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Abstract

A positive recurrent, aperiodic Markov chain is said to be long-range dependent (LRD)
when the indicator function of a particular state is LRD. This happens if and only if the
return time distribution for that state has infinite variance. We investigate the question
of whether other instantaneous functions of the Markov chain also inherit this property.
We provide conditions under which the function has the same degree of long-range
dependence as the chain itself. We illustrate our results through three examples in diverse
fields: queueing networks, source compression, and finance.
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1. Introduction

A stationary random process (X,) with E[Xg] < o0 is said to be long-range dependent
(LRD) if

n
lim suchov(Xo, X;) = o0.
n—o0 T

The degree of long-range dependence is measured by the Hurst index H (% <H<1):

Sy covXo. X,) _ }

n—00 n2h=1

H:= inf{h : limsup
Equivalently, we can write

H = inf{h: lim sup

n—oo

var(} 7, X;) - oo}

n2h

Take (M,,), a positive recurrent, aperiodic, discrete-time, countable state Markov chain with
state space N, where N denotes the set of natural numbers. The chain is in stationarity with
stationary distribution 7. The indicator function 1(M,, = i) of state i of this chain is LRD if
and only if indicator functions of every state are LRD [4]. When this is true, (M) is said to be
an LRD Markov chain. Moreover, the Hurst index of these functions is also a class property [4].
The common Hurst index H is said to be the Hurst index of the chain.
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In [4] it was proved that such a Markov chain is LRD if and only if the return time distribution
of any state has infinite variance. It was also argued that finite weighted sums of indicator
functions on this chain also inherit this property. It is natural to conjecture that this might
be true for all functions of the chain. However, this conjecture is disproved, most easily
by considering a constant function (see also the two counter examples in [4]). It is then of
considerable interest to find which functions of an LRD Markov chain are also LRD.

Let 0, = p(M,) be an L, function of M,,. In this paper, we provide conditions under which
one can infer the long-range dependence of (g;) from that of (M,,).

Our main result, given in Section 3, provides a technical condition under which the rate of
growth of Zle cov(Xg, X,) is identical for X,, = g, and X,, = 1(M, = i). We set up the
proof with a collection of lemmas presented in Section 8. For convenience, most of the notation
is collected together in Section 2.

There are many interesting scenarios where the results of this paper might be useful. In the
second half of the paper, we collect three such examples. In Section 4 we discuss a simple
queueing network of two parallel queues. One queue is driven by an LRD process, whereas
the other queue is driven by a short-range-dependent process. We model the inputs and queue
lengths by countable state Markov chains, and show that, under longest queue first scheduling,
both queues are LRD.

A particularly novel example is given in Section 5, where we re-prove a recent result in the
source coding of LRD sequences [13]. We show that the code length process of any lossless
encoder which is compressing an LRD renewal process must dominate an LRD process with
the same Hurst index as the source process.

The last example concerns the long-range dependence in financial series. We discuss how
our model can explain the LRD behavior observed in some instantaneous functions of the
absolute returns of some asset.

2. Notation and setup

Let (M,,) be a positive recurrent, discrete-time, countable state Markov chain with state space
N and stationary distribution r;, i € N. Most of the notation we use is borrowed from [5].

e p: N— Rissuchthat ) ; ()2 < oo.
o 0y = p(Mp).

e 1 := Y ; p(i)m; is the mean of p.

° pl.(]'.’) =PWM, =j | Myp=1i), n>0,is the n-step transition probability from i to j.

) kpi(;.’) =PWM, =j;M #k, 0<l <n| My=1i), n> 0,isthen-step transition prob-
ability from i to j with taboo state k.

._ (n)
° \Pjj = Zfzilkpij .
o ﬂ,pfj’.l) =P(M, =j;M; ¢ #,0<1<n| My=1i), n> 0,is the n-step transition

probability from i to j with taboo set F.

. 00 (n)
® wlij = Don=t #Pij -
. fig.") = jpl.(;.’), n>0.

o Qg.’) = Zle(p[(jr.) — ), n>0.
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Rl.(j'.’) =y, Qg), n > 0.

o T :=inf,{t > 0: M; = j} is the first time to state j at stationarity.

e m;j := E;[T;] is the mean time to state j starting from i.

e H:=inf{h: limsup,_, . var(>_'_, 1(M; = 1))/n?*" < oo} is the Hurst index of (M,).
e H,:=inf{h: limsup,_, ., var(} 7, 0i)/n*" < oo} is the Hurst index of (g,).

To understand the results in the next section, it is useful to know the following properties.

Lemma 2.1. For an LRD Markov chain,

lim Q(") 00, 2.1
n—oo 4
(
R
lim —— = oo, 2.2)
n—oo n
()
Q;; /7|
lim (ff’ = 1. (2.3)
n—oo Q n /771

Proof. Equation (2.3) is Equation 8 of [4]. Equation (2.1) follows from Equations 8 and 5
of [4]. Equation (2.2) follows from (2.1). This completes the proof.

We will assume henceforth that » is large enough such that QY?, R| (") > 1.

3. Main results

Theorem 3.1. Let

n

1 r
M lim 33" mi(o() — ) (p() — ) yepl =0

(n)
S Ut kLo et ij

for some constant ¢ and nonempty finite set H, and

. hm°<>th1po ) 1 Zzﬂtlp(l)p(J)ll(lp(l)l>L 0G| > L) pf =0.
oo 11 r=1i,j

Then
li Var(z;lzl 0i)
ningo (n)
Ry /m

Moreover, if ¢ # | then H, = H.

= (u—c)>

Some remarks about Theorem 3.1(i) and (ii) are in order.

