n.pf. is called transitive of order k if for each pair of cylinders
(x150+5 %), (Ve o+, yp) Of length k with positive probability there exists a finite

sequence z,,---,z, such that
m(xl,"'sxk’zl"",zm yli'“,yk) > 0~

An n.p.f. which is transitive of order 1 is said to be, simply, transitive.
3. An n.p.f. is said to be intrinsically Markovian of order k if

m(an"',xn) >0 and nl(xn—k+1"'°sxn+l) >0

implies m(xq, -+, Xp, Xy 1) > 0.

An n.p.f. which is intrinsically Markovian of order 1 is said to be, simply,
intrinsically Markovian.

4. Ann.p.f. is said to be reduced if mC,(x) >0 forallxe X, n =0,1,---.

5. (X,#,m,T) and (X,4,p,T) are said to be compatible (m ~ p) when
mC,(x) > 0 implies pC,(x) > 0, and vice versa.

6. (X,2,m,T) and (X,4%,p,T) are said to be equivalent (m ~ p) when
m(E) > 0 implies p(E) >0 for all E€ # and vice versa.

7. The structure matrix of an intrinsic Markov chain (X, 4%, m, T) is defined

as the s xs matrix

L= |!6(i’j){, i,j=0,,,5s—1

where
0 if m(i,j)=0

= 1 otherwise, and s is the number of states.

I

o(i,))

Evidently X is an invariant of compatibility.

REMARK 1. It is not difficult to see that an n.p.f. can always be replaced by a
reduced n.p.f. In fact if A~ is the set of cylinders C(x) for which m C(x) =0,
then a reduced n.p.f. is obtained by considering the n.p.f. induced on the set
X*=X- UC(x) « +C(x).(Note that 4" is a countable collection of null cylinders.)
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REMARK 2. If (X, %, m, T) is transitive of order k, so is its reduction.
ReMARK 3. The reduction of an n.p.f. which is intrinsically Markovian of
order k is also intrinsically Markovian of order k.

1. Intrinsic structure.

Lemma 1. Ann.p.f. (X, B, m,T) is intrinsically Markovian of order k, if and

only if
mCy_(Tx) = mTC(x)

whenever m C,(x) > 0.
We remark that TC,(x) = C,_{(Tx) N TCy(x). Consequently the condition
mC,_(Tx) = mTC,(x)
is equivalent to
TCy(x) o Co—((Tx) [m], i.e., m[C,_,(Tx) — TCy(x)] = 0.
Lemma 1 is a consequence of:
LeMMA 2. A reduced n.p.f. is intrinsically Markovian of order k, if and only if
Ci-1(Tx) = TC(x) or TCy(x) o Cy_(Tx).

Proof. Suppose m(xgy,--+,x,) >0 and m(x,_g4qs ***s XpsXs41) > 0 implies,
m(Xg,+,Xp+ 1) > 0 and

TCy(x) ;Ce Ci—(Tx),
i.e., m(xq,:+,x,) >0 and
T(xo’...,xk) g (xli'"’xk)‘

Then there exists C = (X, +++, X Xgs 15+ Xx41) # & such that (xo) NT™!'C =
but

(xo) N T-l(xb oy Xeyr-1) F D

Therefore m(xg, -+, X4;-1) >0 and m(x,,---, x,4;) > 0 and by hypothesis
m(xg, +++, X, +1) > 0 which is a contradiction.

Suppose C;_1(Tx) = TC,(x). Suppose m(xg, -+, Xp) >0, M(Xy— 4 15*** s X4 1) >0,
and m(xg,+:+,X%,+;) =0. Then (xq,--- .x,4,) = and

D = T(xg, s Xp4q) = T[(xo,'“,xk)nT_(H”(ka,‘“aan)]
= (X, %) N T_k(xk+19"'9xn+l)(2)

= (xb v ’xu+1)‘

(2) We have not assumed T to be one-one. Nevertheless, if 4 < (x;) and B is any set,
then T(4 N T-1B) = TANB.
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Proceeding in this way we get
—k
(nkt 155 Xms Xns 1) = (Xpopa 155 %) N T (X4 9)

=,
which is absurd since
M(Xy—k4 155 Xn+1) > 0.

It is not difficult to see that an n.p.f. which is intrinsically Markovian of order k
can be regarded as intrinsically Markovian of order 1, by enlarging and recod-
ing the state space. In fact we need only assign non-negative integers to the dis-
tinct cylinders C,_,(x) and note that

(%) = (X0 X1, ) = Coo () NTTIC ((TX) NT=2C, - ((T?x) O -

for if
YeCo () NTTIC_ (Tx) N -

then

Yo Yk—-1 = Xo5 s Xp-1

yl,-..,yk i xl,.-.’xk

Vis 't s Vak-1 = Xpo s Xok—1

ie.,
y = X.

