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Stationary ergodic processes with finite alphabets are estimated by finite memory processes from a sample,
an n-length realization of the process, where the memory depth of the estimator process is also estimated
from the sample using penalized maximum likelihood (PML). Under some assumptions on the continuity
rate and the assumption of non-nullness, a rate of convergence in d-distance is obtained, with explicit con-
stants. The result requires an analysis of the divergence of PML Markov order estimators for not necessarily
finite memory processes. This divergence problem is investigated in more generality for three information
criteria: the Bayesian information criterion with generalized penalty term yielding the PML, and the nor-
malized maximum likelihood and the Krichevsky—Trofimov code lengths. Lower and upper bounds on the
estimated order are obtained. The notion of consistent Markov order estimation is generalized for infinite
memory processes using the concept of oracle order estimates, and generalized consistency of the PML
Markov order estimator is presented.
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1. Introduction

This paper is concerned with the problem of estimating stationary ergodic processes with finite
alphabet from a sample, an observed length n realization of the process, with the d-distance
being considered between the process and the estimated one. The d-distance was introduced by
Ornstein [26] and became one of the most widely used metrics over stationary processes. Two
stationary processes are close in d-distance if there is a joint distribution whose marginals are
the distributions of the processes such that the marginal processes are close with high probability
(see Section 5 for the formal definition). The class of ergodic processes is d-closed and entropy
is d-continuous, which properties do not hold for the weak topology [34].

Ornstein and Weiss [27] proved that for stationary processes isomorphic to i.i.d. processes, the
empirical distribution of the k(n)-length blocks is a strongly consistent estimator of the k(n)-
length parts of the process in d-distance if and only if k(n) < (logn)/h, where h denotes the
entropy of the process.

Csiszar and Talata [13] estimated the n-length part of a stationary ergodic process X by a
Markov process of order k,. The transition probabilities of this Markov estimator process are
the empirical conditional probabilities, and the order k;,, — +o00 does not depend on the sample.

1350-7265 © 2013 ISI/BS


http://www.bernoulli-society.org/index.php/publications/bernoulli-journal/bernoulli-journal
http://dx.doi.org/10.3150/12-BEJ468
mailto:talata@math.ku.edu

Statistical estimation of stationary ergodic processes 847

They obtained a rate of convergence of the Markov estimator to the process X in d-distance,
which consists of two terms. The first one is the bias due to the error of the approximation of the
process by a Markov chain. The second term is the variation due to the error of the estimation of
the parameters of the Markov chain from a sample.

In this paper, the order k, of the Markov estimator process is estimated from the sample. For
the order estimation, penalized maximum likelihood (PML) with general penalty term is used.
The resulted Markov estimator process finds a tradeoff between the bias and the variation as it
uses shorter memory for faster memory decays of the process X. If the process X is a Markov
chain, the PML order estimation recovers its order asymptotically with a wide range of penalty
terms.

Not only an asymptotic rate of convergence result is obtained but also an explicit bound on
the probability that the d-distance of the above Markov estimator from the process X is greater
than ¢. It is assumed that the process X is non-null, that is, the conditional probabilities of the
symbols given the pasts are separated from zero, and that the continuity rate of the process X is
summable and the restricted continuity rate is uniformly convergent. These conditions are usually
assumed in this area [6,17,18,25]. The summability of the continuity rate implies that the process
is isomorphic to an i.i.d. process [4].

The above result on statistical estimation of stationary ergodic processes requires a non-
asymptotic analysis of the Markov order estimation for not necessarily finite memory processes.
In this paper, this problem is also investigated in more generality: under milder conditions than
it would be needed for the above bound and not only for the PML method.

A popular approach to the Markov order estimation is the minimum description length (MDL)
principle [3,28]. This method evaluates an information criterion for each candidate order based
on the sample and the estimator takes the order for which the value is minimal. The normalized
maximum likelihood (NML) [36] and the Krichevsky—Trofimov (KT) [23] code lengths are nat-
ural information criteria because the former minimizes the worst case maximum redundancy for
the model class of k-order Markov chains, while the latter does so, up to an additive constant,
with the average redundancy. The Bayesian information criterion (BIC) [33] can be regarded as
an approximation of the NML and KT code lengths. The PML is a generalization of BIC; special
settings of the penalty term yield the BIC and other well-known information criteria, such as the
Akaike information criterion (AIC) [1]. There are other methods for Markov order estimation,
see [19] and references there, and the problem can also be formulated in the setting of hypothesis
testing [29].

If a process is a Markov chain, the NML and KT Markov order estimators are strongly consis-
tent if the candidate orders have an upper bound o(logn) [9]. Without such a bound, they fail to
be consistent [11]. The BIC Markov order estimator is strongly consistent without any bound on
the candidate orders [11]. If a process has infinite memory, the Markov order estimators are ex-
pected to tend to infinity as n — +00. The concept of context trees of arbitrary stationary ergodic
processes is a model more complex than Markov chains. Recent results [12] in that area imply
that this expectation holds true for the BIC and KT Markov order estimators but they provide no
information about the asymptotics of the divergence.

In this paper, the divergence of the PML, NML and KT Markov order estimators for not
necessarily finite memory processes is investigated. Not only asymptotic rates of divergence
are obtained but also explicit bounds on the probability that the estimators are greater and less,
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respectively, than some order. Instead of the usual assumption of non-nullness, it is assumed only
that the conditional probabilities of one of the symbols given the pasts are separated from zero.
This property is called weakly non-nullness and is “noticeably weaker” than non-nullness [7].

First, the process is assumed to be weakly non-null and «-summable. The «-summability
[14,15,21,24] is a condition weaker than the summability of the continuity rate. Under these
conditions, a bound on the probability that the estimators are greater than some order is obtained,
that yields an O(logn) upper bound on the estimated order eventually almost surely as n — +4-00.

Then, a bound on the probability that the estimators are less than some order is obtained
assuming that the process is weakly non-null and the decay of its continuity rates is in some
exponential range. This bound implies that the estimators satisfying the conditions attain a ¢ logn
divergence rate eventually almost surely as n — 400, where the coefficient ¢ depends on the
range of the continuity rates. The class of processes with exponentially decaying continuity rate is
considered in various problems [17,20]. Fast divergence rate of the estimators are expected only
for a certain range of continuity rates. Clearly, the estimators do not have a fast divergence rate
if the memory decay of the process is too fast. On the other hand, too slow memory decay is also
not favored to a fast divergence rate because then the empirical probabilities do not necessarily
converge to the true probabilities.

To provide additional insight into the asymptotics of Markov order estimators, the notion of
consistent Markov order estimation is generalized for infinite memory processes. A Markov order
estimator is compared to its oracle version, which is calculated based on the true distribution of
the process instead of the empirical distribution. The oracle concept is used in various problems,
see, for example, [2,5,16,22]. If the decay of the continuity rate of the process is faster than
exponential, the ratio of the PML Markov order estimator with sufficiently large penalty term to
its oracle version is shown to converge to 1 in probability.

The structure of the paper is the following. In Section 2, notation and definitions are in-
troduced for stationary ergodic processes with finite alphabets. In Section 3, the PML, NML
and KT information criteria are introduced. Section 4 contains the results on divergence of the
information-criterion based Markov order estimators. In Section 5, the problem of estimating
stationary ergodic process in d-distance is formulated and our results are presented. The results
require bounds on empirical entropies, which are stated in Section 4 and are proved in Section 6.
Section 7 contains the proof of the divergence results, and Section 8§ the proof of the process
estimation results.

2. Finite and infinite memory processes

Let X = {X;,—00 < i < +o00} be a stationary ergodic stochastic process with finite alpha-
bet A. We write X/ = X;,...,X; and x/ = x;,...,x; € A/7 T for j > i If j <i, x{ is
the empty string. For two ‘strings x‘i € A" and y{ e A/, xiy{ denotes their concatenation
Xlseo oy Xis Y1y ey Y e A'tJ . Write

Plef) = pi(x] =)
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and, if P(x~}) >0,
P(alx=,,) =Pr(Xo=alXZ}, =x2,).

—m

Form =0, P(alx"}) = P(a).
The process X is called weakly non-null if

aozz inf P(alx=L) > 0.

o0
acA¥-0o€A

Letting

o = mm Z inf (a|x:éo), k=1,2,...

y keA aEAx,ooeA X k =y_ k

we say that the process X is a-summable if
+00
o= Z(l —ay) < +o0.

k=0

The continuity rates of the process X are

7 (k) = sup Z|P (alx=}) — P(alx=L)|

X_ GAmaeA

and

y(k) = inf Z|P a|x P(a|x:éo)|.

