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Abstract: Entropy measures the randomness or uncertainty of a stochastic process, and the entropy
rate refers to the limit of the time average of entropy. The generalized entropy rate in the form of
delayed averages can overcome the redundancy of initial information while ensuring stationarity.
Therefore, it has better practical value. A Hidden Markov Model (HMM) contains two stochastic
processes, a stochastic process in which all states can be observed and a Markov chain in which all
states cannot be observed. The entropy rate is an important characteristic of HMMs. The transition
matrix of a homogeneous HMM is unique, while a Nonhomogeneous Hidden Markov Model
(NHMM) requires the transition matrices to be dependent on time variables. From the perspective of
model structure, NHMMs are novel extensions of homogeneous HMMs. In this paper, the concepts
of the generalized entropy rate and NHMMs are defined and fully explained, a strong limit theorem
and limit properties of a norm are presented, and then generalized entropy ergodic theorems with an
almost surely convergence for NHMMs are obtained. These results provide concise formulas for the
computation and estimation of the generalized entropy rate for NHMMs.

Keywords: entropy rate; nonhomogeneous hidden Markov models; generalized entropy ergodic
theorem; delayed averages

MSC: 60F15; 94A17

1. Introduction

Shannon introduced entropy, originally a thermodynamic function, into information
theory to measure the uncertainty of random phenomena [1]. Shannon’s entropy in in-
formation theory has been successfully applied in many engineering fields, including
vibration-signal feature extraction [2], chaotic image encryption [3], groundwater quality
evaluation [4], etc. In order to accurately compute the average uncertainty of a stochastic
process, the existence and properties of the entropy rate should be estimated [5,6]. Many
approaches have been adopted to improve the theoretical integrity of the entropy rate. One
of the famous works is the Shannon-McMillan-Breiman theorem or entropy ergodic theo-
rem, or the asymptotic equipartition property (AEP), which reflects the almost surely (a.s.)
convergence of the entropy rate to a constant. Liu ang Yang [7] proposed an extension of
the Shannon-McMillan-Breiman theorem and some limit properties for nonhomogeneous
Markov chains. Yang [8] proved the AEP for a nonhomogeneous Markov information
source. Ordentlich et al. [9] used the Blackwell measure to compute the entropy rate.
The entropy rate for Hidden Markov Models (HMMs) has been expressed in terms of upper
and lower bounds [10]. However, even if states of HMMs are finite, the finite expression of
the entropy rate does not exist, which is mainly because the set of their predictive features
is generically infinite. To solve this problem, Jurgens et al. [11] evolved the mixed state
according to the iterated function system and sampled the entropy of the place-dependent
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probability distribution at each step sequentially. Using an arbitrarily long word, the mean
of these entropies can converge to the entropy rate.

The entropy rate is defined by the average of random variables throughout the entire
process. In fact, we often encounter time series that appear to be “locally stationary”,
so we can take an average of what has happened in some window of the recent past.
The generalized entropy rate in the form of delayed averages can overcome the redundancy
of initial information while ensuring stationarity and, therefore, has better practical value.
Essentially, the generalized entropies are nonnegative functions defined on probability
distributions that satisfy continuity, maximality, and expansibility. Delayed averages of
random variables were first discussed by Zygmund [12]. Using the limiting behavior
of delayed averages, Chow [13] proposed necessary and sufficient conditions for the
Borel summability of independent identically distributed random variables. Lai [14]
studied analogues of the law of the iterated logarithm for delayed averages of independent
random variables. On this basis, Gut and Stradtmdiller [15] studied the strong law of large
numbers on delayed averages of random fields. Wang [16] discussed the limit theorems of
delayed averages for row-wise conditionally independent stochastic arrays and a class of
asymptotic properties of moving averages for Markov chains in Markovian environments.
From these studies, it can be seen that the limit of delayed averages has laid a solid
theoretical foundation and is naturally applied to the entropy rate.