1. They fail to hold if lim; p (i) exists and is not c. This shows that lim; p (i) is the unique
choice for c in this case.

2. They will hold whenever lim; (p(i) — ¢) = 0. Specifically, when p(i) — c = 0 for i
greater than some value.

Both these remarks follow directly from Lemma 8.6, which is stated in Section 8.
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3. They are implied by the considerably stronger condition

Z Y wilpl) = cllp() — clp?

(Vl)/ Tl = 1 4,j

Theorem 3.1(ii) is trivially satisfied for bounded functions. When the g,, are not bounded,
condition (ii) ensures that they can be truncated without affecting the long-range dependence
discussions.

In light of remark 2, ¢ can be interpreted as a ‘limiting mean’, in a weak sense, of o as the
return time to the compact set # becomes large. The deviance of o from its average behavior
in this limiting regime, given by p — ¢, determines the limiting constant in the statement of
Theorem 3.1. When (1 — ¢)> = 0, the behavior of o is similar to its average behavior even
when M,, takes a long excursion before returning to #¢. Therefore, the long-range dependence
of M might not exhibit itself in p. In this case o might have a lower Hurst index, or even be
short-range dependent. What happens exactly depends on the detailed structure of M and p,
and cannot be captured by our formulation which only investigates the asymptotics at the scale
of the Hurst index of M. In this regard, (u — ¢)> > 0 is necessary for g to be LRD at the same
scale as M, and examples can easily be constructed to show that the o that fail this condition
fail to be LRD to the same degree. We give one such nonexample in Section 7.

The following theorem extends the usefulness of the preceding theorem considerably. It
describes the case when the state space of the Markov chain is divided into a finite number of
subsets, with communication between the sets happening almost only through a finite set of
states J¢. The canonical example for such a structure would be the Markov chain representation
of a semi-Markov process given by the pair (S, T'), where S is described by a finite-state Markov
chain and T is the time since the last transition, having an arbitrary distribution with E[T'] < oco.
In this case, the state space would be divided into sets {S = k}, and transition between sets is
only possible by visiting (S, 0).

Theorem 3.2. Let {Ar}, 1 < k < K, be a finite partition of the state space N. Let # be a
nonempty finite set, and let

@ lim —— S X o) — il - lgpi; =0 forallk #1.
Ql /7'[1 r=1icAy, jeA;

Also, suppose that
(r)
00 . Zz]etAak i Zr 1 lplj
T = nll>r20 (r)
Zi,jni Zr 11pl]

exists for all k. Let there exist constants ci, 1 < k < K, such that, for all k,

(i) lim (,,) Z Y- mio@) = () — ) g
e Ql /7‘[1 r=11i,jeA
and
(i) lim lim sup —-— Z Y- wle@p(IUp®I > L, p()] > L) gp}] =0.

L>00 n—oo Ql /T[l r=1i,je
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Then p
n .
tim YA2rm10) S oo o2

n—00 Ri?/ﬂ'l =
Moreover, ifnjf; (cx — ) # 0 for some k then Hy, = H.
Note that if ¢, = c; for a pair of subsets Ay, A; then (i) is not needed for this particular
pair.

Theorem 3.2(ii) defines a ‘limiting mean’ ¢, for o in each set +Ay, as Theorem 3.1(i) did.
Condition (iii) is the analogue of Theorem 3.1(ii). Condition (i) ensures that transition events
across different sets -, without visiting # can be ignored. Here nfﬁ{ can be regarded as the
limiting probability of +Aj as the return time back to ¢ becomes large.

As before, nj\i (ck — 1) # 0 for at least one k is necessary for the long-range dependence
of o to be at the same scale as M.

We now illustrate the use of these tools with some examples. In the first example we use
Theorem 3.1 directly, while in the last two examples we use Theorem 3.2.

4. Example 1: longest queue first with mixed heavy- and light-tailed inputs

This example replicates the conclusion in [12] that long-range dependence might spread
under longest queue first (LQF) scheduling in a parallel queue setting, using a general technique
based on Theorems 3.1 and 3.2.

There is a single server of rate R € N with two parallel queues. The queues are fed
by independent random processes, each modeled by a discrete-time, countable state Markov
chain. As an example, we investigate the scenario where X is independent and identically
distributed (i.i.d.) with heavy-tailed (var(X|) = oo) arrival distribution on N. Either X; € N
is an i.i.d. process with light-tailed (var(X;) < oo) arrivals or X is a finite-state, N-valued
Markov chain in stationarity. We assume that E[X(0)] 4+ E[X2(0)] < R.

Let Q1(n) and Q2 (n) be the stationary queue lengths. We assume that the queue is work
conserving, and moreover that the scheduling decision at time n (number of packets to be served
from each queue at time slot n) is a function of (Q1(n), Q2(n)), the queue sizes at time n. Given
such a scheduling strategy, it is easily verified that (X (n), X2(n), Q1(n), Q2>(n)) is acountable
state Markov chain.

Lemma 4.1. (X|(n), X2(n), Q1(n), Q2(n)) is positive recurrent.

Proof. The condition
E[X1(0)] + E[X2(0)] < R

implies that the queue process (Q1(n), Q2(n)) is positive recurrent. Pick M; > 0, and define
the set S| = {Q1(n) + Q2(n) < M;}. The return times to this set have finite mean (say v).
Also, define S = {X|(n) + X2(n) < M3} (or in the case where X» is a finite state chain,
S» = {X1(n) < M,}), where M, is large enough such that S, is nonempty. S; N S is a
nonempty compact set. We claim that the return times to this set have a finite mean. Since
1,(S>) is i.i.d., there is a positive probability (say at least p) of visiting S, each time there is a
visit to S (independent of previous visits). It is easily seen that the mean return time to S1 N S»
is at most v/ p (expectation of a sum of geometrically many i.i.d. variables). This completes
the proof.