X0 €A® oA

849

b

Obviously, y (k) < y (k). If Z,fil y (k) < 400, then the process X is said to have summable

continuity rate.
Remark 2.1. Since for any x:,l € A¥ and z:,]:] € A"k m >k,

inf P(alv=) < Plale ') < sup Plal=h).

x —k—1
—00 .)CioQ

the above definition of continuity rate is equivalent to

7 (k) = sup max Z|P (alx=}) — P(alx_})].

i>k x_ eA acA
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Remark 2.2. The process is ¢-summable if it has summable continuity rate because
l—o <1-— -l
v <1 I}}akaP(aw_k)
Yo €A acA

+ Erllaxkz _oswp (P(aly:,i) - P(‘1|X:c£o))
YR €AY geaxTleaonl=y7]

< |Aly (k).
The k-order entropy of the process X is

Hy=— Y P(af)logP(af). k=1,

aTGAk
and the k-order conditional entropy is

==Y Play")logP(arsilaf), k=0

alkJrl e Ak+1

Logarithms are to the base 2. It is well known for stationary processes [8,10] that the conditional
entropy hy is a non-negative decreasing function of &, therefore its limit exists as k — +00. The
entropy rate of the process is

_ 1
H= lim hy= lim -H.
k—+o00 k—+oo0 k

Note that h; — H > 0 for any k > 0.
The process X is a Markov chain of order k if for each n > k and x| € A"

n

P(x})=P(xf) JT Pxilx/Z). @2.1)

i=k+1

where P(x{‘) is called initial distribution and {P(a|a{‘ ),a€A, a{‘ € AK} is called transition prob-
ability matrix. The case k = 0 corresponds to i.i.d. processes. The process X is of infinite memory
if it is not a Markov chain for any order k < 4o0. For infinite memory processes, hy — H > 0
for any k > 0.

In this paper, we consider statistical estimates based on a sample X', an n-length part of the
process. Let N, (a{‘ ) denote the number of occurrences of the string a{‘ in the sample X/

Na(ay) =|{i : X{T{ =af.0<i <n—k}].

For k > 1, the empirical probability of the string a{‘ is

. N, (")
kY _ n\"i
(al)_n—k+1
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and the empirical conditional probability of ay4+1 € A given af is
R N ((,lk+l)
P(ak+1|a]1‘) = nilk
Nyp—1 (al )

For k =0, ﬁ(akH |a’1‘) = ﬁ(akH). The k-order empirical entropy is

I-}k(X']l)z— Z ﬁ(aé‘)logﬁ(a’f), 1<k<n,

all‘ €Ak
and the k-order empirical conditional entropy is

ilk(X’f) =— Z ﬁ(alf+l)10g ﬁ(ak+] |a]f), O0<k<n-1.

a/16+1 c Ak+1

The likelihood of the sample X{ with respect to a k-order Markov chain model of the process
X with some transition probability matrix {Q (ax+1 |a’]‘), ag+1 €A, af e Ak, by (2.1), is

k+1
P =p) T ealad)™ .

a’]‘+1€Ak+l

For 0 < k < n, the maximum likelihood is the maximum in Q (ag+1 |a{‘) of the second factor
above, which equals

. K+l
MLk(X’f) = 1_[ P(ak+1|alf)Nn(a] ).

a’l‘“ c Ak+1

Note that log MLy (X)) = —(n — k) (X7).

3. Information criteria

An information criterion assigns a score to each hypothetical model (here, Markov chain order)
based on a sample, and the estimator will be that model whose score is minimal.

Definition 3.1. For an information criterion
ICxr():N— RT,
the Markov order estimator is

kic(X7) = arg min ICxn (k).
O0<k<n 1
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Remark 3.2. Here, the number of candidate Markov chain orders based on a sample is finite,
therefore the minimum is attained. If the minimizer is not unique, the smallest one will be taken
as arg min.

We consider three, the most frequently used information criteria, namely, the Bayesian in-
formation criterion and its generalization, the family of penalized maximum likelihood (PML)
[11,33], the normalized maximum likelihood (NML) code length [36], and the Krichevsky—
Trofimov (KT) code length [23].

Definition 3.3. Given a penalty function pen(n), a non-decreasing function of the sample size n,
for a candidate order 0 < k < n the PML criterion is

PMLyx (k) = —log MLy (X7) + (JAl — 1)|Al* pen(n)
= (n — k)hi(X7) + (1A] = 1)|A]* pen(n).

The k-order Markov chain model of the process X is described by the conditional probabilities
{Q(ak+1|a]]‘), apy+1 €A, a{‘ € AKX}, and (JA| — 1)|A|* of these are free parameters.

The second term of the PML criterion, which is proportional to the number of free parameters
of the k-order Markov chain model, is increasing in k. The first term, for a given sample, is known
to be decreasing in k. Hence, minimizing the criterion yields a tradeoff between the goodness of
fit of the sample to the model and the complexity of the model.

Remark 3.4. If pen(n) = 4 logn, the PML criterion is called Bayesian information criterion
(BIC), and if pen(n) = 1, Akaike information criterion (AIC).

The minimum description length (MDL) principle minimizes the length of a code of the sam-
ple tailored to the model class. Strictly speaking, the information criterion would have an additive
term, the length of a code of the structure parameter. This additional term, the length of a code
of k, is omitted since it does not affect the results.

Definition 3.5. For a candidate order 0 < k < n, the NML criterion is
NMLyx (k) = —log PNML.k (x7),

where
ML (XT)

Sop | vhIeb= > MLi(x})

x| eAn

Pk (XT) =

is the k-order NML-probability of X{.

Remark 3.6. Writing
NMLyr (k) = —log MLy (X7) +1log Tk,

the NML criterion can be regarded as a PML criterion in a broader sense.
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Definition 3.7. For a candidate order 0 < k < n, the KT criterion is
KTy (k) = —log Pgr.k (x7),
where

Mo wn@ttHz [N @) = 1/2)(Na @) =3/2) -+ (1/2)]
(Nu—1(a}) = 14 A[/2)(Ny—1(a}) —2+|Al/2) - (|A]/2)

1
PKT,k(X}f)Z |A|k l_[
a’l{eAk:
Np-1(a)=1

is the k-order KT-probability of X{. (For k =0, N, (alf) =n.)

Remark 3.8. The k-order KT-probability of the sample is equal to a mixture of the probabilities
of the sample with respect to all k-order Markov chains with uniform initial distribution, where
the mixture distribution over the transition probability matrices { Q (ax+1 |a]f), ax+1 €A, a]f e Ak
is independent for the rows Q(-|a]1‘), alf € A*, and has Dirichlet (%, %) distribution in the
rows. Hence, the KT Markov order estimator can be regarded as a Bayes (maximum a posteriori)
estimator.

Remark 3.9. The k-order NML and KT coding distributions are nearly optimal among
the k-order Markov chains, in the sense that the code lengths [—log PnmLx(X])] and
[—log Pkr,k(X{)] minimize the worst case maximum and average, respectively, redundancy
for this class (up to an additive constant in the latter case).

4. Divergence of Markov order estimators

The BIC Markov order estimator is strongly consistent [11], that is, if the process is a Markov
chain of order k, then kgic(X 1) = k eventually almost surely as n — +o0. “Eventually almost
surely” means that with probability 1, there exists a threshold no (depending on the infinite
realization X{°) such that the claim holds for all n > ng. Increasing the penalty term, up to cn,
where ¢ > 0 is a sufficiently small constant, does not affect the strong consistency. It is not known
whether or not the strong consistency holds for smaller penalty terms but it is known that if the
candidate orders are upper bounded by clogn, where ¢ > 0 is a sufficiently small constant, that is,
the estimator minimizes the PML over the orders 0 < k < clogn only, then pen(n) = C loglogn
still provides the strong consistency, where C > 0 is a sufficiently large constant [35].

The NML and KT Markov order estimators fail to be strongly consistent because for i.i.d.
processes with uniform distribution, they converge to infinity at a rate O(logn) [11]. However,
if the candidate orders are upper bounded by o(logn), the strong consistency holds true [9].

If the process is of infinite memory, the BIC and KT Markov order estimators diverge to
infinity [12]. In this section, results on the divergence rate of the PML, NML and KT Markov
order estimators are presented. Bounds on the probability that the estimators are greater and
less, respectively, than some order are obtained, with explicit constants. The first implies that
under mild conditions, the estimators do not exceed the O(log n) rate eventually almost surely as
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n — +o00. The second bound implies that the rate O(logn) is attained eventually almost surely
as n — +oo for the processes whose continuity rates decay in some exponential range.

At the end of the section, the notion of consistent Markov order estimation is generalized for
infinite memory processes. If the continuity rates decay faster than exponential, the PML Markov
order estimator is shown to be consistent with the oracle-type order estimate.

The proofs use bounds on the simultaneous convergence of empirical entropies of orders in an
increasing set. These bounds are obtained for finite sample sizes n with explicit constants under
mild conditions so they are of independent interest and are also presented here.