After recoding, the condition C,_(Tx) = TC,(x) for a reduced n.p.f. is then
transformed into the condition Cy(Tx)= TC,(x) for the new cylinders and
transitivity of order k becomes transitivity of order 1.

From here on we assume that (X,%,m,T) is a fixed reduced process which
is intrinsically Markovian and transitive of order 1.

2. Compatibility of probabilities. If T = | o(i,j)| is the structure matrix of
(X,#,m,T) we say that t=|(i,j)|| is a stochastic transition matrix com-
patible with X,if 7 is s x s (s is the number of states)and z(i,j) > 0 if o(i,j) = 1,
1(i,/)= 0 if 6(i,j) = 0 and if X;1(i,j) = 1.

THEOREM 1. For every transition matrix t© compatible with £,(X,%#,m,T)
is compatible with a stationary ergodic Markov chain (X,%,p,T), with T as
its transition matrix.

Proof. It is well known that there exist ‘‘stationary absolute positive prob-
abilities’’ p(0),---,p(s—1) such that the probability defined by

P(xo, "',xn) = p(xO) T(xoxl) v T(xn—l xn)
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makes (X,4%,p,T) an ergodic stationary Markov chain. (The ergodicity of T
and the positivity of p are consequences of the transitivity of T.) Moreover
p~m.

(X,%,p,T) is said to be a piecewise linear process if for each i =0,---,s—1
there exist constants K(i) such that

K(i)p(i,xl, "'9xn) = p(xl""’xn)
for all cylinders (i, x,,---,x,) with
p(i,xq, 4, %x,) > 0.

(X,4%,p,T)is said to be uniformly piecewise linear if it is linear and if the multi-
plicative factors K(0),---,K(s—1) are all equal.

THEOREM 2. For every s positive numbers 10),---,1(s—1) with X,1() =1,
(X,%,m,T) is compatible with a piecewise linear process (X, %, p, T) such that
p(i) = I(i). (The piecewise linear process is completely determined by p(i) = I(i),
i=0,-,5—1)

Proof. Define p(i) = I(i),
1

K(i) = 20 ? p(j)a(i.j)
and
P = e DI
then
L p(ij) = p(i).
Define '

3 p(x,)
p(xg, -+, X,) = K(xo)K(x,) - K(x,_,)

= 0 otherwise.

if m(xg,---,x,) >0,

It will suffice to note that if p(i,x;,--,x,) > 0 then

p(x,)
K(D)K(xy) -+ K(x,-1)

1
= .I.Z.(T) p(xl, ""xn)'

p(isxl""’xn)=

Consequently (X, 4%, p, T) is a piecewise linear process and p ~ m.
It is clear that there is only one piecewise linear process (X, 4%, p, T) for which
pd =10, i=0,--,5—1.

THEOREM 3. If (X,#,m,T) is a piecewise linear process there exists a
probability p, equivalent to m, such that (X,%,p,T) is a stationary ergodic
Markov chain.
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Proof. Define a transition matrix 7 = | ¢(i,j)| by

o(irj) = ""rfél;)

There exist stationary absolute probabilities p(0),:--,p(s — 1) such that the
probability

P(Xgs 05 %,) = P(X0) T(X05 X 1) -+ T(Xp— 15 X,)

makes (X,4%,p,T) an ergodic stationary Markov chain.
We note that

’”(xoxx) .. m(xn— lxn)
m(xo) m(x,_1)

P(xo, ‘--,x,,) = P(Xo)

_ m(x,)
= plxo) m(xq) K(xo) -

TR,y o x)>0)

and
1
m(xO""sxn) - K(XO)"‘ K(x”_l) m(xn)'

Consequently

P (X, +++5 Xp) — p(xo)

m(xoa ""xn) m(xo)
and therefore,

dp

7L~ hixo) on (x0)

where h(x,) is a finite positive number depending only on x,.

3. Absolute entropy.

LEMMA 3. For each i,je(0,---,s—1) there exists n such that the (i,j) entry
of I" is positive.

Proof. We will show by induction that if m(i,x,-,x,_1,j) >0 then the
(i,j) entry of " is positive. (The lemma will then follow from the transitivity
of (X,4,m,T).) This is certainly true for n =1, by the definition of Z. Suppose
that it is true for n = k. If m(i,x;, -, X4+ 1,j) >0 then m(i,---,x,,,) >0 and
m(x41,j) > 0. Consequently the (i, X, ) entry of =*is positive, and the (x4 ,J)
entry of =*is positive. But the (i,j) entry of T**' is a(i,j) = X;Zab(i,1)-a(1,j)>0,
where b(i, 1) is the (i,) entry of Z*.