We will look at long-range dependence through the Hurst indices of the busy—idle processes
of the queues. Let (X1, Q') be the Markov chain in which all the capacity is allocated to
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queue 1. Denote by 1(Q’(n) = 0), the busy—idle process of this queue. We know that the
busy periods of Q/1 have infinite variance (see, e.g. [3, Theorem 8.10.3]). Therefore, both the
Markov chain (X1, Q}) and the function 1(Q}(n) = 0) are LRD (see the introduction). The
similarly defined (X», Q) is a short-range-dependent chain.

Lemma 4.2. (X{(n), Xo2(n), Q1(n), Q2(n)) is LRD.

Proof. Consider the chain (X1 (n), Q/1 (n), Xo2(n), Q’z(n)). This chain is LRD because it is
a combination of the two independent chains (X1, Q’l) and (X», Q/z), one of which we assume
to be LRD. Let 71 be the return time to a nonempty compact set S; = {X1(n), Q1(n), X2(n),
Q2(n) < M}. Similarly, let ©; be the return time to the set S, = {X|(n), Q| (n), X2(n),
Q5(n) < M}. Since Q7 (n) < Q1(n) and Q) (n) < Q2(n), t; stochastically dominates #,, and
therefore (X1(n), X>(n), Q1(n), Q2(n)) is also LRD. This completes the proof.

The question we want to ask then is whether 1(Q>(n) = 0), the busy—idle process of the
second queue (fed by short-range-dependent traffic), is also LRD.

Define g,, := 1(Q2(n) = 0) tobe an L, function of the chain (X (n), X2(n), Q1(n), Q2(n)).
Take ¢ = 0 in Theorem 3.1. Let # = {X|1(n), Xo(n), Q1(n), Q2(n) < R}. Condition (ii)
holds trivially for bounded functions. Thus, we are left with having to check the condition

lim 3 i Z wby) =

oo 1)
TR0 /T iy 00,20, 00,=0) =1

To see why this is true, note that > ;. o, =0, 0240} i >, J{pl(r) is bounded above by 1

plus the stationary time spent in the states {Q, = 0} before the cham visits . Note that
the length of an idle period for Q> has finite expectation. Also, note that if an idle period
begins at time n + 1, this implies, owing to the LQF policy, that Q1(n) < R, Q2(n) < R,
X1(n) < R, and X,(n) < R. Thus, between successive idle periods of Q», the chain must
visit F. The stationary expected time spent in { Q2 = 0} without visiting # is therefore finite.
Since Q 11 — 00 (by (2.1)), the above limit holds. Using Theorem 3.1, we conclude that
1(Q>(n) = 0) has the same Hurst index as the chain (X (n), Xo(n), Q1(n), Q2(n)).

The advantage of this approach is that in general the input processes need not be i.i.d.
Dependencies can easily be modeled, as long as the sources can be represented as countable
state Markov.

5. Example 2: compressing an LRD renewal process

In this section we provide an alternative proof for the result in [13].

Let (X,) € {0, 1} be a discrete, stationary, ergodic renewal process. Denote by 71 and 17
the times of the first two arrivals. Then we denote by T 2 1, — 11 a random variable having
the interarrival distribution. We assume that E[T] < oo and E[T?] = co. As discussed in
the introduction, this is equivalent to stating that the renewal process is LRD. (For instance,
consider a Markov chain with return times to state 1 having the law of 7. Then the renewal
process can be defined as the indicator function of state 1.)

We begin by introducing the function

Qn(X’i ) = —logP(X,, | X"

)

which is of central importance to coding theory. The behavior of (g,) restricts the minimum
code length of lossless compression algorithms by the following lemma from [1], which is also
proved in [10].

https://doi.org/10.1239/jap/1339878798 Published online by Cambridge University Press


https://doi.org/10.1239/jap/1339878798

Hurst index of functions of LRD Markov chains 457

Lemma 5.1. (Barron’slemma.) Given {c(n), n > 1}, positive constants with)_, 2-¢) < o,
we have

L,(X!) > —logP(X} | X(loo) —c(n) eventually, almost surely (a.s.).

Here L,(X") is the code length for the first n symbols of the source for some lossless
coding algorithm that produces bit strings. (That is, let L, (X7) be the length of ¢ (X"'), where
o (x): {0, 1} — {0, 1}* is a one-to-one mapping.) ¢(n) can be made logarithmic in 7.

By the ergodic theorem, the limit of (1/n) Y "_, 0; as n — o0 exists a.s. and equals  :=
E[—logP(X; | X 900)], i.e. the entropy rate of (X,). This implies the following well-known
first-order converse source coding theorem for such sources.

Theorem 5.1. It holds that

1
liminf —L,(X!) >n a.s.
non

Lemma 5.1 is strong enough to permit second-order refinements to Theorem 5.1 once we
know more about the process (0,,). For example, in [10], it was shown that, for certain short-
range-dependent classes of sources (e.g. finite-state Markov chains) and appropriate coding
schemes (e.g. Lempel-Ziv coding), (L, — nn) satisfies a central limit theorem.