Theorem 4.1. For any weakly non-null and a-summable stationary ergodic process, for any
O<e<1/2

N 1 c1e3
Pr max H (X - H|> —— ) <exp| ———n¢/?
<1<k<<elogn>/(4log|Al>| f(X7) — He] nl/H) - p( logn

and

N 1 6283
Pr max h(X™) — hy| > —— | <exp| — né/? ),
<05ks<slogn)/<4log|A|>| e(X7) = nl/“)_ p( logn

where c1, c2 > 0 are constants depending only on the distribution of the process.
Proof. The proof including the explicit expression of the constants is in Section 6. ]

Remark 4.2. The convergence of I:Ikn (X?) and h ke (XT), ky — 00, to the entropy rate H of the
process could be investigated using Theorem 4.1. However, good estimates of the entropy rate
are known from the theory of universal codes. In particular, mixtures of the KT distributions
over all possible orders provide universal codes in the class of all stationary ergodic processes
[29-31], therefore the corresponding code length is a suitable estimate of the entropy rate.

An application of the Borel-Cantelli lemma in Theorem 4.1 yields the following asymptotic
result.

Corollary 4.3. For any weakly non-null and o-summable stationary ergodic process, for any
O<e<1/2

1

| A (XY) = Hi| < Ry

simultaneously for all k < %, eventually almost surely as n — +00.

Remark 4.4. By [20], under much stronger conditions on the process, the convergence rate of
Hi(X7) and hi (X)) to H is n~1/2 for some fixed k = O(logn). Hence, the rate in Theorem 4.1

cannot be improved significantly.

The first divergence result of the paper is the following.
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Theorem 4.5. For any weakly non-null and a-summable stationary ergodic process there exist
A1, A2 > 0 depending only on the distribution of the process, such that for the Markov order
estimator kic(X')

Pr(/;lc (X'f) > kn) < phi+2logn—hoky

for any sequence k,, n € N, where IC is either the PML with arbitrary pen(n) or the NML or the
KT criterion.

Proof. The proof including the explicit expression of the constants is in Section 7. (]

An application of the Borel-Cantelli lemma in Theorem 4.5 yields the following asymptotic
result.

Corollary 4.6. For any weakly non-null and o-summable stationary ergodic process there exists
a constant C > 0 such that for the Markov order estimator kic(X '1’)

lglc(X?) <Clogn

eventually almost surely as n — 400, where IC is either the PML with arbitrary pen(n) or the
NML or the KT criterion.

The second divergence result is the following.

Theorem 4.7. For any weakly non-null stationary ergodic process with continuity rates y (k) <
81275 and y (k) = 8,27 for some ¢1, 82,81, 82 > 0 (&2 = &), if

6log|A 1
blogiAl _ 1
& 2

the Markov order estimator Iglc (X?©) satisfies that

A 1 /1 cz£3
Pr| kic(X])<—(=—¢)1 - < — == nf?),
I'< IC( 1)_242(2 8) ogn C3> _exp( lognn
if n > ng, where IC is either the PML with pen(n) < O(/n) or the NML or the KT criterion, and
c2,np > 0, c3 € R are constants depending only on the distribution of the process and pen(n).

Proof. The proof including the explicit expression of the constants is in Section 7. ]

An application of the Borel-Cantelli lemma in Theorem 4.7 yields the following asymptotic
result.

Corollary 4.8. For any weakly non-null stationary ergodic process with continuity rates y (k) <
81275k and yk) > 82275k for some ¢1,¢2,81,82 > 0 with & > ¢y > 121log|A|, the Markov
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order estimator IQIC(X 1) satisfies that
IQIC(X?) > C'logn
eventually almost surely as n — +00, where IC is either the PML with pen(n) < O(/n) or the
NML or the KT criterion, and C' > 0 is a constant depending only on the distribution of the
process.
The section concludes with the consistency result.
Definition 4.9. For a candidate order 0 < k < n the oracle PML criterion is
PML,, (k) = (n — By + (JA] = 1) A" pen(n),
and the oracle PML Markov order estimator is

kpmL,, = arg min PML, , (k).
0<k<n

Remark 4.10. For Markov chains of order k, kpmr , = k if n is sufficiently large, with any
pen(n) = o(n).

Theorem 4.11. For any weakly non-null stationary ergodic process with

logy (k)
. — —00, k — o0,

the PML Markov order estimator IQPML(X’f) with pen(n) = n”, % < k < 1, is consistent in the
sense that

kpmL(XT)
—_—
kPML,n

in probability as n — +00.

Proof. The proof is in Section 7. |

5. Statistical estimation of processes

In the results of this section, the divergence rate of Markov order estimators will play a cen-
tral role. The problem of statistical estimation of stationary ergodic processes by finite memory
processes is considered, and the following distance is used. The per-letter Hamming distance
between two strings x{' and y{ is

I, if b,
d xl’.yl Zﬂ(xl7éyl Where]l(a¢b):{0 1fZ?=éb,

)
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and the d-distance between two random sequences X T and Y] is defined by
d(xi.y]) = min Ezd, (X1, Y7,

where the minimum is taken over all the joint distributions P of X 1 and Y I whose marginals are
equal to the distributions of X{ and Y|'.

The process X is estimated by a Markov chain of order k = k,, from the sample in the following
way.

Definition 5.1. The empirical k-order Markov estimator of a process X based on the sample X

is the stationary Markov chain, denoted by X[k, of order k with transition probability matrix
{P(ak+1 |a]1‘), ak+1 € A, a{‘ € AKY. If the initial distribution of a stationary Markov chain with
these transition probabilities is not unique, then any of these initial distributions can be taken.

In the previous section, weakly non-nullness is assumed for the process. In this section the
process X is assumed to be non-null, that is,

Pinf = min  inf P(a|x:éo) > 0.
ae X:éQEADO

Remark 5.2. For any non-null stationary ergodic process, P(a’l‘) < (1 — pinp)¥ for any a'f e Ak,
Hence, Theorem 4.5 holds with A1 =0 and A = |log(1 — pinr)|, see the proof of the theorem.

The assumption of non-nullness allows us to use the following quantity instead of y (k). The
restricted continuity rate of the process X is

y(klm) = max Z|P(a|x:,1)—P(a|x:,1n)|, k<m.

x:,]n €A™ A
Similarly to Remark 2.1, note that the above definition is equivalent to

7 (klm) = max  max > |P(alxZy) — P(alxZ}))-

<ismaZleAl ;24

Hence, lim,,_, 40 ¥ (k|m) = y (k) for any fixed k. We say that the process X has uniformly con-
vergent restricted continuity rate with parameters 01, 0>, kg if

7" <7 (ki[62k1)  if k > ke, for some 0; > 1,6, > 1.

The order k of the empirical Markov estimator X[k] is estimated from the sample, using the
PML criterion. The estimated order needs to be bounded to guarantee an accurate assessment of
the memory decay of the process.

Definition 5.3. For an information criterion IC, the Markov order estimator bounded by r,, < n,
rm €N, is

A u B )
kic (X1 |rn) =arg Ogllclgnr,, ICx? (k).
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The optimal order can be smaller than the upper bound if the memory decay of the process is
sufficiently fast. Define

Ku(ras 7, f()) =min{r, |,k > 0:7(k) < f()},

where f(n) \(0 and r, /" co. Since y is a decreasing function, K, increases in n but does not
exceed ry,. It is less than r;, if y vanishes sufficiently fast, and then the faster y vanishes, the
slower K, increases.

The process estimation result of the paper is the following.

Theorem 5.4. For any non-null stationary ergodic process with summable continuity rate and
uniformly convergent restricted continuity rate with parameters 01, 62, kg, and for any pu, > 0,
the empirical Markov estimator of the process with the order estimated by the bounded PML
Markov order estimator lgn = IQPML(qu Inlogn), n > 0, with %logn <pen(n) < O(/n) satisfies

- A A 2 (1 4. ]
Pr(d(Xj',X[kn]’f) ﬁ2 max{ (L}_lognJ) (1-4log(A| /plm>>/<491)}+n1/2_w)

Pint
< exp(—cadt logn—|log pinf| (K» (nlogn,y,cpen(n)/n)+loglogn/log IAI))

3
+ exp<_ lcinnzlog |A|> 4 pswpen(n)
ogn

if n > ng, where ¢ > 0 is an arbitrary constant, s,, — oo and B, c4, cs,ng > 0 are constants
depending only on the distribution of the process.

Proof. The proof including the explicit expression of the constants is in Section 8. ]

Remark 5.5. If the process X is a Markov chain of order k, then the restricted continuity rate is
uniformly convergent with parameters 6; = 1, 6, > 1 arbitrary (arbitrarily close to 1), kg =k + 1,
and if n is sufficiently large, K,, = k and

max {); (LGE log nJ) ’ n(147710g(|A|4/Pinf))/(491)} — p—(1=4n10g(A*/ pinp)/(461)
2

An application of the Borel-Cantelli lemma in Theorem 5.4 yields the following asymptotic
result.