LEMMA 4. X has a simple eigenvalue B > 1 such that the right and left

eigenvectors corresponding to it have all their entries positive and |B|> |z|
for all eigenvalues z other than p.
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Proof. Cf. [1] and Lemma 3.

THEOREM 4. (X,#,m,T) is compatible with a uniformly piecewise linear
process (X, %,1,T).

Proof. Let n=(l(0),:--,I(s—1)) be the right eigenvector corresponding to
(defined in Lemma 4) such that ]r]| =1(0) + --- + I(s—1) = 1. Define

xgr %) = ’;’i")

=0 otherwise.

if m(an"'axn) > 0,

It suffices to note that

. 1 NP
K= 8§ = 0 F 1)) a(isj),
by virtue of the proof of Theorem 2.

THEOREM 5. The unique stationary probability p equivalent to | (defined
in Theorem 4) is given by

p(E) j . h(x)dl,
where

h(x) = h(i) on (i)
and

¢ = (h0), -+, h(s—1))

is the left eigenvector of X corresponding to B for which
s—1
Y h(i)IG) = 1.
i=0

Proof. Weknow that (X, 4,1, T) is equivalent to an ergodic stationary Markov
chain (X,%,p,T) (by Theorem 3). Consequently p is unique. Moreover, the
absolute probabilities p(0),:--,p(s—1) are given by the left eigenvector of the
transition matrix t = | ©(i,j) || where

Y ) N 0L ()]
e O O
Therefore
pj) = X LORy o(i,j) p(i) (j=0,-,5—1)
1 BIG) ) J =5 ’

ie,

(p(O) p(s—l))
10)° I =1)
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is a left eigenvector of X corresponding to § and

The entropy of a stationary process (X, 4%,q,T) is defined as

h(T) = lim =1y gC,(x) logqC,(x).

n-oo N Cn(x)

It is not difficult to compute the entropy of (X,%,p,T) where p is defined
as in Theorem 5; in fact

h(T) = logf.

We define an invariant of compatibility in the following way:

e(T) = lim 'l—llog(),,

n—o

where 0, is the number of cylinders C,(x) for which mC,(x) > 0. e(T) is called
the absolute entropy of the process (X,%,m,T).

THEOREM 6. The limit

e(T) = lim - log0

n-ow
exists and &(T) = h,(T) or all compatible probabilities m.
Proof. It is not difficult to see that
= ()™
Consequently

1 1
— < -
— logd,, = nlog@,,.

The proof now follows a well-known procedure [2]. Let « =liminfn ~'logé,,
and choose ¢ > 0. Choose N so that

1
a_s_-ﬁlogGN<a+£.
If n> N then n=mN + k where 0 £ k <N, and
1 1
;logon = —1039(m+1)N s —1089(m+1)n

m+11
- w1089~<

1 (x+¢e).

IIA
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This is sufficient to establish the convergence of n-1logf,. We note that
- ch(x)mC,,(x)log mC,(x) is maximised, by the distribution of equal weights
to each C,(x) for which mC,(x) > 0, i.e.,

— X mCy(x)logmC,(x) < 2 — loge log,.
Co(x) cax) 0
Consequently, h,(T) < e(T).
THEOREM 7.
e(T) =logp
where [ is the maximum eigenvector of Z.

Proof. Let ¢ be the number of C,(x) for which x, = i and mC,(x) > 0. Then

0, = Y.ibi = | ¢ | where ¢, is the row vector (¢, ---,¢5™"). Evidently
Jr1=820(0,j) + - + ¢5” ' o(s—1,j). Consequently
d)n = ¢02" = (1,"'9 1) DI

But ¢ T = B¢ where ¢ is the positive eigenvector defined in Theorem 5. If ¢,
are the least and greatest entries of &, respectively

1 1
. ¢ z@hr z50E,
ie.,

lgz"> 1,-,1) "> _lgz"

8 —3 b s = 5 .
Therefore

1y o Lyon
ie.,

1 " Loy on

and lim,_, ,n " 'log0, = logp.

4. The uniqueness of a maximal process. We have shown that logf is the
maximal entropy for all compatible stationary probabilities. Moreover this
entropy is assumed by one stationary ergodic Markov chain. We devote this
section to proving that this is the only stationary process within the compatibility
class of probabilities which assumes this entropy.

Our first result states that a process which behaves like a Markov chain, from
the point of view of information theory, is in fact a Markov chain.

