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Markov chain Monte Carlo (MCMC) algorithms are used to estimate features of interest of a distribution.
The Monte Carlo error in estimation has an asymptotic normal distribution whose multivariate nature has so
far been ignored in the MCMC community. We present a class of multivariate spectral variance estimators
for the asymptotic covariance matrix in the Markov chain central limit theorem and provide conditions for
strong consistency. We examine the finite sample properties of the multivariate spectral variance estimators
and its eigenvalues in the context of a vector autoregressive process of order 1.
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1. Introduction

Markov chain Monte Carlo (MCMC) methods are often required for parameter estimation in the
statistical models encountered in modern applications. The typical MCMC experiment consists
of simulating a Markov chain in order to estimate a vector of quantities, such as moments or
quantiles, associated with the target distribution. However, the multivariate nature of the esti-
mation has only rarely been acknowledged in the MCMC literature. We consider the situation
where estimation of a vector of means is of interest. Given a multivariate Markov chain central
limit theorem (CLT) for the sample mean vector, we show that a class of multivariate spectral
variance estimators (MSVEs) are strongly consistent estimators of the covariance matrix in the
asymptotic normal distribution. We also establish strong consistency of the eigenvalues of any
strongly consistent estimator of the asymptotic covariance matrix.

We know of no other comparable work in the context of MCMC. Kosorok [41] did propose
estimators of the asymptotic covariance matrix which generalized work in the univariate case by
Geyer [23]. However, these estimators are asymptotically conservative and are based on the prop-
erties of reversible Markov chains, an assumption we do not make. There has been a substantial
amount of work in the univariate setting. In particular, Atchadé [4] and Flegal and Jones [19] es-
tablished strong consistency of certain univariate spectral variance estimators, but the multivari-
ate problem is more complicated and requires much new work. Moreover, our work represents
a substantial generalization of the univariate results and requires much weaker conditions on the
Markov chain. Thus, we also improve the current results in the univariate setting.
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We will give a more formal description of the problem studied here. Let F be a probability
distribution with support X, equipped with a countably generated o -field 5(X) and let g : X — R?
be an F-integrable function such that

0 ::Epg=/g(x)dF
X

is the p-dimensional vector of interest. Note that X and 6 often have different dimensions. It is
common to resort to MCMC methods to estimate & when it is difficult to obtain 6 analytically
or to produce independent samples from F. MCMC is popular because it is straightforward to
simulate a Harris ergodic (i.e., aperiodic, F-irreducible, and positive Harris recurrent) Markov
chain having invariant distribution F' (Geyer [24], Liu [43], Robert and Casella [50]). Letting
X ={X1, X3, X3, ...} denote such a Markov chain, estimation is easy since, for any initial dis-
tribution, with probability 1,

1 n
0, :=—Zg(X,)—>9 as n — oo. (1.1)
n =1

Of course, for any n there will be an unknown Monte Carlo error in estimation, 6, — 6, and
assessment of this Monte Carlo error is critical to the reliability of the simulation results (Flegal
et al. [18], Flegal and Jones [20], Geyer [23], Jones and Hobert [37]). However, the multivariate
nature of the Monte Carlo error has been largely ignored in the MCMC literature (but see Gong
and Flegal [26]).

Instead, the primary focus has been on assessing the univariate Monte Carlo error. Let g,
Q,Ei), and 09, denote the ith components of g, 6,, and 0, respectively. Then 0,?) — 0D is the
unknown Monte Carlo error of the ith component. The approxi;nate sampling distribution of this

error is available via a Markov chain CLT if there exists 0 < o < 0o such that, as n — oo,

V(69 —00) 4 N(0, 52). (1.2)

(See Jones [35] and Roberts and Rosenthal [52] for a discussion of the conditions for (1.2).) Due
to serial correlation in X, Varg g(i) * al.2, except in trivial cases. Nevertheless, consistent esti-
mation of ol.z is key to constructing asymptotically valid confidence intervals for #¢) and hence
in assessing the reliability of the simulation results (Flegal and Gong [17], Flegal et al. [18],
Glynn and Whitt [25], Jones et al. [36], Jones and Hobert [37]). Thus consistent estimation of o'l.2
has received significant attention; Atchadé [4], Damerdji [10], and Flegal and Jones [19] studied
spectral variance estimators, Hobert et al. [28] and Mykland et al. [46] investigated estimators
based on regenerative simulation, and Jones et al. [36] studied nonoverlapping batch means.
Geyer [23] introduced asymptotically conservative estimators based on the spectral properties
of reversible Markov chains. Doss et al. [13] considered univariate estimators in the context of
estimating quantiles.