Corollary 5.6. For any non-null stationary ergodic process with summable continuity rate and
uniformly convergent restricted continuity rate with parameters 01, 62, kg, the empirical Markov
estimator of the process with the order estimated by the bounded PML Markov order estimator
ky = kpML(X"|r,,) with % 5 logn < pen(n) < O(y/n) and

5loglogn

<o(
Jlogla] = =cdogm
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satisfies

d(X{, XTka1}) < ﬁ—jmax{y(u_D n—1/<491)}

Pinf 2

o UOBM) 5 10g pi K, . 7. pent)/m)
n

eventually almost surely as n — +00, where ¢ > 0 is an arbitrary constant, and 2, ce > 0 are
constants depending only on the distribution of the process.

Remark 5.7. 1f the memory decay of the process is slow, the first term in the bound in Corol-
lary 5.6, the bias, is essentially y (|7, /62]), and the second term, the variance, is maximal. If the
memory decay is sufficiently fast, then the rate of the estimated order ky, and the rate of K, are
smaller, therefore the variance term is smaller, while the bias term is smaller as well. The result,
however, shows the optimality of the PML Markov order estimator in the sense that it selects an
order which is small enough to allow the variance to decrease but large enough to keep the bias
below a polynomial threshold.

6. Empirical entropies

In this section, we consider the problem of simultaneous convergence of empirical entropies of
orders in an increasing set, and prove the following theorem that formulates Theorem 4.1 with
explicit constants.

Theorem 6.1. For any weakly non-null and a-summable stationary ergodic process, for any
O<e<1/2

A 1
Pr max H (X" - H|>—
<1<k<(slogn)/(4log|A|)| k( 1) k| n1/2—8>

TJaped nf/? ¢ )

+ —logn

<6e!/Cexp( ———"—
32e(x +ap) logn 4

and

R |
Pr max (X = hy| > ———
<0<k<<slogn>/<4log|A|>| e(XT) e n1/2—8>

Tage? né? g >

+ —logn

<12e'/¢ -
= jeeexp < 256e(a + o) logn 4

First, we show the following bounds.
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Proposition 6.2. For any weakly non-null and o-summable stationary ergodic process, for any
l<m<nandu,v >0,

Pr(lg}(afxmiflk(X{‘) — Hi| > u)

oo —(n —m + DHu2d+v)
8e(a + o) m|A|2m

.5 e Yy vloge u?
X min : s
20+v 1) 2mlog|A] e

Pr( max |hk(X”) hk|>u>

<6e!/clA™ exp(

and

O0<k<m-—1
_ _ 2(1+v)
< 12e° A" exp( ——2 (= m+ D(/2)
8e(a + o) m|A|2m
. e v w/2) v loge (u/2)™"
X min s s .
2(1 4+v— 1) 2mlog|A] e

Proof. F1x 1 <k < m. Applying Lemma A.l in the Appendix to the distributions Py =
{P(a"),d! ke A%} and Py ={P(d¥), ak € A%},

~ 1 ~ ~
| Hi(X) — Hi| < @[klogw —logdrv (P, Po)]drv(Pe. Py, 6.1)

if dTV(ﬁk, Py) <1/e. For any v > 0, the right of (6.1) can be written as

klog|A| A
drv (P, Py)
loge
I+v 10 1 p ! &
d /( +V)(Pka Pk)[_d"[)‘<l( Jrv)(Pk, Pr) logd%(,( +U)(Pk7 Pk)] (6.2)
vloge
klo |A] 11+v
logg dry (P PO + - ——dpy " (P Po),

where we used the bound —x logx < e ! loge, x > 0.
By [21], for any string a’l‘ e A¥and 1 >0,

2
Ky oo k 1/e —Col
Pr(|N,,(a1) (n k+1)P(a1)|>t)§e eXp(k(n—k—i—l))’ (6.3)
where
o0

8e(a + ap)

Cqy =
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is positive for any weakly non-null and «-summable stationary ergodic process. (6.3) implies
that

(dTv(Pk, Pi)>1) < Pr(max ’P(al) P(a’l‘)| - ﬁ)
al Ak

2
Ve 4k —co(n—k+ 1)t
<e/|A] exp(—k|A|2k .

(6.4)

Applying (6.4) to (6.2),

Pr(|I:Ik(X") — Hk| > u)

klog|A 1
< Pr( 10g| |dTV(Pk, Py + —Ldl/(lﬂ)(l’k, Py) > M)
oge v

+ Pr(drv (Py, Po) > 1/e)

A uloge 1/(14v) veu
<Pr| drv(Py, P, —_— Pr( d Py, Py
< r( v (Pr, Pr) > 2klog|A|>+ f( (Pr )>2(1+v)

+ Pr(drv (P, Po) > 1/e)

—co(n —k 4 Du?0+V)
k|A|2k

.5 e Yy loge uY
X min , ; .
2(1+v 1 2klog|A|’ e

This completes the proof of the first claimed bound as

§3e]/e|A|kexp(

Pr( max |I:Ik(X’1“) - Hk| > u)
1<k<m

= Y Pe((A(x}) — ] > )

1<k<m

ssel/e< > |A|")

1<k<m

—cog(n —m+ D20+ e vy vioge u™
X €X min . N .
P m| A2 20 +v) dmlog|A| e

The second claimed bound follows using fzo(X'l') —ho=H, (X) — Hy and

[ (XT) = | = [t (XT) = Hir| + [Hi(XT) = Hi .

k>1,
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as

Pr( max |f1k(X’f)—hk|>u>

0<k<m—1

§Pr< max |PAIk(Xq’)—Hk|>g>+Pr< max |I:Ik(X?)—Hk|>%>

1<k<m I<k<m—1
~ u
< 2Pr<11§1}€a§xm|Hk(X?) — Hy| > 5). 0

Now, the theorem follows from the proposition with special settings.

Proof of Theorem 6.1. We use Proposition 6.2 setting u =n~'/>*¢ v =g, and m = [(¢logn)/
(4log|Al)]. Then, in the exponent of the first inequality of the proposition,

L 204)

5 >na/2—1+252
[A]=" ’
n—m+1 7
>n ,
m logn

) e I+v uVloge u~V _2(2e 3/2 2 g3/2
min , , >n = >n" ¢ —,
2(1+v—h 2mlog|A|l” e 3 2

where we used that 0 < ¢ < 1/2. This gives the lower bound

Tope3 né/?

B 32e(a + ap) logn

on the exponent and completes the proof of the first claimed bound. The second claimed bound
follows similarly from the second inequality of the proposition with the same settings. |

7. Divergence bounds proofs

In this section, we consider the divergence of the PML, NML and KT Markov order estimators
and prove Theorems 4.5, 4.7 and 4.11.

Proof of Theorem 4.5. By [21], any weakly non-null and «-summable process is ¢-mixing with
a coefficient related to g > 0 and @ < 4-00. Namely, there exists a sequence p;, i € N, satisfying

> 20
i—0 %0
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such that for each k, m, [ and each a’l‘ € Ak, b" € A™, with P(b|") >0,

I+k—1
[Pr(X 1 =af X! =0) = P(a)| = X i
=l

This implies that for any d > 1

Ak _ K
Pr(X, 1 = aj| X7 =bY)
< Pr(Xpitia = aia. 1 <i < [k/d]| X} =bT')
Lk/d]

= [ Pr(Xmsitia =aial Xmyivja =aja, 1 < j <i, X7 =b}')
i=1

lk/d]
< l_[ (P(aia) + pa-1)

i=1

Lk/d]
< (maxP(a) + Pd—l) .
acA

Since max,es P(a) < 1 and pg — 0, max,eq P(a) + pg—1 < 1 for sufficiently large d. Then

m+l+k _ _kyym __ pm A —Agk
max Pr(X;11 1} =a X[ =b7") <2
lLay,by

holds with A1 = —log(maxae P(a)+ pg—_1) > 0 and Ay = —log(maxgeca P(a) + pg—_1)"/¢ > 0.
Thus, for any k,

Pr(N,(af) > 2 for some af)
= P1r(Xl’.'+k_1 = X§+k71 forsomel <i<j<n—k+ 1)
< Z Pr(Xll:-Fk—l — X§+k_1) (71)
1<i<j<n—k+1

i+k—1 i k— i—1
= Y E{e(xP=xix]Th)
1<i<j<n—k+1

< n22)x|—)»2k_

For any information criterion IC, we can write

{kic(X7) > ki)
c {ICX7 (m) < ICxn (ky) for some m > kn'}
(7.2)
C {ICX{‘ (m) < ICX'; (k;,) for some m > k,,} N {N,, (alf”) < 1 for all alf" }

U{N, (a]f") > 2 for some alf" }.
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Here, N, (alf”) <1 for all a]f" € Akn implies that N, (af') <1 for all a{" € A™ for all m > kj,
which further implies that for all m > k, (i) fzm (X1) =0 and therefore PMLX»]1 (m) = (|A] —
1)|A|"™ pen(n) and NMLX7 (m) = Xy, and (ii) KTX7 (m) = |A|™". Then all the three informa-
tion criteria do not depend on the sample and are non-decreasing in m. Hence, in (7.2)

{ICX? (m) < ICXrlz (k;,) for some m > kn} N {Nn (a]f") <1 for all al"}
is an empty set. Thus, (7.2) gives
Pr(lzlc (X7) > kn) <Pr(N, (a’f”) > 2 for some a]f")
and using (7.1) completes the proof. U
To prove Theorem 4.7, first we show the following bounds.