Combining the generalized entropy rate and nonhomogeneous Markov chains, Wang
and Yang [17,18] studied generalized entropy ergodic theorems with a.s. and £; con-
vergence for time nonhomogeneous Markov chains, and they obtained generalized en-
tropy ergodic theorems for non-null stationary processes using Markov approximation.
Shi et al. [19] studied the generalized AEP of higher-order nonhomogeneous Markov in-
formation sources by establishing several strong deviation theorems. The entropy rate is
an important characteristic of HMMs, and the entropy rate of HMMs plays an important
role in applications such as communication decoding, compression, and sorting. There-
fore, theoretical research on the entropy rate of HMMs is very necessary. The classical
HMMs were first introduced by Baum and Petrie, and they have been widely applied in
various fields, including speech recognition, facial expression recognition, gene prediction,
gesture recognition, musical composition, bio-informatics, and big data ranking [20-23].
The power of these models is that they can be very efficiently implemented and simu-
lated. A homogeneous HMM contains two stochastic processes: the observed process
is assumed to be conditionally temporally independent given the hidden process, and
the hidden process is assumed to evolve according to a first-order Markov chain. A Non-
homogeneous Hidden Markov Model (NHMM) provides the idea by allowing for the
transition matrices of the hidden states to be related to a set of observed covariates, that
is, the transition matrix of a homogeneous HMM is unique, while an NHMM requires
the transition matrices to be dependent on time variables. From the perspective of model
structure, NHMMs are novel extensions of homogeneous HMMs. In the last ten years, new
theories on NHMMs have emerged. Yang et al. [24] stated the law of large numbers for
countable NHMMs. Zhang et al. [25] studied the stability analysis and controller design for
a family of nonhomogeneous hidden semi-Markov jump systems with limited information
of sojourn-time probability density functions. Shahzadi et al. [26] proposed a class of Non-
homogeneous Hidden Semi-Markov Models for modelling partially observed processes
that do not necessarily behave in a stationary and memoryless manner.

Although there have been fruitful achievements in the two fields of generalized
entropy ergodic theorems and NHMMs, research on generalized entropy ergodic theorems
for NHMMs is limited. Therefore, we consider extending the application scenarios of the
generalized entropy rate. Motivated by the above work, the main focus of this paper is to
obtain a strong limit theorem of delayed averages of real-number functions and generalized
entropy ergodic theorems with an almost surely convergence for NHMMs. These results
provide a general idea for the relevant theoretical proof and concise formulas for the
computation and estimation of the generalized entropy rate for NHMMs, and they lay the
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necessary mathematical, theoretical foundation for the reliability of model applications.
The rest of this paper is organized as follows: in Section 2, a detailed description of NHMMs
and related definitions are introduced. Section 3 presents some limit properties that are used
in Section 4. In Section 4, the main results and the proofs are given. Section 5 summarizes
the important content and discusses the significance of the research.

2. Preliminaries

This section provides preliminaries for the subsequent important contents. Continuing
with the introduction, we state basic concepts and properties of NHMMs, point out the
relationship between NHMMs and homogeneous HMMs, and define the generalized
entropy, the generalized entropy rate, and other commonly used symbols on this basis.

Firstly, we give the definition and properties of NHMMs. Let X = {X,,,n > 0} bea
nonhomogeneous Markov chain defined on the probability space {Q), F, P} taking values
in a finite state space S = {s1,52,...,sn}, and Y = {Y;, n > 0} a stochastic process defined
on the probability space {Q), F,P} taking values in a finite state space £ = {ly, 15, ..., Im }.
{X,Y} ={(Xn,Yn),n > 0} is called an NHMM if and only if it meets the following forms
and conditions:

1. The initial distribution of the nonhomogeneous Markov chain X = { Xy, n > 0} is

4% = (q0(s1),q0(s2), -+ ,qo(sW)), Golsi)) =P(Xo=s;), 0<i<N (1)

and the transition matrices are

Qn = [Qn(si}sj)]/ 2)
where
qn(Si,‘S]') = HD(Xn = S]'|Xn_1 = Si)/ n>1, 5i,8j € S, 1< i,j < N. 3)
2. FPoranyn
n
P{(Yo,yl,..., Yn) = (yo,yl,...,yn)‘X} = HP{Y,' = }/1'|Xl'}, a.s. (4)
i=0

where (o, 1, ..., yn) are the realizations of (Y, Y1, ..., Yn).

If for any n, Q, = Q,, and the conditional probabilities P(Y, = y,|X, = x,) are
independent on 1, where Q is a stochastic matrix, x, and y, are realizations of X, and Y},
then X = {X,,,n > 0} is a homogeneous Markov chain and {X,Y} = {(X,, Y,,),n > 0} is
a homogeneous HMM.