In the multivariate setting, the approximate sampling distribution of the Monte Carlo error is
available via a Markov chain CLT if there exists a positive definite p x p matrix X such that

VO, —0) S N,0.8)  asn— oo. (1.3)
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We consider a class of MSVEs of ¥ and provide conditions for strong consistency. Our main as-
sumption on the process is the existence of a multivariate strong invariance principle (SIP); that
is, we assume that the centered and appropriately scaled partial sum process is similar to a Brow-
nian motion. Specifically, an SIP holds for {g(X;)};>1 if there exists a p x p lower triangular
matrix L and an increasing function v on the integers such that, with probability 1,

n(6, —9)=LB(n)—|—0(1/f(n)) asn — oo,

where B(n) denotes a p-dimensional standard Brownian motion and LL” = X.If ¢ is such that
¥ (n)//n — 0as n — oo, the SIP implies a strong law, a CLT, and a functional CLT for 6,,. Un-
der moment conditions on g, an SIP with v (n) = n'/>~* for some A > 0 holds for polynomially
ergodic Markov chains.

There has been a substantial amount of work in the context of MCMC on establishing that
Markov chains are at least polynomially ergodic. An incomplete list is given by Acosta et
al. [1], Doss and Hobert [14], Fort and Moulines [21], Hobert and Geyer [27], Jarner and
Hansen [30], Jarner and Roberts [31,32], Johnson and Geyer [34], Johnson and Jones [33], Jones
et al. [38], Marchev and Hobert [44], Petrone et al. [47], Roberts and Rosenthal [51], Roberts
and Tweedie [53], Rosenthal [54], Roy and Hobert [55], Tan and Hobert [57], Tan et al. [58],
and Tierney [59]. While establishing that a Markov chain is at least polynomially ergodic can be
challenging, it is not the obstacle that it once was.

1.1. Motivating example

As motivation for the use of multivariate methods, we present a simple Bayesian logistic regres-

sion model. Fori =1,..., K, let ¥; be a binary response variable. For the ith observation, let
X; = (xi1, xi2, ..., Xi5) be the observed vector of predictors, then
vi1X;. p ™ Bernoulli [ — d N5(0, I (1.4
i1Xi, p~ Bemoulli ——— ) and f~ N0, I5). 4

The resulting posterior F is intractable and hence MCMC is used to obtain estimates of the
regression coefficient, 8. We use the logit dataset in the mcmc R package which con-
tains four predictors and 100 observations. The goal is to estimate the posterior mean of
B = (Bo, B1, B2, B3, ,34)T. Thus, g here is the identity function mapping to RS.

To sample from the posterior, we use the Polya-Gamma Gibbs sampler of Polson et al. [49]
(see the R package BayesLogit) which was shown to be uniformly ergodic by Choi and
Hobert [7]. Although the chain mixes fairly quickly as seen in the autocorrelation plot for By
in Figure 1, the cross-correlation plot between Sy and 8, indicates correlation across these com-
ponents that is ignored by univariate methods. As a result in Figure 2, the multivariate confidence
ellipse is oriented along non-standard axes (see Vats ef al. [61] for details on how to construct
such confidence regions). The ellipse is compared to two univariate confidence boxes; the smaller



Strong consistency of MSVEs 1863

Autocorrelation for g Cross—correlation for By and B,
o
-~ o
[Sp
© o
S 7 |
© | Q&
L ° L o
o o |
< < | <
e e |
o~ o
. 1ol
o L. Sl M.,
o P S St ———
\ \ \ \ \ \ \ \ \ \
0 10 20 30 40 -20 -10 0 10 20
Lag Lag

Figure 1. Autocorrelation plot for 8y and the cross-correlation plot between By and S, for a Monte Carlo
sample size of n = 10°.
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Figure 2. 90% confidence regions constructed using univariate and multivariate methods. The solid ellipse
is constructed using an MSVE, the dotted smaller box is constructed using an uncorrected univariate spectral
variance estimator and the dashed larger box is constructed using a univariate spectral variance estimator
corrected by Bonferroni.
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Table 1. Volume to the pth (p = 5) root and coverage probabilities for 90% confidence regions constructed
using MSVE, uncorrected univariate spectral estimators and Bonferroni corrected univariate spectral esti-
mators. Replications = 1000 and standard errors are indicated in parenthesis

n MSVE Bonferroni corrected Uncorrected

Volume to the 5th root

le3 0.0574 (4.93e-05) 0.0687 (7.02e-05) 0.0483 (4.93e-05)

led 0.0189 (7.50e-06) 0.0226 (1.12e-05) 0.0160 (7.90e-06)

le5 0.0061 (1.10e-06) 0.0073 (1.50e-06) 0.0051 (1.10e-06)
Coverage probabilities

1e3 0.853 (0.0112) 0.871 (0.0106) 0.549 (0.0157)

le4 0.882 (0.0102) 0.904 (0.0093) 0.612 (0.0154)

le5 0.895 (0.0097) 0.910 (0.0090) 0.602 (0.0155)

uncorrected for multiple testing and the larger corrected for two tests using a Bonferroni correc-
tion.