Proposition 7.1. For any weakly non-null and o-summable stationary ergodic process with hy —
H < 827 for some 8,¢ > 0, if
4log|A 1
oglAl _, 1

¢ - 2

(i) the PML Markov order estimator EPML (XY) satisfies that

e/2

Toe3 n € )
+ —logn ),

Pr(kpw (X}) < kn) < 12¢'/*exp( —
r(kpw (X7) <kn) < 12e exp( 256e(a +ap) logn 4

ifn > (82%)2, where

5 4 Al—1
anmin{kEO:hk_H< max(«/ﬁ,ﬂl_l‘g )pen(n))};
n

(i1) the Markov order estimator lzlc (X7), where IC is either NML or KT, satisfies that

Tape> né/?

256e(a + ap) logn

Pr(IQIC(X?) <kn) < IZel/eexp<— + Zlogn),
if n > max2{~/24(log?e)(|A| — 1), 2Ckr, 82¢}, where
) - 4
ky=minik>0:h; — H < ol £
Remark 7.2. For Markov chains of order &, in Proposition 7.1 k, = k if n is sufficiently large.

Proof of Proposition 7.1. Let 0 < ¢ < 1/2 be arbitrary and

elogn A 1
B = A (X)) = | < —— 1. 7.3
"(410g|A|) {OSkS(SIOI;’%);(“OgA)’ €(X1) k}_n”z‘f} 73
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elogn
4log|A|

For any information criterion IC, we can write for any k,, <
{kic(XT) < kn}

1
- {ICXrlz(m) < ICXrlz <L%J) for some m < kn}

1 1
c ({1cyn m) <10, (| =22 1) for some m <k, t N B, [ ——2"
1 '\ [ 4log|A]| 4log|A|
1
U Bn< glogn )
4log|A|
(i) If IC = PML, by the definition of the PML information criterion, see Definition 3.3,

PML 1 (m) < PML elogn 1\ i\ g, (108"
n n _ or some <
X =X | 21og (A =S P log (A

(7.4)

N elogn A
c {(n —m)hy, (X7) — (n - {mbhuslegnv@uown (x7)

1
< (|A| _ 1)(|A|L(elogn)/(4log|A|)J — |A|’")pen(n) for some m < k,,} N B"<481 OgiZ')
og

C {flm (Xrll) - };L(slogn)/(410g\A\)J (X?)

(7.5)
< (1Al - 1)|A|L(“m‘{")/(MOglAl)J pen() for some m < k,,}
- n—|(elogn)/(4log|Al)]
1
B, elogn
4log|A|
(1Al — DjA|eloem/@loeltl penin) 2
Cihy,—h <
= { m L(elogn)/(4log|A])] = n— (8 logn)/(4log|A|) n1/276
for some m <k, }
Since forany 0 < ¢ < 1/2
| A|(€logn)/(4log|A]) 1
< , (7.6)
n— (elogn)/(4log|A]) nl-e
we have
(JA| = D|A|Eleem/@leltDpen(n) 2 3max(y/n, (|A| — 1) pen(n)) an

n — (elogn)/(4log|A|) a2 = iy
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Now, let & and k, be as in the claim of the proposition. Using the conditions h;y — H < §27¢k
and ¢ > (4log|A])/¢,

_ elogn 1 . 2
h\_(slogn)/(4log\A\)J —H< 56Xp{—§<410gg|A| — 1>} < ﬁ ifn > (32§) . (7.8)

Thus, if n > (82%)2, it follows that k,, < %, and for any m < kj,

hun — h (s 10gn)/@log A = (hiy—1 — H) — (h|(elogn)/@10g|A]] — H)

> (hy,—1 — H) — Ln _ 3max(v/n, <’|;‘_|8— 1 pen(m)

(7.9)

where we used that & is non-increasing. Comparing (7.9) to (7.7), the right of (7.5) is an empty
set, and (7.4) yields

- elogn ) Taged  nf? e
Pr(kpmr (X") <k,) <Pr( B < 12el/¢ - ~1 ,
r(kew (XT) < k) < r( ”<4log|A|))— ¢ eXp( 2560(c + ag) logn | 4 02"

if n > (82%)2, according to Theorem 6.1.
(ii) If IC = NML, by the definition of the NML information criterion, see Definition 3.5,

NMLx» (m) < NML ¢logn for some kot N B ¢logn
n(m n P E— m <
X = X\ | 410g|A] g "\ 4log|A]

elogn

s {(” = m)hn (X7) = (” - {4—log A J)huslogn)/(mogAl)J (x7)
! 1
<log ¥ | n, £ osn —log X (n, m) for some m <k, ¢ N B, gloen.
4log|A| 4log|A|

log X (n, [ (¢logn)/(4log|A])])
n— |(glogn)/(4log|A])]

c {fzm(Xi’) — (e togmy/@iogian) (X7) <
(7.10)

for some m < k, }

elogn
By
4log|A|

C {hm — hi(slogn)/(4log|A])] <

log X (n, [(¢logn)/(4log|Al)]) 2
n— (elogn)/(4log|Al) nl/2—¢

for some m < k, },
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where in the second relation we used that ¥(n, m) > 1 for any m > 0. By Lemma A.2 in the
Appendix,

Al —1 n
MLk(X{‘) < PKT,k(X{’) exp<CKT|A|k + TlAlk log W
that gives the upper bound

A= L Flog (7.11)
5 g|A|k. )

log £(n, k) < CxrlAl* +
Using (7.11) and (7.6),

log X (n, [(¢logn)/(4log|A|)])
n — (elogn)/(4log|Al)

Al —1 n 1
< | Ckr+ lo

2 OB a|lElogm/AloglAD] ) T

Al —1 1
< | Ckt + 3 logn Py

Using e* > x2/2 +x*/4!, x > 0, it follows that (|A| — 1) logn < /n if n > 24(log*e)(|A| — 1)*,
which implies that

Al -1
Ckr +

logn < Jn ifn> max{24(log4 e)(|A| — 1)4,4C12(T}.

Thus, the expression in (7.10) can be bounded as

log %(n, [(elogn)/(4log|A|)]) 2
n— (elogn)/(4log|A)) nl/2—e
3

-
nl/2—e

(7.12)
if n > max{24(log*e) (jA] — 1)*,4CE7).

Now, let & and k, be as in the claim of the proposition. Then the conditions iy — H < 827¢* and

&> (4log|Al)/¢ imply (7.8), thus, if n > (82%)2, it follows that k,, < %, and for any m <k,

B — e togn)j410g A = (hky—1 — H) — (B (s 10gn)/410g A ] — H)
_ 1
>(hp 1 —H) — — 7.13
> (hg,—1 ) NG (7.13)
3
= L1/2—¢"
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where we used that /y is non-increasing. Comparing (7.13) to (7.12), the right of (7.10) is an
empty set, and (7.4) yields

R elogn 1 Tape? nt? g
Pr(knme (X") < k,) <Pr( B <12e!/® - -1 ,
r(lwa (X7) < k) = r( "(4log|A|>)_ © eXp( 2560(a + ag) logn 402"

if n > max{24(log* e) (|A| — D*, 4Cy, (82%)2), according to Theorem 6.1.
(iii) If IC = KT, by the definition of the KT information criterion, see Definition 3.7, and using
that Pgr,m (X)) <ML, (X7) forany 0 <m <n,

KT (m) < KT elogn . wlap elogn
n(m n e a— or some m < T E—
X =200 | 410g 4] " "\ 4log|A]|

elogn

c {(n —m)hy (X7) — (n - hlog |A|J)hL(810gn)/(410gA)J (x7)

<1ogML (e logn)/@log A (XT) — 10g PKT, |(elogn)/41og D) (XT) for some m < kn}
1
B, glogn
4log|A|

< {ﬁm(X’f) — hietogm/tog1an) (X7)

 10g ML e 1ogn)/@1og|ap) (XT) — 108 PKT. (s logm)/(410g 4D (XT)

(7.14)
n— |(elogn)/(4log|Al)]

for some m < k, }

elogn
By
4log|A|

C {hm — h|(clogn)/(41og|A])]

_ log ML | (¢ 1ogn)/(410g A} | (X)) —10g PKT, | (e logn)/@4log|AD) (XT]) N 2
- n — (elogn)/(4log|A|) nl/2—e

for some m < k, }

By Lemma A.2 in the Appendix,

10g ML (¢ logn)/@dlog 4D (XT) —10g PKT, | (¢ 1ogn)/41og AN (XT)
Al —1
2

(elogn)/(4log|Al) (elogn)/(4log|Al) "
<
= Cxrl4| + Al log | TeTogm/ctog AT *

and the proof continues in the same way as in the NML case (ii). (]
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Now, we are ready to prove Theorem 4.7. We prove the following theorem that formulates
Theorem 4.7 with explicit constants.