Next, we list some properties for NHMMs, which are also equivalent definitions
of the model and play a role in proving the theorems. For any 0 < m < k, let
XK = (X, Xpns1s 0 Xi), YE = (Yo, Yii1, -, Yi), and let x¥, and y¥, be the realizations of
Xk and Yk, respectively. In addition, For any m, k > 0, let X, x = (X, Xipt1, o Xintk)»
Y = (Yo, Yont1, s Yok)-

e {X,Y} ={(Xy,Yyn),n>0}is an NHMM if and only if for any n,

n
P{Y§ = y5IXg = x5} = [ [P{Yi = vl Xi = xi}. (5)
i=1
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e {X,Y} ={(Xy,Yn),n>0}isan NHMM if and only if for any #,
P{Xg =x0,Y0 =vo}

n
=P{Xo = x}P{Yo = yo|Xo = xo} [ [P{X; = x| Xi—1 = xi_1 }P{Y; = yi| X; = x;}. (6)
i=1

e {X,Y} ={(Xy,Yn),n>0}isan NHMM if and only if for any n,
P{X, = x,1|X61*1 = ngl,Ygfl = ygfl} =P{Xy = xu|Xy_1 = x-1} (7)
and
P{Yy, = ya| X( = XSrYS_l = 3/8_1} = P{Yy = yn|Xn = xn}. )

By Equations (7) and (8), we have
IP>{Xn—|—1 = Xn+1s Yn—i—l = yn+1‘X6L = xg/ Y(;l = yg}
=P{Xn11 = %41, Vi1 = Yn1| Xn = xu}. )

In the following text, probability measures are widely used. Therefore, for any k > 1,
denote

Pr(xis k) = P(Yie = yie| Xi = x¢), (10)
Pr(Xk—1; Xk, i) = P(Ye = yi, Xi = x| Xo—1 = X5-1), (11)
p(xo,v0, -+ Xk, k) = P(Xo = x0, Yo =0, -, Xk = Xk, Yk = V&), (12)

and

p(x0, Y0+ s Xk—1, Yk—15 Xks Vi)
=P(Xg = x%, Yi = yi|Xo = x0, Yo = yo, - -, Xp—1 = Xp—1, Vi1 = Yk—1)- (13)

A delayed average is one of the widely known technical indicators used to predict
future data in time series analysis, and we define the entropy and the entropy rate in the
form of delayed averages. Let (f(n))5_, be a sequence of non-negative integers such that
f(n) = ccasn — oo.

For simplicity, we use the natural logarithm here; thus, the generalized entropy can be
measured. According to information theory, the definition of the entropy of an NHMM
{X/ Y} = {(Xn/ Yn)/n > 0} is

H(XO/ YOr Xl/ Yl/ ey an Yn) - E[_ 108P(X0; YO/ Xl/ Yl; ey Xn/ Yi’lr )]/ (14)
where E[-] represents the expectation, and the definition of the entropy rate of an NHMM

{X/ Y} = {(anyn)/n > 0} is

1
lim 7H(X0,Y0,X1,Y1,...,Xn,Yn). (15)

n—oo 1N

Combining the concept of the generalized entropy with the properties of NHMMs,
we have



Mathematics 2024, 12, 605 50f15
H(Xn,f(n)/yn,f(n))
=H (X Yu, s Xt fn) Yot f(m))
n—+f(n)
=H(Xpn, Vo) + Y, H(Xp, Yel X, Y, - -+ Xg—1, Ye1)
k=n+1
n+f ()
:H(an Y}’l) - Z 2 Z P(xn/yn/ T /xk/yk) 108 P(xi’l/yn/ e /xkfllykfl;xklyk)
k=n+1 xu, - X €S Yn, - YL
n+f(n)
=H(Xn,Yn) = Y, Y ax(x—1) Yo Y pr(k—1 Xk vi) 1og prc(xi—1; %k, Yi)
k=n+1 xk,les XkES ykeﬁ
()
=H(Xuw,Ya) = ), Y ak(x1) Yo X aeCre—1s x0) pic (i yi) Jog e (i1 i) pic (ks yi)
k=n+1 xk,les XkES ykEL
()
=H(Xn, Yn) + Z H(X, Y| Xk-1), (16)
k=n+1

where X, ¢(,) and Y, ¢(,) denotes (Xp, Xpnt1, -+, Xy pn)) and (Yo, Yo1, -, Yop p(n)), TE-
spectively, and we use the distribution

4% = (qe(s1),4k(s2), - ai(sw), a(si) = P(Xp = 1), 0<i <N, (17)

which is the same below.
To prepare for the following text, we introduce concepts that may frequently appear.