We assess the performance of these confidence regions by comparing their coverage probabil-
ities and volumes over 1000 independent replications for varying Monte Carlo sample sizes. In
particular we look at the volume to the pth root (p = 5 in this example). The “true” posterior
mean is determined by obtaining a Monte Carlo estimate from a sample of length 10°. Results
are presented in Table 1. Note that as the Monte Carlo sample size increases, the multivariate
methods produce confidence regions with the nominal coverage probability of 90% with sig-
nificantly lower volume compared to the Bonferroni corrected regions. The uncorrected regions
have far from desirable coverage probabilities.

One reason for the reduction in volume of the ellipsoid is that multivariate methods capture
information ignored by univariate analysis. This also leads to a better understanding of the effec-
tive samples obtained in an MCMC sample. Vats et al. [61] provide the following estimator of

effective sample size
|K| 1/p
n (T) ,
1%

where A is the sample covariance matrix for g(X;), Sisa strongly consistent estimator of X,
and | - | denotes determinant. They demonstrate the superiority of this estimator to the univariate
estimator of effective sample size of Kass et al. [39] and Gong and Flegal [26].

The rest of the paper is organized as follows. In Section 2, we formally define the MSVE and
present conditions for strong consistency. We also establish strong consistency of the eigenvalues.
Section 3 contains a simulation study where we investigate the finite sample properties of the
MSVE in the context of a vector autoregressive process. Finally, we present a discussion in
Section 4. Many technical details of the proofs from Section 2 are deferred to the Appendices.
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2. Spectral estimators and results

2.1. Definition of MSVE
LetY, =g(X;) —0,t=1,2,3,... and define the lag s, s > 0, autocovariance matrix as
y()=y(=)" =Ep[¥,¥/].

Define Iy as Iy ={1,...,(n —s)} for s >0 and as Iy = {(1 — 5),...,n} for s < 0. Let ¥, =
n~! >, Y, and define the lag s sample autocovariance as

1 _ _
yn(s) =~ (= V) (Yigs = V). @.1)

tel;
The MSVE is a weighted and truncated sum of the lag s sample autocovariances,

b,—1

Ss= D wa®)ya(s). 2.2)

s=—(by—1)

where w;, (+) is the lag window and b, is the truncation point.

2.2. Strong consistency of MSVE

2.2.1. Strong invariance principle

While Markov chains are our primary interest, we only require {X,};> to be a stochastic process
which satisfies a strong invariance principle or SIP. In the interest of clarity, the SIP was stated
somewhat loosely in Section 1. What follows is a formal statement of our assumption.

Recall that F is a distribution having support X, g : X — R”, and we are interested in estimat-
ing @ =Epg. We assume g2 (where the square is element-wise) is an F-integrable function. Set
h(Xy) =[g(X;) — 012, let | - || denote the Euclidean norm, and let B(¢) denote a p-dimensional
standard Brownian motion.

We will require an SIP for the partial sums of both g and . We assume there exists a p X p
lower triangular matrix L, an increasing function ¥ on the integers, a finite random variable D,
and a sufficiently rich probability space such that, with probability 1,

> g(X))—nf — LB(n)

t=1

< Dy (n). (2.3)

We also assume there exists a finite p-vector 8y, a p X p lower triangular matrix Lj, an increasing
function v, on the integers, a finite random variable Dy, and a sufficiently rich probability space
such that, with probability 1,

> h(Xe) = nby — Ly B(n)

t=1

< Dpyn(n). 24)
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Remark 1. Strong invariance principles have attracted much research interest and have been
shown to hold for a wide variety of processes; see Section 4 for some discussion on this point.
Results from Kuelbs and Philipp [42] show that for the Markov chains commonly encountered in
MCMC settings, (2.3) and (2.4) hold with ¥ (n) = ¥, (n) = n'/>~* for some A > 0. The correla-
tion of the process is measured indirectly by 1+ (Philipp and Stout [48]); a large serial correlation
implies A is closer to 0 while for less correlated processes A is closer to 1/2.

2.2.2. Strong consistency
In (2.2), we define the MSVE as the weighted and truncated sum of the lag s sample autocovari-
ances. We make the following assumptions on the lag window wy, (-) and the truncation point b,,.

Condition 1. The lag window w, (+) is an even function defined on Z such that

(a) |wy(s)] <1foralln ands,
(b) w,(0) =1 for all n, and
(¢) w,(s)=0forall |s| > b,.

Anderson [2] gives a list of lag windows that satisfy Condition 1. We will consider some of
these further in Section 2.2.4.

The following Conditions 2 and 3 are technical conditions ensuring that b, grows at the right
rate compared to n.