Here, we will prove a second-order converse source coding theorem, stating that the bit
length process (L,) will eventually dominate an LRD process, the growth of whose variance
is identical to that of (X,), so that, in particular, it has the same Hurst exponent as (X,). The
proof relies on our general Theorem 3.2. This result provides partial theoretical justification to
existing empirical work in the field of variable bit-rate (VBR) video traffic (see [2], [7], [8], and
[14], among others). A conclusion resulting from this work is that long-range dependence is
omnipresent in VBR video traffic, and persists across a wide variety of codecs. Combined with
these observations, the result backs the intuition that, for many information sources, long-range
dependence persists under compression.

Theorem 5.2. Let (X,,) be an aperiodic, LRD, stationary, ergodic renewal process. Then there
exists an LRD random process (yy) such that

L,(X!) = yu eventually, a.s.

for all uniquely decodable source codes. Moreover, (y,) has the same Hurst index as (Xp).

Proof. This follows immediately from Barron’s lemma once we show that the (g, ) are LRD
with the same Hurst index as (X,,). This will follow from Theorem 3.2 if we can set up (o,,) as
a function of a Markov chain.

We construct the following Markov chain (M,,) from the renewal process (X,) (see Fig-
ure 1):

e M,€{0,1,2,3,...},
o (M, =0}={X]_, =11},
o forke{1,2,...},
o {M, =2k — 1} = {X,, = 0 and k zeros since last arrival},

e {M, =2k} = {X,, = 1 and k zeros since last arrival in X, }.
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11 10 100 1000 10000

X, 1] 1{0]JO0O)J1[O0OJO]JO]OfT]L[T]0O]O]OfT1T]O]OJO]O]O
My — 1O 1 |3]4]1[3[5][7][8[0JO0)1]3]5]6[1[3[5]7]9

FIGURE 1: Construction of the Markov chain (M,,), with an example sequence showing the correspondence
with X,.

Note that this Markov chain is equivalent to the characterization (X,,, t,) (where ¢, is the time
since the last transition), only the states are numbered such that the state space is N.

We establish some additional notation: let (X,) denote the stationary renewal process,
whose interval arrival lengths have the law of T + 1; fr (k) := P(T = k); Fr(k) :=P(T <k);
o0n(X" ) = —1logP(X, | X'i;l,); and n := E[logP(X | X(loo)].

We can easily check that g, = p(M,), with

o p(0) = —log fr(0),
e p2k—1)=—10gP(T >k—1|T >k—-1),
e p(2k) = —1ogP(T =k | T = k).

Lemma 5.2. ¢, is an L function of M,,.

Proof. Letm; be the stationary distribution of (M,,). Note thatr; > O1implies that p(i) < oo.

We want to prove that
Z p(i )271,~ < 0.

Note that o541 = k1 P(T > k| T > k) and myy = w1 P(T = k| T > k) for
k=1,2,.... This gives

oo
Y PP =10p0? +m1p()? + Y m 1 P(T =k | T = k)log? P(T =k | T = k)

k=1
o0
—{—ank_lP(T >k|T=>klog?P(T >k | T >k),
k=1

m0p(0)” = (Z m) fr(0)log? fr(0),

k=1
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and

11p(1)? = <Z m)(l — frO)log?(1 = fr(0)).

k=1
Since the p log? p terms are bounded above by 1, 3" p(i)>n; < 4. This completes the proof.

Now, to apply Theorem 3.2, we partition into three sets: A; = {i > 0: eveni}, A2 =
{0}U{oddi: p(i) < —log(l —¢;)},and A3 = {oddi: p(i) > —log(l —¢;)}. We will choose
i 4 0later. Take ¢c; = ¢ = ¢3 = 0 and # = 1 in Theorem 3.2. By the note at the end of the
statement of Theorem 3.2, we do not need condition (i). We will check that conditions (ii) and
(iii) hold for each of the sets.

When i, j € A, note that | pi(;) = 0, so both conditions hold automatically. For i, j € #A»,
condition (ii) holds due to remark 2 because the limit of p(i) as i — oo is 0, and condition
(iii) holds because p is bounded on this set. Thus, we focus on i, j € 3. Define p(i) =:
—log(1 — &). Let subsequence {ix} = #A3. We have &;, > ¢;,, m;, < m ]_[le(l — &;;), and
ZTO lpi(/:i)j = T /ﬂik. Thus,

Y pi)m Y o) ipfY
i J r=1
k J
<Y [T -&p(—togd =&)Y " —log(t — &, [] (1 —&)

k I=1 j>k I=k+1
J
= > (—&log(l —&)(1 —&)log(l —&,) [] (-&)

j ok<j I=1, Ik, j

J
<Y i[Ja-&p.
j1=3

We can easily choose ¢; | 0 such that this is finite. Dividing by QY?, both conditions (ii)
and (iii) of Theorem 3.2 will be satisfied. This completes the proof.

6. Example 3: long-range dependence in financial time series

Let (P,, —00 < n < o0) be the price of some financial asset, and let X,, = log P,.
It is an established assumption that the log returns, r, = X, — X, _1, are well modeled
by a martingale difference process. Such a model accounts for the fact that the log returns
exhibit little correlation. Nevertheless, it is also a widely observed fact that some instantaneous
functions of the log returns, such as |r, |d, exhibit long memory (see, e.g. [6]).

The popular approach to modeling this behavior has been to explicitly incorporate the
dependence of the absolute log returns into the statistical description of the model. The result
is the various long-memory, autoregressive conditional heteroskedasticity (ARCH) process
models of financial time series (see, e.g. [9]).

We want to show in this example that, given a martingale difference sequence (r;) that can
be represented as a function of an LRD Markov chain, the outcome that [ro]@ will exhibit
long-range dependence should not be considered surprising.