Definition 1. Let {X,Y} = {(Xp, Yn),n > 0} be an NHMM defined as above. Define the
generalized entropy density as

1
Fn,f(n) (w) = _W logp(xn,f(n)/yn,f(n))
1 n+f(n)
=— —{logP(Xy, Yu) + Y logP(Xg, Yie|Xk—1, Y1)}, (18)
f(n) k=n+1

where w € ().

In the following text, we prove that the limit of the entropy density is the entropy rate.
Definition 2 ([21]). Let X = {X,,,n > 0} be a homogeneous Markov chain. Let Q be a transition
matrix of X = {Xy,,n > 0}. Q is called strongly ergodic if there exists a probability distribution

= (m,m,- -, 7N) in S satisfying

sup |49Q" — || = 0, asn — oo (19)
40

where g0 is a starting vector. Obviously, Equation (19) implies 7Q = 7, and 7 is called the
stationary distribution determined by Q.

Definition 3. Let « = (a1, -+, an) be a vector, and then the norm of w is defined by

N
lall =Y la;]. (20)
i=1
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Let A = (a;j)NxN be a square matrix, and then the norm of A is defined by

N
Al :miaxz |aijl.- (21)
=1

3. Some Limit Properties

In this section, we give some lemmas, which are used to prove the main conclusions.
These lemmas include a strong limit theorem for NHMMSs and limit properties of a norm.
Lemma 1 provides a strong limit theorem for bounded functions of NHMMSs. Lemma 2
gives the convergence of bounded functions of real sequences on averages. Lemma 3 points
out that under the condition of the convergence of the transition matrices of NHMMs,
the counting averages of Markov chains converge to a stationary distribution of irreducible
matrices. Lemma 4 points out the convergence of the transition matrix multiplication
average. Lemma 5 proves the relationship between the convergence of vector sequences on
averages and the convergence of subsequences.

Lemmal. Let {X,Y} = {(Xy, Yn),n > 0} bean NHMM. Let gy, (-, -, -) be a sequence of bounded
real number functions defined on S? x L. If for any € > 0,

Y exp{—cf(n)} < oo, @)
n=1

and there exists a positive number vy such that foranys € S,1 € L,

i)

limsupmax — Y gk(t,s,1)pi(t;s,1) exp{v|g(t,;s, )|} = Cy(s,1) < (23)
n—oo €S f( k=n+1

then

1 n+f(n)

lim Y {8k(Xe1, Xie Yi) — Elgk(Xi—1, Xie, Yi) [ Xe—1]} = 0, as. (24)
n—00 f( P

where E[-|-] represents conditional expectation.

Proof. Let u be a nonzero real number, and define

n+f(n)
eXP{uk Z+ Sk(Xi—1, Xi, Yi) }
n+f(n)
I1 E[ggk(Xk 1 Xk Ye) | X 1]
k=n+1

Ay finy (1, w) = , n=12,.. (25)

where w € Q) and E[-|-] represents conditional expectation. By the properties of conditional
expectations, we have

EAy f(n) (u,w)
:E[E[An,f(n) (u,w) |X0,n+f(n)71]]

—E[E[A,

=E[ i

Fm—1(1, @)
f(n) E[egwf(n)ﬂ (Xl’lJrf(}’l)*l’ Xn+f( ) n+f )|Xn+f (n)-1 }
A f(n)_l(u’w)E[ellgn+f(n)—1(Xn+f(n)—1/Xn+f( )’ n+f n) ”XVI-‘rf ]

e”gn+f(n)—l (Xn+f(n)—1/Xn-%—f(n)/yn-%—f(n) )

‘XO,n-&-f(n)—l]]

=EA,, f(n)

E[€3n+f(n)—1 (Xn+f(n)—1'Xn+f(n)rYn+f(n) |Xn+f n)—l]

q(uw)=---=EA1(u,w) =1. (26)
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For any € > 0, by Markov inequality and Equation (25), we have

hgk
[
hgk

P[f~(n) log Ay, () (1, w) > €] PIAy,pn) (1, w) = exp(ef(n))]

1

3
Il
—

n

IA
gk

1-exp{—ef(n)} < . (27)