Condition 2. Let b, be an integer sequence such that b, — oo and n/b,, — 00 as n — oo where
by, and n/b, are non-decreasing.
Condition 3. Let b, be an integer sequence such that

(a) there exists a constant ¢ > 1 such that Zn (bp/n)¢ < o0,
(b) b,n~'logn — 0as n — oo,

() b, 'logn=0(1), and

(d) n>2b,.

If b, = |n"], where 0 < v < 1, then Condition 3 is satisfied if n > 21/(1=v).
Define
Arwy, (k) = wy(k — 1) — wy, (k)
and
Apwy (k) = wy(k — 1) — 2w, (k) + w, (K + 1).
Condition 4. Let b, be an integer sequence, w, be the lag window, and v (n) and ¥, (n) be
positive functions on the integers such that,

(@) byn~! ZZLI k|Ajw, (k)] — 0 as n — oo,
®) bu (1) logn (X0, 1A2w, (k)])? — 0 as n — oo,
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© W2 0, [ Acwa (k)] — 0 as n — oo,
(d) b;ll/fh(n) — 0 asn — oo, and
(e) bn_lllf(n) — 0 asn — oo.

Condition 4(a) connects the truncation point b, to the lag window w,,. In Section 2.2.4, we
will present examples of lag windows that satisfy this condition. The functions v (n) and v, (n)
in Conditions 4(b), (c), (d), and (e) correspond to the functions described in (2.3) and (2.4)
and thus these four conditions connect the truncation point b,, the lag window w,, and the
correlation of the process, measured indirectly by v (n) and v, (n). In Lemma 1, we present
sufficient conditions for Conditions 4(a), (b), and (c).

Theorem 1. Suppose the strong invariance principles (2.3) and (2.4) hold. If Conditions 1, 2, 3,
and 4 hold, then X5 — X, with probability 1, as n — oo.

Outline of proof. The proof is split into several lemmas; see the Appendix for details. Define
forl=0,...,(n—by), Yi(k) =k~ 3%, v, and

&

b,

1 n

= K2 Agw, (0 [F1(k) — 7, ][Fok) — T ]
1 k=1

n—

Il
=}

Fort=1,...,n,define Z, =Y; — Y,. Then, in Lemma 4 we show that /X\Iw,n = fs —d,, where

b, t—1 n
1 n
dy = ;!ZA]wn(I)<ZZIZIT+ > ZIZZT>
=1 =1

I=n—by+t+1

by—1Tby,—s
+Z|:Z Aqwy, (s +1) 2.5)
s=1
t—1 n—s
(S sz § @ caamn) |
=1

I=n—b,+t+1

Notice that in (2.5) we use the convention that empty sums are zero. In Lemma 9, we show that
dp — 0 as n — oo with probability 1. Thus, ¥, , — X5 — 0, with probability 1, as n — oo. In
Lemma 14, we show that X,, , — X, with probability 1, as n — oo, and the result follows. [l

We use Theorem 1 to give conditions for the strong consistency of S5 when the underlying
stochastic process is a Harris ergodic Markov chain having invariant distribution F', but first we
need a couple of definitions. Recall that F' has support X and B(X) is a countably generated o -
field. Forn e N={1,2, 3, ...}, let the n-step Markov kernel associated with X starting at x € X
be P"(x,dy). Then if A € B(X) and r € {1,2,3,...}, P"(x, A) = Pr(X,4» € A|X, = x). Let
Il - Ity denote the total variation norm. The Markov chain is polynomially ergodic of order &
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where £ > 0 if there exists M : X — RT with Er M < oo such that
[P (x,) = F()| gy < M@x)n 5. (2.6)

Notice that polynomial ergodicity is weaker than geometric or uniform ergodicity; see Meyn and
Tweedie [45].

Remark 2. Polynomial ergodicity is often proved by establishing the following drift condition.
For a function V : X — [1, 00) there exists d > 0, b < 00, and 0 < t < 1 such that for x € X

E[VXpt)IXn =x] = V(x) < =d[V(0)]" + bl (x € O),

where C is a small set. In order to verify that Er M < o0, it is sufficient to show that EfV < oo
by Theorem 14.3.7 in Meyn and Tweedie [45].

Theorem 2. Suppose Er| g||*T < oo for some § > 0. Let X be a polynomially ergodic Markov
chain of order & > (1 + &)(1 + 2/8) for some € > 0. Then (2.3) and (2.4) hold with

Y (n) = yp(n) =n'?7%,

for some A > 0 that depends on p, €, and §. If Conditions 1, 2, 3, and 4 hold, then f)g — X, with
probability 1, as n — oo.

Proof. See Appendix A 4. U

Remark 3. We rely on results provided by Kuelbs and Philipp [42] to establish the existence of
(2.3) and (2.4) in Theorem 2. The precise relationship of A with p, e, and § is not investigated in
Kuelbs and Philipp [42] and remains an open problem.