We want to illustrate this with a very simple example based on Mandelbrot’s model for
wheat prices (see [11]). We note that this simple model is for purposes of illustration only,
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and does not account for all known properties of financial time series. For instance, it has
been observed in many situations that (r,) has a finite variance, despite having a polynomially
decaying marginal distribution. The (r,,) in this example have infinite variance. Nevertheless,
the proof scheme used here to establish the long-range dependence of |, |¢ should be applicable
much more generally.

Let (W),,) be a stationary random process which models the weather. The process (W,,) can
take on three values: good, bad, and neutral, denoted by {g, b, n}. The length of a good period,
T (number of consecutive good days), has the same distribution as the length of a bad or a
neutral period. Let P(T > t) = t~%. The period T has finite mean but infinite variance (i.e.
1 < o <2). A good or bad period is followed necessarily by a neutral period. A neutral period
is followed by a good or bad period with equal probability.

Let X, be the fundamental (log) price of the asset (which can be thought of as summarizing
exogenous variables that affect the real price). The variation of X, is such that it increases by 1
for every good day, decreases by 1 for every bad day, and stays the same for every neutral day.
The market calculates the real (log) price by projecting the expected future fundamental price:

X = lim E[X,ir | X7 0],

By construction, (ry,) is itself a martingale difference sequence. We will now show that,
on = |ra|? is LRD with Hurst index %(3 — «). (For var(gg) to be finite 0 < d < «/2.)

It can be verified (see also the calculations in Mandelbrot’s original paper [11]) that X,
changes as follows: jumps by E[T'] on the first good day, jumps by — E[T] on the first bad day,
increases by E[T | T > t] — E[T | T > t — 1] on the th good day (+ > 2), and decreases
by E[T | T > t] —E[T | T >t — 1] on the tth bad day. The first neutral following ¢ good
days decreases X, by E[T | T > t] — t. The first neutral following ¢ bad days increases X,
byE[T | T >t]—1t.

Let J, = 1 (there is a transition at time n). Let

Tn = 1rt1f{t > 0: antfl 75 Wn7172}

be the number of days since the last transition (0 on the first day following).
Then M,, = (W, J,, T,) is a countable state, LRD Markov chain, with Hurst index %(3 —a).
Moreover, 0, = |r,|¢ is a function of M,,:

p(g,b},0,0) = (BIT | T >t +2]—E[T | T >+ 1))%,
p({n},0,) =0,

p(g, b}, 1,) = (EITDH?,

o((n),1,6) = (B[T | T >t +1]— (t + 1)

Lemma 6.1. It holds that

BT |T>t42—E[T|T>t+1]— —— ast — oo.
(07

Proof. We have

S—Ol

P(Tzs|th)=t—, s =1,

—a
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and
o
E[T |[T>t+1]1-E[T|T>tl= Y PT>s|T>t+)—P(T>s|T>t)
s=t+1
o
=((+DY—1%) > 57
s=t+1
o
%_’
a—1
since
1 +1 * . * 1 +1
—o _ - - - _ —a
—+2) _/st ds < Zs </1s ds = ——(+1)

s=t+1 +
and ((r + 1)* — t%)/t*~! — «. This completes the proof.

Lemma 6.2. It holds that
E[T|T=>t]—-1t<

a—1"
Proof. We have

X 57 o0 t
E[T|T>t]l—t= —5/ s %s = ,
o [ P a—1

completing the proof.

We will utilize Theorem 3.2 with A1 = ({g, b}, 0, -), A2 = ({n},0, ), A3 = ({g, b}, 1, -),
Ay = ({n}, 1,),¢c1 =c4 = (a/(x — 1))d, cp =c3=0,and # = (-, -, 0). We have

var(go) < E 03

= mip(i)?
=D mp@*+ ) mip)?

i gAY i€y
> t \*
<C+Y FPT =0 ——
=1
< 0

by Lemma 6.2. As p(i) is bounded when i & .44, the contribution to the sum is a constant C.
We also used the fact thatifi = ({n}, 1, —1)thenm; = P(W_, =n)P(T =1t) = 1 P(T =1).
We need to first show that Theorem 3.2(i) holds:
1 n
. Al N ()
i, 5w Yo > mleG) = pllp() = plgp;; — 0 forallk #1.
11 r=1licAy, jeA;

By inspection, the following transitions require visiting #: (k,[) or (I,k) = (1,2), (1, 3),
(2,4), (3,4). The sum is O for these pairs. For (k, 1) or (I, k) = (1, 4), (2, 3), the condition is
not needed due to the note at the end of the statement of Theorem 3.2(ii).
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Theorem 3.2(ii) reads

1
i m(p(z)—ckxp(n—ck)zﬂp‘)—0 for all k.

11 i,jeAx r=1

lim
n—o0 Q
For k = 3, 4, ﬂ,pfr) = 0 because these states must go to # in one step. For k = 1, 2, we have

chosen c¢; such that p(i) — cx — 0 by Lemma 6.1. The condition holds by remark 2.
Theorem 3.2(iii) also holds for 41, 47, and 3 because p is bounded on these sets. On A4,

it holds because 4, pi(p = 0, as argued earlier. We finally have the conclusion:

> COV(Irold )
lim =r=! L Z

n— 00 11 /7.[1

(1 — cx)? > 0.