3
Il
—_

Combining the Borel-Cantelli Lemma and the arbitrariness of €, we have

lim sup 1 log Ay, ¢(n) (1, w) < 0. as. (28)
nseo f(1) -

Expanding Equation (28), we have

n+f(n)

limsup —— Y {uge(Xe—1, Xp, Y) — log E[gk(Xy—1, X, Vi) | Xk—1]} < 0. a5 (29)
n—o0 (n) k=n+1

Let 0 < u < 1. Using the inequalities logx < x —1(x > 0)and 0 < e* —1—x <
%xzem (x € R), we have

. 1)
limsup — Y {gk(Xk—1, Xi, i) — E[gk(Xe—1, Xk, Yie) [ Xe—1]}
n—oo (i’l) k=n+1
nfn) 4
<limsup —— Y {-logE[e"scXit XX x; 1] — E[gy (Xi_1, Xp, Yie) | Xk1]}
n—eo f(n) k=n+1 %
n+f(n) ugr (X1, X Ye) 1
<lim sup o {E[e M2k — 1 ng(xk—lzxk/yk)|xk—1]}
n—oo k=n+1

n+f(n)
<limsup f(ln) Y E[g7(Xx_1, Xy, Yy ) e I8k (X1 XYl | X1 ]
n—o0 k=n+1

S%uCy(s,l) < 00, 4. (30)
Let u | 0 in Equation (30), then

. 1 )
hmsup W Z {gk(kall Xkr Yk) — E[gk(kall Xkr Yk)|Xk71]} < 0. a.s. (31)

n—co k=n+1

Similarly, let —y < u < 0, we have

n+f(n)

. 1
liminf — ) - {gk(Xk—1, Xp, i) — E[gr(Xe—1, Xp, Vi) [ Xp—1]} > 0. a5 (32)
noe f(n) k=n+1

Equation (24) follows immediately from inequalities (31) and (32). O

The key to prove Lemma 1 is to construct the likelihood ratio. By using the approxi-
mation of the upper and lower limits, it is possible to obtain an almost surely convergence
of bounded functions. This lemma is used to prove Theorem 1.
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Lemma 2 ([17]). Let h(z) be a bounded function defined on an real-number interval D and {z, }$_,
n+f(n)

a sequence in D. Ifnlgn A~ ¥ |z —z| = 0, h(z2) is continuous at point z, and Equation (22)
+1

oo f(n) k=n
holds, then

1 n+f(n)

fim 7oy L [z k)] =0 (33)

Lemma 3 ([17]). Let Q be an irreducible transition matrix. If Equation (22) holds, and for any
t,sesS,

1 n-+£(n)

Iim —— ;) —qg(s;t)| =0, 34
Jm, o k;ﬂ |k (s;t) — q(s )] (34)

then

1 n+f(n)—1

nh—I};loW kgn 1{5,}(Xk) = 70 4a.s. (35)

holds for any s; € S,1 <i < N, where 1, (X) is an indicative function and 7t = (711, 72, . .., 7IN)
is the unique stationary distribution determined by Q.

These two lemmas serve as support for theorem 2. It should be emphasized that Q in
Lemma 3 is irreducible, so this lemma still holds for ergodic matrices.

Lemma 4. Let X = {X,,,n > 0} be a nonhomogeneous Markov chain with transition matrices
{Qn, n > 1}. Let Q be a periodic strong ergodic stochastic matrix. Assume that ¢ = (c1,¢,...,CN)
is a left eigenvector of Q, the unique solution of equations cQ = c. Let B be a constant random
matrix, where each row of B is c. If Equation (22) holds and

1 )
J%Wk:% 10— Qll =0, (36)
then
1 )
lim ||-— Y QUmm+k=1 _p|=0 (37)

e f(i’l) k=n+1

holds for any m € N, where QUmm+k=1) — ¢ . Qmak_1, Qlmm) — Q. Qg = I(Iis the
identical matrix).

The proof process of Lemma 4 is similar to theorem 1 of [27]. It should be emphasized
that the matrices appearing in Lemma 4 are composed of constants, so the norm can be
calculated. Lemma 4 is one of the prerequisites for Theorem 3.