Remark 4. When p = 1, the MSV estimator reduces to the spectral variance estimator (SVE)
considered by Atchadé [4], Damerdji [10], and Flegal and Jones [19]. However, our result re-
quires weaker conditions. First notice that Flegal and Jones [19] required weaker conditions than
Damerdji [10]. Thus we only need to compare Theorem 2 to the results in Atchadé [4] and Fle-
gal and Jones [19], both of whom required the Markov chains to be geometrically ergodic and to
satisfy a one-step minorization condition. Thus Theorem 2 substantially weakens the conditions
on the underlying Markov chain, while extending the results to the p > 1 setting.

2.2.3. Strong consistency of eigenvalues
Having obtained a strongly consistent estimator of %, it is natural to consider the eigenvalues of

the estimator.

Theorem 3. Let . be any strongly consistent estimator of £ and let .y > Ay > -+ > A, > 0 be
the eigenvalues of X. Let ):1, e ip be the p eigenvalues of S such that 5»1 > )A»g > 0> )A»p,
then )A»k — Ak, with probability 1, as n — oo forall 1 <k < p.
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Pf\oof. Let || - || r denote the Frobenius norm. By Weyl’s inequality (Franklin [22]), for ¢ > 0, if
|2 —X||lF <e,thenforall 1 <k < p, |Ax — Ax| <&, which gives the desired result. O

Remark 5. Theorem 3 immediately implies that under the conditions of either Theorem 1 or
Theorem 2 the sample eigenvalues of the MSVE are consistent for the population eigenvalues.
That is, Ay — Ak, with probability 1, asn — oo forall 1 <k < p.

Sample eigenvalues can play an important role in multivariate analyses. For example, the
length of any axis of the confidence region constructed from fs is determined by the magni-
tude of the relevant estimated sample eigenvalue. Thus the largest eigenvalue is associated with
the axis having the largest estimated Monte Carlo error. This also suggests that dimension reduc-
tion methods could be useful in assessing the reliability of the simulation effort. Although this is
a potentially interesting research direction it is beyond the scope of this paper.

2.2.4. Lag window conditions

The following generalization of Lemma 7 in Flegal and Jones [19] is useful for checking that a
lag window satisfies the conditions of Theorem 1.

Lemma 1. Reparameterize w,, such that wy, is defined on [0, 1] and w,(0) =1 and w, (1) =0.
Further assume that w, is twice continuously differentiable and that there exists finite constants
Dy and Dy such that \w),(x)| < D and |w,(x)| < D2. Then as n — oo,

1. Condition 4(a) holds ifb,%n_1 — 0,
2. Conditions 4(b) and (c) holds ifb;lgﬁ(n)2 logn — 0.

Proof. The argument is the same as that of Lemma 7 in Flegal and Jones [19] and hence is
omitted. O

Remark 6. 1t is common to use b, = |n" | in which case Conditions 4(a), (b), and (c) hold, if we
choose 0 < v < 1/2 such that n ="y (n)?logn — 0 as n — oo.

Remark 7. We now consider some examples of lag windows which satisfy Condition 1 and
consider whether Conditions 4(a), (b), and (c) hold.

1. Simple truncation: wy, (k) = I (Jk| < b,). Using this window the estimator obtained is trun-
cated at b, but weighted identically. In this case, Arw, (k) =0 for k =1,...,b, — 2,
Aowy (b, — 1) = —1 and Arw, (b,) = 1. It is easy to see that Condition 4(c) is not sat-
isfied.

2. Blackman—Tukey: w, (k) =[1 — 2a 4 2a cos(w|k|/b,)1I (k| < b,) where a > 0. This is a
generalization for the Tukey—Hanning window where a = 1/4. For fixed a, the Blackman—
Tukey window satisfies the conditions of Lemma 1, thus Conditions 4(a), (b), and (c) hold
if 22! — 0 and b, 'y (n)*logn — 0 as n — oo.

3. Parzen: w,(k) =[1 — |k|q/bZ]I(|k| < by) for g € ZT. When g = 1 this is the modified
Bartlett window. It is easy to show that the Parzen window satisfies the conditions for
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Lag Windows

1.0

Weights
0.0
|

-1.0

0.0 0.2 0.4 0.6 0.8 1.0

—Bartlett =~ ----- Tukey—Hanning Scaled—-Bartlett

Figure 3. Plot of three lag windows, modified Bartlett (Bartlett), Tukey—Hanning and the scale-parameter
Bartlett with scale parameter 2 (Scaled-Bartlett).

Lemma 1, and thus Conditions 4(a), (b), and (c) hold if b2n~! — 0 and b, 'y (n)* logn —
0asn— oo.