For the notation we adopt cf. [3]. Let &/ denote the partition of X into sets
A;, i=0,---,5s—1, where 4; = (i) = {x:x, =i}. Let (X,%,q,T) be a stationary
process. It is well known that if (X, 4, q, T) is a Markov chain then
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H(T 'o/of) = HT-"* Dot | T "of)
- -(n+1) ' -i
H(T ﬂ/ v T w).

THEOREM 8. If H(T ' /sf) = H(T "* Vot | \/1_oT" & for n =0,1,--,
then (X,2,q,T) is a Markov chain.

Proof. In general, for partitions €, s/, (i=0,1,--:)

H(@/i\idi) < H(?/iS/l M,.)

and equality holds if and only if € and ¢, are independently distributed when
A, A, are fixed, i.e.,

a(cnaf v )=o(c] Vati)a(4] v 4)
i=1 i=1 i=1
for all Ce¥, Ae,; cf. [4].
If H(T ~'&/) = H(T™"*Pat/\/]_oT ') for n=0,1, -, then (cf. [4])
H(T™"* Yot /T ") = H(T " Vst/T~ "Vt yT7"oA)

= HT "*V/T 't ... VT ")
= HT "V /st /... VT ).

Consequently, for all A,Be </
q(T""“’An B/ \/ T".sa() = q(T""“’A/ \/T"'d)xq(B/ \/T"y),
i=1 i=1 i=1

i.e.,

q(X0sX 15" **s Xns Xn+ 1) — q(xy, 5 Xnr1) | q(Xos 05 Xp)
q(xla”',xn) q(xla""xn) q(xla”‘axn)

when g(x;,-:+,x,) > 0.
This relation clearly defines a Markov chain.

THEOREM 9. If h(T) =logB where q ~m, then (X,%,q,T) is a Markov
chain.

Proof. It is not difficult to show that
h(T) = lim %H,‘,(d)

n—+aw
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where H)()=H(\/"-,T 's//s/). Moreover, H.(2/)<kH)(«), and if
HY(s#) < kHi(s#) for any k, then h(T) < Hi(«). But Hj(«) is the entropy
of the Markov chain with transition matrix | z(i,j) ||

l<Gi) | = "7(;53 [2].

Consequently h(T) <logB if
Hy() < kH{().
Hence by hypothesis,
Hy() = kHY(), k=1,2,--.

However,

kHi() = HY(H) = H(i/1 T"'.szi/d)
k—1 k-1

= H(MIT‘W/M) + H(T"‘d/d V i\/ T"d)

=1

IA

(k—1)HN«) + H (T"‘M/S/IT'M),
ie.,
H(T‘w /3—/0l T"‘M) = H(T ‘o /o).

Therefore by Theorem 8, (X, 4,q, T) is a Markov chain.

TueoreM 10. There is one and only one stationary process (X,%,p,T) for
which p ~m and h,(T) =log§p.

Proof. We have proved that there is one stationary process (X, 4,p, T) for
which p~m and h,(T) =logp. Suppose that g ~m and h(T)=logB; then
(X,4%,q,T) is a stationary Markov chain and since every transitive Markov chain
is ergodic, (X, %,q, T) is ergodic. But (p + q)/2 ~ m and (p + q)/2 is stationary.
Moreover

. 1 + +
hproa(D = lim -~ T 224¢,(l0g 52 €,
n-* o Cn(x)

lim —— ¥ (pCy(x)logpCylx) +qC,(x)logqCylx))

n— o 2n Cn(x)

v

log B (by the convexity of x logx).
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Consequently h,,,,2(T) = log f and (X, %,(p + q)/2,T) is a stationary Markov
chain. Hence T is ergodic with respect to (p + gq)/2. Either p = q, and there is
nothing to prove, or p is singular with respect to q. In the latter case there exist
invariant sets E, Fsuch that EUF =X and ENF = and p(E)=1, q(E) =0,
p(F) =0, q(F)=1. Consequently (p+4q) (E)/2=4% and (p+¢q)(F)/2=1% and
this contradicts the ergodicity of T with respect to (p + q)/2.

ReMARK. We have shown that every piecewise linear process is equivalent to
a Markov chain, and to every set of absolute probabilities p(0), ---, p(s—1) there
corresponds a unique piecewise linear process. By setting p(i), say, close to one
and the remaining probabilities close to zero, one can show that piecewise linear
processes with entropies arbitrarily close to zero can be constructed. By con-
tinuity considerations, therefore, we can conclude that for every real number
0 < h < logp, there exists a stationary ergodic Markov chain (equivalent to
a piecewise linear process) with h as its entropy.
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