Lemma 5. Let {B,}:° , and B be column vectors with real entries. If Equation (22) holds and
1 )
im oy L 16—l =0 @)
then there exists a subsequence { By, }5- 1 of {Bn}oq such that

lim (B — Bl = 0. (39)
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Proof. Constructing an inequality, there exists m € N
n+f(n) n+£(n)
Foy L Bk Bl < P s Al )
From Equation (40), it can be concluded that there exists m € N, such that
1 "t f(n)
i oy L e —ll =0 (41)
holds. Choose a positive sequence {b;} | 0, and by Equation (41), Ju,v € N,
1 uto
gkzgrlHﬁerk—ﬁH < by (42)

Therefore, there exists u < n; < u 4 v such that ||g,, — g|| < by. By (40), we have

1 "
Hm ——< ) [|Bu, 1k — Bl =0. (43)

n—00 f(n) PP

Similarly, there exists n, > n; such that ||f,, — B|| < a1. Generally, we can get a
subsequence {By, }7> ; of {Bn}i_q such that ||B,, — B|| < by, k=1,2,3,---. Equation (39)
follows immediately. O

The key to the proof of Lemma 5 is to construct inequality (40). According to the
properties of the convergent sequence, even if the sequence is not monotonic, there exists
m € N, and inequality (40) holds. Lemma 5 is also one of the prerequisites for Theorem 3.

4. Generalized Entropy Ergodic Theorems

In this section, we give the main results and their proofs. Generalized entropy ergodic
theorems with an almost surely convergence for NHMMs are presented. These results
provide concise formulas for the computation and estimation of the generalized entropy
rate for NHMM:s.

Theorem 1. Let {X,Y} = {(Xy, Yu),n > 0} be an NHMM. If for any € > 0,

Y expi-ef(n)} <eo, (44)
n=1
and there exists a positive number vy, such that forany s € S,1 € L,
n+f(n)
limsupmax —— Y gk(t,s,1)pi(t;s,1) exp{v|g(t,s, )|} = Cy(s,1) < oo, (45)
n—oo tES (”) k=n+1
then
L Y (i) og e
lim F w) = lim ——— Xi_1;8,1) 1o Xi_1;8,1). a.s. (46)
L n,f(n)( ) e f(n) k:;—lsglgpk k—1 & Prl&k—1



Mathematics 2024, 12, 605

10 of 15

Proof. Set gx(Xx_1;5,1) = —log px(Xx_1;5,1) and v = 1 in Lemma 3. Using the inequality

(log x)zx% <e2(0 < x < 1), we can conclude that forany s € S, € L,

Ci(s/1)
n+f(n) ) 1
= lim sup max lo t;s,1 t;s,1)exp{= t;s,l
msup max )kgl[ gpe(tis D pi(ts, 1) exp{5|px(t;s, D]}
<l6exp{—2}.

It is not hard to verify that

1 n+f(n)
Z {gk(Xk—1, Xi, Vi) — Z ng Xi—1,8, D) px(Xe—1;8,1)}
fln) i 2 n+1 seSlel
1 )
~ fn) Y {log pe(Xi—1; Xi, Yie) — Y Y pe(Xy—155,1) log pi(Xy—1;s,1) }
k=n+1 seSlel
i)
=~ & Uogn(Xei X Yi) = ) ), piXiwss D log pi( X, )}
k=n+1 seSlel
1
=7 Py 108 P (X Yu) By i ()
1 ntfn)

O] Y. L Y pr(Xiais 1) log pe(Xka;s, ).

k=n+1seSlel

(47)

(48)

The transition probability falls within the interval [0,1], so its logarithm is bounded.
In addition, infinitesimal multiplication by a bounded quantity is still infinitesimal, so
the initial distribution is erased. Hence the conclusion can be deduced immediately from

Lemmal. [

Theorem 2. Let {X,Y} = {(Xy, Yn),n > 0} be an NHMM. Assume that for any € > 0,

ZeXP{ ef(n)} <eo,

and there exists a positive number vy, such that forany s € S,1 € L,

1 n+f(n)
lim sup max ——
n%oop tes f( ) k=n+1

Iffor any (t,5,1) € 8> x L,

1 ntf(n)
Iim —— t;s, 1) —p(t;s,l
B, 7 L s ) = p(is)
1

=m0 k:;H la(t;s)pe(s;1) — q(t8)p(s; )] =

holds, where q represents terms of an irreducible transition matrix Q, then

hm Fyp(n)( =Y m(t) Y Y p(ts,D)logp(t;s, 1),
teS seSlel

where 7t(t),t € S belongs to w = (711, 7y, ..., TN ), which is a stationary distribution of Q.