4. Scale-parameter modified Bartlett: w, (k) = [1 — n|k|/b, 11 (|k| < b,) where n is a positive
constant not equal to 1. Then Ajw, (k) = r;bn_1 fork=1,2,...,b, — 1 and Ajw,(b,) =
1 — 5 + nb; ! so that Condition 4(a) is satisfied when b2n~! — 0 as n — oco. Also,
Aowy(k)=0fork=1,2,...,b, —2, Apw, (b, — 1) =n —1 and Aw,(by) =1—n+
nb, I, We conclude that ZZ": 1 |A2w, (k)| does not converge to 0 and hence Condition 4(c)
is not satisfied.

Figure 3 provides a graph of the three lag windows we consider in the next section, specifically,
the modified Bartlett, Tukey—Hanning, and scale-parameter modified Bartlett windows. It is evi-
dent that the modified Bartlett and Tukey—Hanning windows are similar and the scale-parameter
modified Bartlett window weighs the lags more severely.

3. Simulation

We consider some finite sample properties of the MSVE in the context of a vector autoregressive
process of order 1 or VAR(1). Let

yi =Py + e, (3.1
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Table 2. Simulation settings 1 through 6

Setting )4 Eigenvalues of & fori =0, ..., p—1
1 10 A; =0.01+i(0.20-0.01)/(p — 1)
2 10 A =0.40+i(0.60-0.40)/(p—1)
3 10 A =0.70+i(0.90-0.70)/(p — 1)
4 50 A; =0.014+i(0.20—-0.01)/(p — 1)
5 50 A =0.40+i(0.60-0.40)/(p—1)
6 50 A =0.70+i(0.90-0.70)/(p — 1)

where y; € R? for all 7, ® is a p x p matrix, & i N, (0, W), and yy is the zero vector. While

this is a simple model, it is useful to study since we can control the correlation of the process.
We assume that the largest eigenvalue of @, ¢max, is less than 1 in absolute value, in which

case the stationary distribution for the process is F = N, (0, V) where vec(V) = ([,2 — ¢ ®

@)~ vec(W). Here ® denotes Kronecker product and [/ 2 is the p? x p? identity matrix. With
some algebra it can be shown that the lag s autocovariance matrix for s > 0 is

y()=@V and y(—s)=V(®T)".

Consider estimating Ery with y,, the Monte Carlo estimate. Tjgstheim [60] showed that the
process is geometrically ergodic as long as |@max| < 1. In fact, the smaller the largest eigenvalue,
the faster the process mixes. Since F has a moment generating function, a CLT holds with

=)y
0
—Zy<s)+ Y v@-vV
T (3.2)

=>o V+Z

s=| §=—00
=A-®) 'v+v(i-oh) ' —v.

For this process, we investigate the performance of the class of MSVE in estimating X. We
set W to be the first order autoregressive covariance matrix with correlation p = 0.5 and present
simulation results for different settings of @ and p. These settings are presented in Table 2. For
Settings 1 and 4, ¢max = 0.2, Settings 2 and 5, ¢max = 0.6 and Settings 3 and 6, Ppax = 0.9.
Thus, these three pairs of settings yield processes with different mixing rates.

We compare the performance of three lag windows: modified Bartlett, Tukey—Hanning, and
scale-parameter modified Bartlett with scale = 2. In Section 2, we showed that the modified
Bartlett and the Tukey—Hanning windows satisfy the conditions of Theorem 1 while the scale-
parameter modified Bartlett does not.
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Figure 4. ||§ s — 2|/l Z|| F for the three lag windows at different Monte Carlo sample sizes for all six
settings averaged over 100 iterations.

For each setting, we do the following in each of 100 independent replications. We observe
the process for a Monte Carlo sample size of 1e5, and calculate the three MSVEs at samples
{1e3, 5e3, le4, 5e4, 1e5} with b, = |_n1/ 3J. The error in estimation is determined by calculating
the average relative difference in Frobenius norm, i.e. ||f3 — X||r/lIZ||F for each of the three
windows at all five Monte Carlo sample sizes.

In Figure 4, we plot the results for all settings for all three lag windows. For Settings 1 and 4, all
three lag windows perform equally well while for Settings 3 and 6, the scale parameter modified
Bartlett window performs poorly. In all settings, the modified Bartlett and the Tukey—Hanning
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windows perform similarly, but the Tukey—Hanning window is slightly better when the chain
mixes more slowly. The plots also indicate that as ¢ increases, a larger Monte Carlo sample
size is required for a desired error in estimation threshold. This is as expected since we know for
higher values of ¢max, the process mixes more slowly.