7. A nonexample

Consider an LRD Markov chain with p =1 and p 2 =0fori > 1. Set p(1) = 1,
p(2) = —1,and p(i) = O0fori > 2. We have for this chain 7y = 7 and u = 0. Since
p(i) = 0 fori > 2, the conditions of Theorem 3.1 hold with ¢ = 0 and # = {1}. However,
since ;. = c, the conclusion about the equality of the Hurst indices does not follow. In fact, we
can show g to be short-range dependent. From [5, Section 3] we know that

3 covie. ) = Y p)p()mi 0.

r=1 i

The right-hand side is a finite sum, giving

Zcov(go or) = m(Q\} + 0%) — 110y + O3,

r=1

where we have used the fact that 71 = mp. Since p =1 and p 2 =0fori > 1, we also
know that p(rH) = le) and p(rH) = p21) Expandlng the Q™ as sums, we obtain
n
1 1
Zcov(go o) =i Z(p( S ) = ) — ) Y (Y =) = (%Y =)
r=1
1 1 1
= 7 [(p("+ Poa)+ (P — ) — (Pl — ) — (PS5 — )l

which remains bounded, demonstrating that (o,,) is a short-range-dependent process.

8. Proofs of the theorems
For the proofs, we will rely on several lemmas, most of which are already known.

Lemma 8.1. ([5, Corollary 1, Chapter 11].) For p > 0,
E\T/ =00 <<= ET'=00 forallieN.

Lemma 8.2. Let (a,) be an arbitrary sequence, and let b, — 00. Let c be a finite real number.

If
dp
— =
n
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then ;
Zr:l ar
>I, b
Proof. This elementary result follows from the discrete analogue of 1’Hopital’s rule, referred
to as the Stolz—Cesaro theorem.

— C.

Lemma 8.3. (i) cov(o, 0r) = _; ; ”tpu)('o(’) =) = w.
(i) Y1y cov(go. 01) = Xy ; p(Dp ()i QL.
(iii) var(oo + - -+ + 0n) — (n + 1) var(go) =23, ; P(i)p(f')”iRi(f)'

Proof. Part (i) is a simple expansion. Part (ii) is derived from (i), and (iii) can be found in
[4, Section 3].

Lemma 8.4. ([5, Equation (1), Theorem 9.1].) It holds that
r—1
=g e =L
Lemma 8.5. ([4, Equation (12)].) It holds that

oV ~ (m)Zme(u n) Z iy
s=u+1

oo min(u,n) oo

(771)22 Z Z f(a)

r=1 s=u+l1

=m&22§:ﬁ.

r=1u=r s=u+1

Lemma 8.6. It holds that
) _
A T Qﬁ Z Z 1Pij
Proof. We have

Z i Z ll’(r) Z Z i ll’(r)

i,j r=1 r=1 i,j
n 00
=ZZWZ£Y)
(Y)
DI

=1 u=r

m—HZmeZZ Z i

r=1u=r r=1u=r Yu+1
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= —ZPl(Tl >r)+ZZ Z £

rlur Au+1

1 (n)
2 11

7T 1
since Z;’Zl P (T} = r) <m1; and by Lemma 8.5. In the second equality we have used the
fact that Z 1 p,(;) h l(lr ), which is an equivalent way of expressing the probability of
going from i to any other state without going to 1 in r steps. This expression also appears in
Chapter 9 of [5] (see the proof of Theorem 6 therein). In the third equality we have used the
fact that P, (T = r) = P1(T1 > r)/m11, where Tj is the first return time to 1 at stationarity.
This completes the proof.

Lemma 8.7. Let M > 0 be a finite number. Then

lim _ Z i Z lp(r)

(n)
n_)OOQn/nl {i<M}U{j<M} r=1
Proof. Pick m such that | p}m) > 0. Then
-
j

(m) *
DPi; lp"f pi;i = —.
£ ij 11 7

Thus, there exists a finite constant C such that | p;‘j < Cymj foralli < M. Therefore,
n
IED AT SRR
i<M,j r=1 i<M,j

Similarly, there exists a finite constant Dy, such that 1 p;kj <1+, p}f ; < Dy forall j < M.

Hence,
n
: @ <D , <MD
TT; 1[7ij = M T = M-
Jj<M,i r=I1 Jj<M.,i

Using (2.1) completes the proof.
Lemma 8.8. ([4, p. 1051].) It holds that

‘Qin)/”/

11/771

Lemma 8.9. Ir holds that

n n

YN mwilepdhe) =Y Y wile@p()lyp,)
r=1 i,j r=11i,j

< (H|+ DCox Y mimjlo@)p(),
iJj

where F is any nonempty set with a finite number of states and C g is a constant that depends
only on F¢.
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Proof. Let #' = ¢ U {k}, k & #¢. We will argue by induction. We write
(r) (r)
Z #Pij = wPij

:ZP(M,:j;M;&’}f,1§l<r;M1=kforsome1§l<r|Mo=i)

r=I1

n
= Z Z Je’Plk prig "

r=1 m=1

n

n—1
_ (m) (r—m)
= Z ' Pik 3 Pkj
m= r=m+1

o) o0
(m) (r)
< (L aerlt”) (T rly).
m=1

r=1

Ci Jl’p;;j

The constant C is bounded above by 1 since

Zﬂ’sz = Z P(m)

Let i € #. Choose m such that hP;(:Z) > 0. Then

(m) * « T
nPhic 3Pkj = nPnj = P

Thus, 4 pj; < nj/(hp,(l',?)nh) = Cyp. Therefore,

Y wlp@eWlgery =D wilp@o(Dlgepl < Caer Y mimilp@)p ().

r=1 i,j r=l1i,j )

Therefore, adding or subtracting a state from the set #¢ (as long as the resulting set is nonempty)
only affects the sum in question by a bounded amount. As a result, replacing #f by {1} can
change the sum by at most (1 + | #])C g Z smimilp@@)p(j)|. (Add state 1 if it is not already
in set €. Then subtract all other states until only state 1 is left.) This completes the proof.