Yo gk(ts, Dpi(t;s, 1) exp{y|gk(t,s,1)|} = Cy(s,1) < o0

(49)

(50)

(51)

(52)
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Proof. Set h(z) = zlogz in Lemma 2; then, for any (t,s,1) € S? x L,
1 n+f(n)
nlg%o m k_z |pk(t;s,1)log pi(t;s, 1) — p(t;s,1)log p(t;s, 1)| = 0. (53)
=n+1
Using absolute inequality, we have
(w) + Z 7e(t) 2 Z p(t;s,1)logp(t;s,1)|
teS seSlel
i)
SIEpon(@)+ 2~ 3 Y 2 Y Ly (Xe—1)pk(ts, 1) log pi(ts, 1))
f(n) k=n+1teSseSleLl
n+f(n
) ) Z Yo Y L (Xe1)[pe(tss, 1) log pi(t;s, 1) — p(t;s,1) log p(t;s, 1))
k=n+1teSseSleLl
1 n+f(n)
Yo Y In(t) =1y (X)) Yo Y p(6s, 1) logp(t;s, )]
f( ) k=n+1teS seSlel
1 n+f(n)
<|Fy p(ny(w) + ") Yo XY Y L (Xen)pe(ts 1) log pr(t;s, )|
f( k=n+1teSseSleLl
n+f(n)
+3 ) E oy Lo IptsDlogpeltis,l) = p(tis ) log p(tis, )
teSseSle,C k=n+1
1 )
+) () Y LX)l Y Y p(ts D) logp(ts, 1) (54)
tes fln) A 1 seSIel

where 7(t), t € S belongs to 7w = (711, 712, ..., TN ), which is a stationary distribution of Q.

By Lemma 3, Equation (52) follows from Equation (54). O

The proof of Theorem 1 mainly relies on the construction of inequalities, and the proof
of Theorem 2 utilizes the properties of norms. The two theorems explain that the limit of

the generalized entropy density is the generalized entropy rate.

Theorem 3. Let {X,Y} = {(Xu,Yn),n > 0} be an NHMM. Q = (q(t;s))nxN is another

transition matrix, and assume that Q is periodic and strongly ergodic. Let

Bu(t) = 2 Z an(t;8)pn(s;1)10g qu(t;s)pu(s;1),

seSlel

=YY qt;s)p(s;1)logq(t;s)p(s;1),

seSlel

(55)

(56)

where By (t), B(t),t € S are the elements of column vectors B, and P, respectively, and assume that

{ll Bn ||, n > 1} are bounded. If Equation (22) holds,

1 )
lim —— ) [Q—Qll=0,

n~>oof( ) P B
and
1 n+f(n)
lim — ) ||~ Bl =0,

oo f( ) k=n+1

(57)

(58)
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then the generalized entropy rate of {X,Y'} exists, and

hm— Xy Yo, s Xy £(n)s = —7mfB, as. 59
A, 7oy H 00 Yo fn) = 7P (59)

where T = (711, 700, - -+, TTN) IS the unique stationary distribution determined by Q.

Proof. Let q(k_l) be a row vector with elements P(X;_; = f),t € S. Hence, using the
definition and properties of B, we have

H(Xg, Vi | Xe 1) = —q* "V By (60)

Simply take B as a constant random matrix whose rows are equal to 7. Note that
7 = g B, where ¢(9) is an initial distribution of the Markov chain. Since

n+f(n)

HT Y g%V x|

k=n+1

1 n+f(n)

f(n Z q Ok 1) q(O)BII
k= n+1

1 n+f(n
Z QOk U B, (61)

f k n+1

where QA1) = ;... Q;_1, Q00 = [ (I is the identical matrix), by Equations (57)
and (61) and Lemma 5, we have
1 n+f(n
lim |l o5 L qk Y —n| =o. (62)
k n+1

By Equation (58) and Lemma 5, there exists a subsequence {f,, }3>, of {Bn}5;
such that

klgrolo ||:B"k - ﬁ” =0. (63)