In Section 2, we presented the proof for the convergence of the eigenvalues of the MSVE
in Remark 5. To study the finite sample properties of the maximum eigenvalue, we observe its
behavior for the three different lag windows at different Monte Carlo sample sizes over each of
100 independent replications. At each replication, we observe the relative error in estimation,
|)AL] — A1l/A1. The results are presented in Figure 5 and are similar to what was observed for the
convergence of the MSVEs. For Settings 2, 3, 5 and 6, the scale-parameter modified Bartlett win-
dow performs significantly worse than the Tukey—Hanning and the modified Bartlett windows.
When the chain mixes more slowly, the Tukey—Hanning window appears to give slightly better
results.

It is natural to investigate the stability of estimation of the largest eigenvalue. We study this
empirically for Setting 1 by observing the shape of the distribution of the maximum eigenvalue
for the estimates of ¥ obtained through the three lag windows at varying Monte Carlo sam-
ple sizes over the 100 independent replications. Using (3.2), the true maximum eigenvalue for
this setting is 2.683. In Figure 6, we notice that as the Monte Carlo sample size increases, the
shape of the density of the largest eigenvalue is increasingly symmetric and centered at this true
value. In addition, as the Monte Carlo sample size increases, the variance of the largest estimated
eigenvalue decreases. This is observed for all three lag windows.

4. Discussion

Estimation of the asymptotic covariance matrix in the CLT as in (1.3) has received little at-
tention in the MCMC literature thus far. Due to the results of this paper, practitioners are
now equipped with a class of strongly consistent multivariate spectral variance estimators
of X.

However, multivariate spectral variance estimators are also encountered outside of the MCMC
context. For example, they are often used for heteroscedastic and autocorrelation consistent
(HAC) estimation of covariance matrices which, for example, arise in the study of generalized
method of moments and autoregressive processes with heteroscedastic errors. See Andrews [3]
for motivating examples. In the context of HAC estimation, DeJong [11] obtained conditions
under which the class of MSVEs are strongly consistent. However, these conditions are restric-
tive in the context of MCMC. In particular, his Assumption 2 (DeJong [11], page 264) will
not be satisfied in many typical MCMC applications. Additionally, we require weaker mixing
conditions on the underlying stochastic process. That is, although Markov chains are the pri-
mary focus for us, our results hold for much more general stochastic processes as we explain
below.

Our main assumption on the underlying stochastic process are the SIPs as stated in (2.3)
and (2.4). The existence of an SIP has attracted much research interest. Consider the univari-
ate case. For independent and identically distributed (i.i.d.) processes, the first result of this
kind is due to Strassen [56] who showed v (n) = /nloglogn. Komlds et al. [40] found that
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Figure 5. [A{ — A1|/A1 for the three lag windows at different Monte Carlo sample sizes for all six settings

averaged over 100 iterations.

if Er|g|*t® < oo, then ¥ (n) = n'/2=* for » > 0 (often called the KMT bound). Koml6s e al.
[40] also showed that if g has all moments in a neighborhood of 0, then v (n) = logn. The results
of Komlés et al. [40] are the strongest to date in the i.i.d. setting. The main reference for a uni-
variate strong invariance principle for dependent sequences is Philipp and Stout [48] who prove
bounds similar to that of Komlds et al. [40] for a variety of weakly dependent processes including
¢-mixing, regenerative and strongly mixing processes. Also, see Wu [63] for a univariate strong
invariance principle for certain classes of dependent processes.
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Figure 6. Kernel density of the maximum eigenvalue for the three MSVEs over 100 replications and in-
creasing Monte Carlo sample sizes for Setting 1. The vertical line indicates the true eigenvalue of 2.683
calculated using (3.2).

Many of the univariate SIPs have been extended to the multivariate setting. For independent
processes, Berkes and Philipp [5], Einmahl [16], and Zaitsev [64] extend the results of Komlds
et al. [40]. For correlated processes, Eberlein [15] showed the existence of a strong invariance
principle for Martingale sequences and Horvath [29] proved the KMT bound for multivariate
extended renewal processes. For ¢-mixing, strongly mixing, and absolutely regular processes,
Kuelbs and Philipp [42] and Dehling and Philipp [12] extended the Philipp and Stout [48] results
to the multivariate case.
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Appendix: Strong consistency of MSVE

Before we begin the proof of Theorem 1 we note some useful properties of Brownian motion and
lag windows which will be used often throughout the proof.

A.1. Brownian motion

Recall that {B(¢)};>0 denotes a p-dimensional standard Brownian motion and that B® denotes
the ith component of B(?).

Lemma 2 (Csorgé and Révész [9]). Suppose Condition 2 holds, then for all ¢ > 0 and for
almost all sample paths, there exists no(e) such that for alln > ngandalli =1,...,p

. . 1/2
sup sup |B(’)(t +5) — B(’)(I)I <(1+e) <2bn <log bi —|—loglogn>) )
n

0<t<n—b, 0<s<b,
. . n 1/2
sup |B(l)(n) - B<’)(n - s)| <(1+¢) <2bn <10g . +10glogn>) and
n

0<s<b,
|B(i)(n)} < (1+¢&)y/2nloglogn.