8.1. Proof of Theorem 3.1

By (2.1) and Lemma 8.9, conditions (i) and (ii) of Theorem 3.1 are respectively equivalent

to
n

! '
lim —G— > (o) =)o) = ehpi]’ =0 (8.1)
n—oo Q / i I,

for some constant ¢ and

n

Y ¥ wilpp(NITAe@, 1p()] > L)ypfy =0.

r=1i,j

lim lim sup
L—>00 n—oo Q(")/m
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Define

My, p), i <M,
1) =
P {c, i>M,
M =E[g)1, pM (i) = p(i) — p™ (i), and uM = E[g”y]. We adopt the shorthand notation

ot ton— (i gw_ &+t - (it DEY

’ n - ’
V2R fmy V2R

M = by — B, -

We will be referring to the reverse triangle inequality for random variables:

|V var(¢n) — var(@, )| < Jvar@M). (8.2)

Using Lemma 8.4, write Lemma 8.3(i) as

¢n=

and

ZCOV(QO o) =Y _mi(p(i) — w(p(j) — M)me

r=1 i,j r=1

+ Zm 3 Z PPl (06) — () — ). (83)

r=1 m=1

The second term can be rewritten as

Z”z > Z P8P (o) = 1 (p () — 1)

r=1m=1
n—1 n
= Zn, le(’”) Y T el = (e () — )
r=m+1
Z( Z Yol = p) — ) (p () — )
m=1 “r=m+1 i,j

+ Z > i (e () —M)(p(j)—u))

r=m+1 i,j

0

= Z Y wip 01T (p(@) — 1) (p () — ).

m=1 i,j

Dividing by QY;) /11 we obtain

(m) Q(n m)/
ZZmlpl] 7L (o) = )P () = ).
oYY /m

m=1 i,j
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By Lemma 8.8 we have
2
J

We also know that Y, 7r; >~ 1] 1p11 ™ (p(i) — 1) — 0. Therefore,

Qgr}fm)/ﬂj

W < oo.
W /m

an m)/n
lim ZZn,lpfi”)n, — (o) = (P () = W) =0,
" oom 1i,j Q /71

by the dominated convergence theorem. The above result has the interpretation that the sum of
the covariances between g and g, on the event that the chain visits state 1 at least once before
time n is negligible compared to O 1'; .

We want to use these results to conclude that var@n’” ) — 0. For this, we write (8.3) for QM ,
¢ = 0. The first term in (8.3) reads, after a little manipulation,

S mile™ @M () — uM (M @) + pM (1)) + wM)? 12 P (8.4)

i r=1

Now assume that p is bounded. Upon dividing by Qﬁ'? /71, the second and third terms are
O(uM) as uM — 0 by Lemma 8.6. Since u™ — 0 with M, these terms go to 0 as M — 00
uniformly in 7. B

For the first term in (8.4), write (8.1) as follows for comparison:

lim (Z Y @ = () —opy)

(n)
HHOOQ /1 r=1i<M, j<M

+3 Y mwe@) — () — oy

r=1i<M, j>M

+30 > me) = () —o),p

r=1i>M, j<M

+3 Y me® - ak0) - c)lp,‘,”)

r=1i>M, j>M
=0.

The first three sums have limit 0 owing to the fact that p is assumed to be bounded and using
Lemma 8.7. The last sum is identical to the first term in (8.4). Therefore, dividing (8.3)
by Q11 /m1 and applying Lemma 8.2, together with Lemma 8.3(ii) and (iii), we conclude
that 1im /s o0 lim,, s o0 Var(g}:’l) = 0, and, by (8.2), also that limps_, o lim,_, Var(¢ ) =
lim;,— o var(¢n). iy

To calculate var(¢,, ), rewrite (8.3) for oM

Yo ml@" ) = @Y () — o) — @ - @Y () + 7" () =20 + @ — o) ]Z Py

i,J
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The first two sums will go to 0 when dividing by Q(”) /71, by the boundedness of p and
Lemma 8.7 because of truncation. The last term will read

@M - ( Zn,zlp(r)%(ﬁM—c)z asn — oo
Ql i,j r=1

by Lemma 8.6. By Lemma 8.3(ii) and (iii), and Lemma 8.2, this concludes the proof when
(on) is bounded.

When (0,) is not bounded, we truncate by value, i.e. X (i) = p(i)1(p(i) < L), i’ = E[pL],
pk@) = pi) — ph (i), and u* = E[gk]. Also, define

o 0f + oy —(m+ DA

¢n - ’ QII’;
/ R(n)/ﬂ'l

We can express Zr 1 cov(gO or Ly as in (8.3), and argue as there that the second term has
limit 0 as n — oo when divided by Qil)/m The first term also has limit O due to the
assumed condition (ii). We appeal again to Lemma 8.3(ii) and (iii), and Lemma 8.2, to argue
that limz _, o lim,,— o var(Q,Ll) = 0. By (8.2), we also obtain limy_, 5 lim;_, var(qg,f) =
lim,_, 5 var(¢,). We conclude that

n .
lim W—r:lgl = lim lim Var(¢ ) = hm (,u —0)2 (n —c)2
n— 00 (n) L— 00 n—>00
Rll /711

=¢n_¢~’ylf~

The claim about the Hurst indices can be argued as follows Consider the expression in
Lemma 8.3(ii) for o, = 1(M,, = 1). Dividing by Q11 /w1, we see that the right-hand
side has limit nlz > 0. From the above argument, it follows that (3_"_; cov(1(Mp = 1),
1M, = 1)))/(21’:1 cov(go, 0r)) has a finite, nonzero limit if u # c. It is easily seen from
the definition of H that p has the same Hurst index as the indicator function 1(M,, = 1). This
completes the proof.