Theorem 7.3. For any weakly non-null stationary ergodic process with continuity rates y (k) <
8127 5% and y (k) = 8,279 for some ¢1, 82,81, 82 > 0 (&2 = &), if

Glogld] _ 1

o - 2’

(i) the PML Markov order estimator IQPML(X 1) satisfies that

Tage? nt2 ¢
+ —logn ),
256e(a +ap) logn 4

Pr(lszL(X’f) < kn) < 12¢!/¢ exp(—
if n > (365{°240/3 10g2 |A])/(log?e), where

C 1 (otogns 3 (e Vroan - ypentn)
k,,_2§2<210g82 3+<2 s)logn logmax{ (1Al = 1)—— T }),

(i1) the Markov order estimator l%]c (X1), where IC is either NML or KT, satisfies that

N Tape3 né2 ¢
Pr(kic(X7) < k,) < 12e!/° — —1 ,
e (X) =) = 12¢ exP( 2560(a + o) logn | 4 Og”>

if n > max{v/24(log?e)(|A| — 1)%, 2Ckr, (65772303 1og |A])/(loge)}, where

1 1
ky, = 0 <210g82 -3+ <§ — 8) 10gn>.

[Here, Cr is the constant in the well-known bound of logMLy(X!) — log Pxr x(XY), see
Lemma A.2 in the Appendix.)

Proof. By Remark 2.2, Y% 7 (k) < 3% 812751% < 400 implies the o-summability. The de-
viation of the conditional entroples from the entropy rate will also be controlled by the continuity
rates of the process, and Proposition 7.1 will yield the claim of the theorem.

First, for any k <m,

hk_hm
P@" ,, ,a)
Y Y (Pl o et
acA am EA m7k+1

P m
— Y —pP(a)a)log Pf;;;) (7.15)
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n P P(ay . @) P(ay_;.,a)
Y Y () T g (Gt e o)

aEAam it EAk a;"ikeAm*k P( m—k+l) m— k+l) am—k+l)
m m m
3 P(am ) Z B P(al") P(ai'a) o P(aj"a)

m—k+1 P(am ) P(am g P(am
m—k m—k m—k+1 1 1

aj €A

P(a}
= Z _P(aszﬂ) Z

P(a™ )
i €AF ap'~FeAm—k ok

y Z<P(a,nnl_k+1a) log P(a;Z—k-q-la) _ P(Cl{”(l) o P(a’fa))l

P@ ) P@_.)  P@) PG

On the right of (7.15), the difference of entropies of the conditional distributions {P(ala,,_; ),
a € A} and {P(ala]"),a € A} appears. By Remark 2.1, the total variation of these conditional
distributions can be upper bounded as

dTV( (| Ay — k+1 |a1 Z}P a|am k+l (a|a1n)| 5)7(]()

acA

Hence, applying Lemma A.1 in the Appendix it follows, similar to the bound (6.1) and (6.2) in
the proof of Proposition 6.2, that

Z P(a|aﬂ_k+l) log P(“'“:Z—kﬂ) - Z P(ala’f’) log P(a|a’l")

acA acA
10g|A| 11+V 1/(14v)
= loge dry(P(lay_g1)s P(laf)) + _—dTV V(P (lag_iq1)- P(la"))
7.16
log|A| _ 114v._ (7.16)
= p k) + = ——7 (k)
~ loge e v
210g|A| I+v v gy
loge v

for any v > 0, if y (k) < 1/e. Setting v = 1/2, combining (7.16) with (7.15) and taking m — +o00
yield the bound

6log|A| _
blogial (k)2/3

hy — H <
loge

(7.17)

if y(k) < 1/e. Since hy — H<h < log|A|, the bound (7.17) is trivial if y (k) > 1/e. Hence,
using the assumption 7 (k) < 8;2~51% of the theorem,

- 6loglA
hy — H L" %/32 2§1k/3’ (7.18)
loge
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and the assumption iy — H < §27¢¥ of Proposition 7.1 is satisfied with

2
and ¢ = i
loge 3

5= 6log|A| 2/%

Thus, the constraint ¢ > (4log|Al)/¢ in Proposition 7.1 becomes ¢ > (6log|A|)/¢1, and n >
(829)2 becomes

36 lOg |A| ?/32(441)/3

log?e
Next, for any k < +o00,
hiy — H
= Z Z log P(alx )
x:leAkaeA
/ > P(alx=L)log P(alx=L)dP(x=}) (7.19)
AOO

acA

[ e

acA P( | - )
=onoD(P("":;°)”P('x 0) 4P (x=5).

where D(-||-) denotes the Kullback-Leibler divergence. Using Pinsker’s inequality [8,10], (7.19)
can be lower bounded by

P(alx=L) — P(alx~} dP > = y(k) > 8527 26k=1) (7.20)
Zl %) = PlalxZy
acA

where in the last inequality we used the assumption y (k) > 8,275k of the theorem. Hence, in
case (i)

min{k >0:hy — H 4max(f (41— l)pe“(fl))}

1 —€

> minjk > 0:8327 %2k <

4max(/n, (|A| — 1) pen(n)) }

nl-¢

=minik >0:k > %(2105562 —34+(1—¢)logn —logmax(ﬁ, (|A| — l)pen(n)))}
2

_ 1 _ l_ _ _ pen(n)
=1+ 2§2<210g52 3—1—(2 8)10gn logmax{l,(|A| 1) NG })J,




872 Zs. Talata

while in case (ii)

. _ 4
mm{kZO:hk—H< m}

4
> min{k > 0:8327 262k~ < o= }
Py

1 1
=minyk >0:k > 2—@(210g82—3+ (5 —8)1ogn>}

1 1
=1+ _2—9(210g82_3+ <E _8) IOgn)J’

and the proof is completed. (|

Finally, we prove the following proposition that directly implies Theorem 4.11.

Proposition 7.4. For any weakly non-null stationary ergodic process with continuity rate y (k) <
827k £,8 >0, and for any & > 0, if ¢ > 0 is so small and ¢ > 0 is so large that

§+8<K<1—2

and

the PML Markov order estimator lgpML (X 1’) with pen(n) = n* satisfies that

/83
Pr( >E> Sexp<—lc2 ng/z),
ogn

if n is sufficiently large, where ¢, > 0 is a constant depending only on the distribution of the
process.

kpmL(XT)
kpML,n

—1

Proof. The proof of Theorem 7.3 begins with the observation that the summability of the con-
tinuity rate implies the o-summability. Hence, the conditions of Theorem 6.1 are satisfied now.
Moreover, according to (7.18), y (k) < 827k also implies that

_ 6log|A
hy —H < %52/32—2“/3. (7.21)

Set &, ¢ and k as in the conditions of the proposition, and define a sequence k, € N such that for
sufficiently large n

O hia—g2k,) — hi, = |Ajn e/,
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_ 1
i) i, —H < (4] - 1)2 1,

elogn
4log|A|’

(i) ky <

Due to (7.21), such a sequence exists. Since h; — H is non-negative decreasing, it is sufficient to
show this when hy — H = 611%[;"62/32’25"/3. Then, writing k,, in the form k, = vlogn,

1610g|A|62/3’1_%(1_%_/2)1}/3 and hy, — M = 610g|A|52/3n—2{v/3’

hia- — hy, >
LA—§/2)kn] kn = loge loge

if n is sufficiently large, that implies (i) and (ii) if

Such v > 0 exists because it follows from the condition ¢ /(1 —x) <2& that | —«x < (1 — Kk —
e/4)/(1 — &/2). Moreover, the condition ¢/(1 — k) > (6log|Al|)/¢ implies v < g/(4log|A])
satisfying (iii).