Hence, ||B|| is finite. By Equation (62) and properties of entropy, we have

1
| (I’Z) H(Xn; Yo, - /Xn+f(n)’Yn+f(n)) + TCAB|

fl n+f(n)
:|WH(Xn/Yn) * R %1 H (X, Yi| Xk-1) + 7B
< H (X Yo) | + | < Hﬁ gV By — |
f(l’l) ( k=n+1
<L H (X, Yol + | Hﬁ g - LT g "L s
> f(n> ns In f(l’l = q ﬁk f(l’l) k:Xn%.l q AB| + |f(l’l) k:Xn%-l q IB 7TIB|
1 n+f(n) n-+f(n)
Sf(n) |H(X71r Yn)| + m k:;+1 ”;Bk - f( ) k:%l q(k_l) - 7.(”
—0 asn — oo. (64)

This completes the proof of Theorem 3. [J
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Theorem 3 gives a method to compute the generalized entropy rate of an NHMM
under some mild conditions, and when the model degenerates into a homogeneous HMM
and a nonhomogeneous Markov chain, the results are still the same. The two corollaries
are existing results, which indirectly demonstrate the correctness of this theorem.

Corollary 1. Let {X,Y} = {(Xy, Yn),n > 0} be an NHMM with a periodic and strongly ergodic
transition matrix Q = (q(t;s))NxN and an emission probability matrix P = (p(s; 1)) nxm, Where
t,se S,1 € L. Let

B(t) =Y Y q(t;s)p(s;1)logq(t;s)p(s; 1), (65)

seSlel
where B(t),t € S are the elements of column vector B. Assume that || B || is bounded. If Equation (22)
holds, then the generalized entropy rate of {X, Y} exists, and

1 B
nlgI;lo mH<Xﬂ’Yn’. . 'Xn+f(n)/Yn+f(Vl)) = —7'1."3, a.s. (66)

where T = (111, 7, - - -, TTN ) IS the unique stationary distribution determined by Q.

Corollary 2. Let X = {(X,),n > 0} be a nonhomogeneous Markov chain. Q = (q(t;s))NxnN i
another transition matrix, and assume that Q is periodic and strongly ergodic, where t,s € S. Let

Bu(t) = qun(t;s)logqn(t;s), (67)
B(t) = qu(t;S) log q(t;s), (68)

where By (t), B(t), t € S are the elements of column vectors B, and B, respectively. Assume that
{ll Bn ||, n > 1} are bounded. If Equation (22) holds,

1
lim — Y [|Qc—Ql =0, (69)

e f(n) k=n+1
and

1 )
m— Y [B—Bll=0 (70)

i
e f(n) k=n+1
then the generalized entropy rate of X exists, and

1 -
nlgIgo mH(xn/ s /Xn+f(n)) = —7np, as. (71)

where T = (7111, 71y, - + -, TTN ) 1S the unique stationary distribution determined by Q.

5. Conclusions

Entropy ergodic theorems reflect the almost surely convergence of the entropy rate to
a constant. The generalized entropy rate in the form of delayed averages can overcome
the redundancy of initial information while ensuring stationarity and, therefore, it has
better practical value. An NHMM provides the idea by allowing the transition matrix of
the hidden states in a homogeneous HMM to be related to a set of observed covariates.
Although there have been fruitful achievements in the two fields of generalized entropy
ergodic theorems and NHMMs, research on the generalized entropy ergodic theorems for
NHMMs is limited. Therefore, we consider extending the application scenarios of the gen-
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eralized entropy rate. In this paper, we give the basic concepts of NHMMs and the entropy
rate in the form of delayed averages, list some lemmas including a strong limit theorem
and limit properties of a norm, and prove some generalized entropy ergodic theorems with
an almost surely convergence for NHMMs. These results, which are generalizations of
previous findings of [17,27], provide concise formulas for the computation and estimation
of the generalized entropy rate in the form of delayed averages. Theoretical analysis has
proven the existence and limit formula of entropy rate, but its numerical calculation is also
very complex and challenging. Specifically, this process requires calculating the integration
on a certain measure, which is related to the parameters of HMMs. Many methods have
been proposed for this, such as approximate formulas, series expansion, and statistical
calculation methods. Due to the fact that approximate formulas are not applicable to any
parameters, and their accuracy is difficult to estimate, the convergence conditions of the
series are difficult to prove, and the sample size required for statistical convergence is
difficult to estimate. Therefore, approximating with upper and lower limits is a reliable
method, and its accuracy can be estimated, with relatively lenient requirements for HMM
parameters. In the future, we will conduct numerical case studies based on the theoretical
analysis above.
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