8.2. Proof of Theorem 3.2

By (2.1) and Lemma 8.9, conditions (i)—(iii) are respectively equivalent to

lim Z Y wile@ —ullp() — wlipyy)

(n)
e Q1 /m = lichy, je
forall k #1,

lim Z Y- milp() = e () — cpyy

— ( )
" oleli/ T = 1i,jeA
for all k, and
Jim i sup —c-— Z Y mle@pMILUeG) 10()] > L)pfy =
T nooo Ql / T = 1i,jeA
for all k. We truncate as follows:

pi), <M,

M,
1) =
o Ck, i>M,ie A

Define QM, M, &M, $M, and q_SM as before.
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The first sum in (8.3) can be decomposed as

Y mwpl) = W(p() — ) Z oA

i,j r=1
= Z Y milpl) — () — ) Z o
k=11i,jeA
+ Y Y mipl) — W) - M)le(”. (8.5)
kell,.. K}, k£l icAy, jeA r=1

The first condition ensures that the cross terms on the right-hand side are insignificant. There-
fore, we can work with each subset separately.

We will argue as in the proof of Theorem 3.1 to show that var(gfl"l ) — 0. The analogue of
(8.4) for each of the remaining sums reads

> wle™ @M () - M(pM(z>+pM(/)>+(uM)]Zm‘”-

i, jei r=1

Assume that p is bounded. Upon diViding by Q / 71, the second and third terms are O (w My
asu — 0 by Lemma 8.6. Smceu — 0 as M — 00, these terms tend to 0 as M — oo
umformly inn.

For the first term, we argue exactly as in the proof of Theorem 3 1 that condition (i), together
with Lemma 8.7, implies that this term, when divided by Q /711 goes to 0 as n — oo0.
Applying Lemma 8.2, together with Lemma 8.3(ii) and (iii), we conclude that

hm hm Var(¢M) =0,
M—oon

and, by (8.2), also tlEt lim p7 s 00 limy, s oo Var@,l,w) = lim,,, oo var(¢y).
To calculate var(¢, ), rewrite (8.3) for ﬁM . We again omit the cross sums:

Y wl@™ () —e) @ ()=o) — @ —c) @ ()+5M ()~ 200+ (7 —ck)]le(’).

i, jehi r=1

The first two sums w111 go to 0 due to truncation, the boundedness of p, and by Lemma 8.7,
when dividing by Q " /m1. The last term will read

Yo Z ) = we @M — o)’

i,jeAk r=1

N2
@ - Q11/ 1

by Lemma 8.6 and the definition of 75° A . This concludes the proof when (g;) is bounded.
When (0,,) is notbounded Wetruncateby value, i.e. p Ly = p()1(p@G) <L), ,u,L = E[Q 1,
1Y (1) =p@) — (1), and LJ: [~n ]. Also, define

~L_@é+"'+é~?£—(”+1)lll‘ L_ 1L

¢n (n) ’ ?n
V2R
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We also partition Q,L, as Zle Q,Lll(gﬁ € Ay). Define

06 1(f € Ar) + -+ + gk 1k € Ar) — (n + D E[gf 1(gf € Ap)]

W = [ '
2R\ /m

We can express Zle cov(Q(I)‘l(gé € Ar), Q}l(gf‘ € sAy)) by writing (8.3) forQL(i)l(QL (i) €
Ay), and argue as there that the second term has limit 0 as n — oo when divided by
Qi’i) /m1. The first term also has limit O due to the assumed condition (iii). We appeal again
to Lemma 8.3(ii) and (iii), and Lemma 8.2 to argue that lim7_, o, lim,_, o Var(kQ,f) = 0.
Applying (8.2), we conclude that

L

K

lim lim var(¢k) = JimTim var(Z kgﬁ) =0.

L—o0on—>00 — 00 n—>00
k=1

One more application of (8.2) gives limy_, o lim;— Var(qu,f) = lim,_, o var(¢,). We con-
clude that
n . _
fim =10 _ p i var @)

n—00 RYl])/nl M — 00 n—>00

K
= i 7 @M = ¢)?
Meoo; ,A,k(ﬂ 9]

K
2
=Y 7o —a)’
k=1
where the second equality follows from the bounded version of the theorem proved above.
To prove the note given at the end of the theorem statement, consider 4 U 4; as one subset.
We can safely ignore the cross terms in (8.5), without needing to use condition (i) for the pair

A, 1. We do not use condition (i) in the remaining part of the proof.
All that remains is to note that

M

n

(r) %) —M 2

Z mzlp,-j = Taua, (T — ),
i, jeAUA  r=1

2
— Ck)

1
O11/m
o0 — o o
where T, = T, +7TA,'

9. Conclusion

We have provided conditions under which the growth rate of the variance of a function of
a Markov chain is identical to that of the chain itself. Although our results simplify certain
proofs greatly, there is still considerable art in using them. One needs to first construct a
suitable Markov chain for the problem. One also needs to choose the parameters in the theorems
carefully. Although the answer will ultimately be the same, picking state 1, partitioning {4}
and {cy} appropriately can greatly reduce the amount of calculation required.

We do not have an answer for the case where p (i) grows without bound as i — oco. In this
case there might possibly exist examples in which the (o,,) have a higher Hurst index than the
chain. The proof of Theorem 3.1 can provide insights for solving such questions.
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The usefulness of the theorems was demonstrated by various examples in three diverse fields.
Many more can be contemplated in other areas, such as queue analysis in stochastic networks
and agent-based models in finance.
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