First, recall the definition of Bn(%) in (7.3) in the proof of Proposition 7.1. Similar to
(7.4) and (7.5), we can write that

A . elogn
{kem(X7) < 1 —é/Z)kn}ﬂBn<4log|A|) (7.22)

elogn
c {PMLXn (m) < PMLxn (k) for some m < (1 — é/Z)kn} N B,
1 1 4log|A|

= {PML, ,(m) + (n — m) (A (X7) = h) < PMLo y (kn) + (n = kn) (A, (X7) — I, )

( / ) n } n I ]
fOI some m < l é 2 k 1;

2
- {PML,,’,,(m) - % <PML,_, (k,) for some m < (1 — &/Z)k,,} (7.23)
n

2
< {(n — ) = (1 = k)i, = (JA = 1)(IAP" = |AI") pen(n) + ~7—
for some m < (1 —é/2)kn}

(JA| = 1)|A|€logm)/@logAD pen ()
C 1 hm _hk,, = = 1/2—
n— (glogn)/(4log|Al) nl/2—e

for some m < (1 — E/Z)k,,}

S {ha-e/ok,) — i, < |Aln~HEFE4) (7.24)
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elogn

Tog[A]" The latter is satisfied because

that is empty set by (i), if n is large enough and k, <
of (iii). On the other hand,

A elogn A elogn
keme(X7) > (1 +&/2kp} N By | ———— ) N {kpme (X]) < ———— 725
{PML( 1)>( +£/2) n} n<410g|A|> { PML( 1)—410g|A|} ( )
elogn
C {PMLy# (m) < PMLys (ky) for some (1+&/2)k, <m <
" | 4log|A|
B, elogn
4log|A|
2
c {PMLU’n(m) - % < PML, (k) for some m > (1 + 5/2)]@1} (7.26)
n

2
g {(lAl _ 1)(|A|m _ |A|k71)pen(n) — nl/% < (n —kn)hkn — (n _m)hm

for some m > (1 +§/2)k,,}

2
- {<IAI (A AP T < (1 ) ﬁ)h’”

for some m > (1 +§/2)k,,}

c {(|A| LA AP 2
n
< (i, — H) - <1 - %)(hk,, — H)

for some m > (1 +§/2)kn}

- (A —1)?
- {hkn —H> %n”"} (7.27)
that is empty set by (ii), if n is large enough.
Observe that
1+£/2 1—-&/2
k, <k < k,, 7.28
1+E n = KPML,n = 1_5 n ( )

if n is sufficiently large. Indeed, on indirect way the following sequence of implications can be
written

14+£&/2 £/2
k k 1———k k 1—-&/2)k
Tre kn =  kpML.n < Trekn =  kpmrn < (1 —§&/2)k,

= PML, ,(m) < PML, , (k) for some m < (1 — &/2)k,

kpML.n <
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2n
= PML,,(m) — m < PML,  (kn)

for some m < (1 —&/2)k,
that does not hold by (7.23) and (7.24) if n is large enough, and

1=8/2, k 12 Sk 1+&/2)k
1—¢ n = PML.,n > +E n = PML,n>( +€:/)n

= PML, ,(m) < PML, ,(k,) for some m > (1 +&/2)k,

kpMmL,n >

2n
= PMLO’n(I’I’l) — }’ll/—2 < PMLu,n(kn)

—&

for some m > (1 4+ &/2)k,

that does not hold either by (7.26) and (7.27) if n is large enough.
Finally, using (7.28), we get

o

= Pr(kpm (X7) < (1 — &)kpmen) + Pr(kemp(X]) > (14 &)kpmr )
< Pr(kemL(X7) < (1 = &/2)ky) + Pr(kpw(X]) > (1 4 &/2)k)

) ) ¢log
< Pr({kPML(Xl) <(L=§/Dka} 0 Bn<410glj\|>>

kpmL(XT) 3 1' - 5)

kpML,n

A elogn A elogn
Pr( {1k X" 1 Dk, t "B, | ————— | N1k X" <
+ r({ pmL (X)) > (1 +&/2)ky ) "<4log|A|> { puL ( 1)_4log|A|}>

+ore( B elogn pelk (X”) elogn
T T > I
"\ 41og|A| MR 4log Al

where the first two terms are zero if n is large enough by (7.22)—(7.24) and (7.25)—(7.27). Using

Proposition 8.3 with r, =n — 1, ky = | 7o) and m,, = |55,

7 n ¢logn _ K+e/4
Pr<kpML(X1) . 410g|A|) < exp(—O(n+14)),

because

I
ny (my) < n82¢ exp<_§6i0(;g|z|> — Szinl—ls/(6log|AD’

but 1 — ¢e/(6log|Al) < k + &/4 according to the condition ¢ /(1 — k) > (61log|A|)/¢. Then the
claim of the proposition follows from Theorem 6.1. ]
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8. Process estimation proofs

In this section, we consider the estimation of stationary ergodic processes by finite memory
processes. First, define

1
a—273))

p1=

and

- (= 241G
— sup2|A|— - LA
B G W TS 0 247 ()

Clearly, if ;2| y (k) < +o0, then B1, B2 < +00.
Now we prove the following theorem that formulates Theorem 5.4 with explicit constants.

Theorem 8.1. For any non-null stationary ergodic process with summable continuity rate and
uniformly convergent restricted continuity rate with parameters 61, 02, kg, for any wu, > 0, the
empirical Markov estimator of the process with the order estimated by the bounded PML Markov
order estimator IGPML(X’f Inlogn), n > 0, with penalty function pen(n) < O(/n) satisfies

7 orr p2 1
Pr(d(X?, X[kPML(XﬂT’]lOgn)]T) > pTgn + m)

inf

2
< 2el/e| A |Kntn+2 exp{_ . Pint . (n — Kn — hn)
16e|Al° (@ + pinf) (B1 + 1= (1 + Ky + hy)n

 4—(KnFh)|10g pinl |:4Mn logn _ (Kn + hp)llog pintl(B1 + 1)21H
2

Tap(log |Al)*n? n72loel4l
4e(a + ap) logn

+ 12e1/eexp< + (nlog|A|)logn)

+exp(—(|A| — 1)] A KnFhat

1 1
X pen(n)|:1 ~ AT 2pentn) (logn — (K, +hn)log|A|)]

cpen(n)

S —ioge | At ey + 1og(nlogn>),
1n

if n is so large that

_ 1/(261)
min“llognJ,kEO:?(k)< <6max(ﬁ, (Al l)pen(n))> | }zkg’ -

6 Pinth 1—nlog(|A*/ pinf)
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where

(| 7n 6max(1, (JA| — 1)(pen(n))//n)\ "/
8n = —logn | |, ’
max{y({é’2 log J) < ) }

Pinen /2= 1102 AI*/ pint)
_c
Ky =Kulrn, v, ;Peﬂ(n) >
and ¢ > 0 is an arbitrary constant and h, € N is an arbitrary sequence.
The proof is based on the following two propositions.

Proposition 8.2. For any non-null and o-summable stationary ergodic process with uniformly
convergent restricted continuity rate with parameters 01, 62, kg,

(i) the bounded PML Markov order estimator IGPML(X'I'Mlogn) with penalty function
pen(n) < O(/n) satisfies that

Tag(log|A])*n? n72loglAl
de(a + o) logn

Pr(kpwic (X} Inlogn) < ky) < 12e”‘“'exp< + (nlog |Al) 10gn),

if n is so large that k, > kg, where

’

6 max(/n, (|A] — 1)pen(n)))1/(291)}

— i n .5
n = mln{ LQQ lognJ,k 20:y() < < pinfnl—ﬂlog(|A|4/Pinf)

(ii) the bonded Markov order estimator IGIC(X’f |nlogn), where IC is either NML or KT, sat-

isfies that

Tag(log | A[)>n® nn2loglAl
de(a + ap) logn

Pr(kic (X |nlogn) < ky) < 12¢'/¢ exp( + (nlog |A|)logn>,

if n is so large that k, > kg and n > max>{~/24(log? e)(|A| — 1)2, 2Ckt}, where

n 6 1/26)
=mi —1 >0:y .
kn mln{ \\92 OgnJ s k = 0 V(k) < (pinfn1/2_nlog(|A|4/pim_)) }

Proof. First, define B, (nlogn) similar to (7.3) in the proof of Proposition 7.1. Similar to (7.4)—
(7.7), we can write for any k, < (/62)logn that

Pr(IGPML(X’f |T} logn) < kn)

3max(y/n, (|A| — 1) pen(n))
nl—r]4log\A\

< Pr(hm —hinlogn| < for some m < kn) (8.2)

+ Pr(B, (nlogn)).
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Now, the difference iy, — h|y10gn) in (8.2) is controlled as follows. For any m < k,

hy — hy
_Z Z a a logP(a|ak m+1)—|—P(a a)logP(a|a]1‘))
aEAaI‘EAk
P(ala}) &
ala
= Y P() Y P(ala) log — L
akeak acA P(ala’,i_mﬂ)
= Y P(a)D(P(la})IP(lai_1)).
a’l‘eAk
Using Pinsker’s inequality [8,10], (8.3) can be lower bounded by
2
Z (Z|P a|a1 a|ak m+l)|)
all‘eAk acA
1
2 37 nlh* min P(af) (8.4)
1
E (m|k) me-

Using (8.4) and the assumption 7% <7 (k|[62k]) if k > kg (61 > 1, 6> > 1), it follows that
- 2 - .
i = o) = 37 (KIT0:K1) plat! = 370 ™ if k> ko

inf

Hence, we can write

3 (Al —1
min{kzkeihk—h[92k1< max(y/n, (JA| )pen(n))}

nl—n4log|A|

6 Al—1 1/(261)
me{kzkg:ﬂkR( max (i, ]<|n A= Dpentr), <ezk+1>1ogpmf) } ®5)

5(k) < <6maX(ﬁ, (JA| — 1)pen(n))>1/(291)}

>minik > ky:
= = 4/,
{ pinfnl_nlog(|A| / Pinf)

Let &, be as in the claim of the proposition and suppose that k;, > ky. Then, since &y is non-
increasing, for any m < k, < (n/62) logn

3max(y/n, (JA| — 1) pen(n))

b — hniogn) = hi,—1 — Roy(k,—1)] = TAlog A . (8.6)
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Applying (8.6) to (8.2), the first term on the right in (8.2) equals zero, therefore
Pr(kem (X) < ky) < Pr(B,(nlogn))

3.3 .n2log|A|
< 12¢" ¢ exp _ Tag(log|A[)’n” n
4e(a + ap) logn

+ (nlog|A|)10gn>

by Theorem 6.1 with ¢ = n4log|A]|.
In cases IC = NML and IC = KT, the proofs deviate from the above similar to as (ii) and (iii)
deviate from (i) in the proof of Proposition 7.1. Now, instead of (7.12) we have

log ¥(n, |nlogn]) 2
n—nlogn nl/2—n4log|A|
3 : 4 4 2
= 1/2—ndlog 4| if n > max{24(log”e) (|A| — 1), 4Cir}. 0

Proposition 8.3. For any non-null stationary ergodic process, the bounded PML Markov order
estimator kpwmy, (X ’1' |rn) satisfies that

PI"(IGPML(X?Vn) > kn)
(n —mp)y (my)
pint/ loge

1 Al -1 n
+ [A] |:CKT+ 5 10g|A|kn+l—(|A|—l)pen(n)

= GXP<10g(Vn —kn) + + (|A| — 1)|A|m” pen(n)

forany O <my, <k, <r, <n.
Proof. For any m > 0,

n n n il
P(x}) = P(x}") 1_[ P(xi|xi_1)§< 1_[ P(xi|xii:;1)> 1_[ Plxilxy ) (8.7)

SN
i=m+1 i=m+1 izm1 P (ilxiZy,)

Using P (x; |xi_1) < P(x; Ix;-:,b) + y(m) and P (x; |x;:;1) > pinf, (8.7) can be upper bounded by

( [ P(xl-|x;’—)n)) <1+ ’7('")) . §MLm(x{')(1+ ’7(’”)) - (8.8)

immal Pinf Pinf

Now, let Cp, x = {IQPML(X 1’|r,,) = k}. By the definition of the PML information criterion, see
Definition 3.3, for any 0 <m,, k <r,

logML,,, (X7) <logMLy(X}) — (JA| — 1)|A[* pen(n) 59
+ (Al = 1)|A" pen(n)  if X} € Cpy. '
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By Lemma A.2 in the Appendix,

—1 n
MLy (X?) < Pxri(X7) exp(CKTlAlk +——1AFlog —) (8.10)

Combining (8.8), (8.9) and (8.10),

- n—my
Px7) = Pera () 1+ 222
Dinf
1Al =1

x exp(CKT|A|k+ —5—14l"log

n
|AJF

- (|A| - 1)|A|kpen(n) + (|A| — 1)|A|m" pen(n)) if X € Cpr,

that implies

- n—m,
P(Cot) < (1 + L””)
Pinf

ko 1A=Lk
x exp| CktlA|" + —— A" lo

n
2 SAf

— (1A] = 1)|A[* pen(n) + (JA] — 1)|AJ™ pen(n)) 8.11)

_ exp((n —my)y (my)

A = 1)| A"
< oot/ loge + (JAl = 1)|A[™" pen(n)

n

Al—1
+ |A|k[CKT + %logm — (1] - 1)pen(n)D,

where in the last inequality we used log(1 + x) < xloge, x > 0. In the exponent of (8.11), it may
be assumed that |A|¥ is multiplied by a negative number otherwise the bound is trivial. Then, the
claim of the lemma follows from (8.11) as

I'n

Pr(kpm (X1 1ra) > kn) < D P(Cak) < (ra — kn) P(Cp ity 41)- _
k=kn+1

Now, we are ready to prove Theorem 8.1.
Proof of Theorem 8.1. Letting
Gy = {7 (kem (X7 1nlogn)) < gu}

and

H, = {kpmL (X" |nlogn) <k},
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write

o 1
Pr<d(X’1” X[keww(X{1nlogn)]}) > szgn + W)
inf

o an 1
< Pr( d(X}, X[keme (X" Inlogn)]}) > szgn + W} NG, N Hn>

inf

+Pr(G,) + Pr(H,) (8.12)

- Ara A 1
< Pr( d(X7, X[kpML(Xﬂnlogn)]rf) > 'B—;y(kPML(X’ﬂnlogn)) + m} N H,,)

inf
+Pr(G,) +Pr(H,).
The three terms on the right of (8.12) is bounded as follows.

Since the process is non-null with summable continuity rate, Lemma A.3 in the Appendix with
W= Wy, viogn =k, and k = kpmp (X' |nlogn) gives

o en X 1
Pr({d(x';, X[kemL (X7 Inlogn)]]) > ﬂ—jy(kpML(x'fmlogn)) + WTM} g Hn)

inf
piznf (n — ky )4 knllog pinl
16e]AP (@ + pind (B1 + D2 (I +ka)n

kn|log pintl (B1 + 1)21| }

<2el/e|pffnt? exp{— (8.13)

x | 4Hn logn _
2

By Remark 2.2, the summability of the continuity rate implies the o-summability. Hence, for the
non-null process with summable continuity rate and uniformly convergent restricted continuity
rate with parameters 61, 6>, kg, Proposition 8.2 implies that

Tag(log|A|)*n? n72lel4]
de(a + ap) logn

Pr(G,) < 12¢!/¢ exp( + (n log |A|) 10gn>, (8.14)

if (8.1) holds because
Pr(7 (ke (X7 Inlogn)) = gn)

=Pr <l€PML (X? |nlog I’l)

6max(ﬁ, (JA] — l)pen(n))>1/(201)}>

Pinfh 1_’7 lOg(|A|4/Pinf)

§minH‘llognJ,k >0:p(k) < (
02

Applying Proposition 8.3 with r,, = nlogn,

mpy :mln{ LnlognJ’kzo);(k) < Cpen(n)}
n
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and k,, = h, + m,,, it follows that

Pr(f,) < exp(—(|A| — 1)|Aft!

1
X pen(n)|:1 ~ AT T 2pentn) (logn — ky 10g|A|)] (8.15)

cpen(n

PN g ot G+ og( logn>).

pint/ loge
Finally, applying the bounds (8.13), (8.14) and (8.15) to the right of (8.12), the proof is com-
plete. ]
Appendix

Lemma A.1. For two probability distributions P and P on Ak
1
|H(P) — H(Py)| < —1Oge[klog|A| —logdry(Py, Py)]dry(Py, P),
if drv(P1, P2) < 1/e, where

H(P)=— Y Pi(af)logP;(a})
alfeAk

is the entropy of P;,i = 1,2, and

drv(Py, Py) = Z | P (af) — Pa(af)]

all( c Ak
is the total variation distance of Py and P;.

Proof. See Lemma 3.1 of [32]. O

Lemma A.2. There exists a constant Cxt depending only on |A|, such that for any 0 <k <n

Al—1
A= A tog

log MLy (XT) — log Pxr.x (XT) < CxrlAlF + 5 AE

Proof. The bound, see, for example, (27) in [9],

Al—1
log Pgr i (X]) + klog|A| —logMLy (X7) + | '2 > logN,—i(af)
akeak:
Np-1(a)=1

< CyrlAlK,
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where Cy depends only on |A|, implies the claim using

> logNii(af) =1Afloz oy,
u’l‘eAk:
Na-1(@)=1
see Proof of Theorem 6 in [9]. U

Lemma A.3. Let X be a non-null stationary ergodic process with summable continuity rate.
Then, for any ;x> 0 and k < vlogn, v > 0, the empirical k-order Markov estimator of the
process satisfies

. 1
-2 -
Pr{d(x’f, XIkT) > Bopigi 7 () + —3= }

< zel/e|A|2+vlogn

X p{_ pi2nf (n— vlogn)n_2‘)‘10g17inf|
16e|A|3(a + Pinf)(,Bl + 1)2 (1 + Vlogl’l)n

[ o Vllog pintl(B1 + 1)2logn“
X |n — B .

Proof. See the proof of Theorem 2 and Lemma 3 in [13]. (Il
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