Let L be a lower triangular matrix and set ¥ = LLT. Define C(r) := LB(¢) and if C(¢) is
the ith component of C(¢), define

_ 1, . : =) ._ LA
W= L (COU+0 —CPW) and E = O,

Since C(i)(t) ~ N(0,t%;;), where ¥;; is the ith diagonal of X, C(")/«/Zi,- is a 1-dimensional
standard Brownian motion. As a consequence, we have the following corollaries of Lemma 2.

Corollary 1. Suppose Condition 2 holds, then for all ¢ > 0 and for almost all sample paths there
exists no(e) such that foralln >noandalli =1,...,p

|ICDm)| < (1 +e)(2nE;;loglogn)'/?, (A.1)
where X;; is the ith diagonal entry of X.

Corollary 2. Suppose Condition 2 holds, then for all ¢ > 0 and for almost all sample paths,
there exists ny(e) such that foralln >noandalli=1,...,p

_ 1 : ; 1
CPW0l < sup - sup [COU+5) = COW] < 200 + )by Tislogn) 2. (A2)

0<l<n—b, 0<s<b,

where X;; is the ith diagonal entry of .



Strong consistency of MSVEs 1877
A.2. Basic properties of lag windows

Recall that the lag window wy, (+) is such that it satisfies Condition 1. We will require the follow-
ing results about the lag window w,, (-).

Lemma 3 (Damerdji [10]). Under Condition 1,

@) Ajwa(s) =200 Agwy (k).
(D) P,y Ajwy (k) = wy(s), and
(i) Y0 Aqw, (k) = 1.

A.3. Proof of Theorem 1

Recall that
1 n—b, by
S T
Sun== Y Kdowa @[T - T [tk = Fa] (A3)
1=0 k=1
Fort=1,2,...,n,define Z; = Y and
1 by t—1 n
- ;{ZAlwn(I)<ZZZZ,T+ Z lef)
=1 =1 I=n—bp+t+1

by—1Tby,—s
+ Z[Z Aqwy (s +1) (A4)
s=1 L t=1
1—1 n—s
X (Z(ZIZ,TH +ZisZl )+ Y. (zzl+ Ziz] ))} }

=1 I=n—by+t+1

Notice that in (A.4) we use the convention that empty sums are zero.

Lemma 4.
Under Condition 1, Ew n=Xs —d,.

Proof. Fori,j=1,...,p,let /E\w,ij denote the (i, j)th entry of /Z\Jw,,,. Then,

n—by, by

=~ 1 s o .
Suij = - l; ];szgwn(k)[Yl(’)(k) — 7O ) - 1]
n—b, b, k ) )
= - Z 3" Agw (k) [Z v~ Y(i):| [Z )~ k?,ﬁf)]
=0 k=1 t=1 t=1

(A.5)
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—b, b, k
I v 0 0
S Y | Yt || 24,
1=0 k=1 t=1 t=1
1n by by k k—1k—s k—1k—s
_ @) () @) () () ()
SED I WD SETLRS ) LN w oL |
=0 k=1 t=1 s=1 =1 s=1r=1

Notice that in (A.5), we use the convention that empty sums are zero. We will consider each term
in (A.5) separately. For the first term, changing the order of summation and then using Lemma 3,

1 n—b, b, k
S22 dawbz,Zi
=0 k=1 t=1
1 n—by, by by
=-> Aqwn ()21, 2,
1=0 t=1 k=t
1 n—b, by
= Aw, (02,27
=0 =1
1 by, n—>by,
@) ()
= Z LW () Z 72,z (A.6)
b

n

1
Alwn(t)[y,,,,-j(O)_;( (I>Z(/)Jr +Z(’) Z(n

t=1

@) ) i) 7 (J)
+ Zn—h,,+t+1Zn—b,l+z+1 +-t Zr(zl Zy ):|

n

b t—1
1 ¢ @ () @ ()
=yn,ij(0)_;ZAlwn(t)<Zzl zZ + Z VANV by Lemma 3.
=1 I=1 I=n—by+1+1

For the second term in (A.5), we change the order of summation from [, k,s,t to I, s,k,t to
l,s,t, ktoget

k—1k—s
ZZAzwanﬁ,Zfﬁﬂ
=0 k=1 s=1 t=1
=1 by
Z Aown () Z, 21
=s+1

1 n—>b, b,
n

§
>
|
~

>

n—

:I»—‘

Nng

©
I
<
~
Il
_

:
’&‘
By
o
:
._.
:
S

- n

Aow,(0Z(, 27

3|»—

s=1 t=1k

~
Il
=}

t+s
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by,

|
—_

by,—s
Z Aqwp(s + t)Zl(fthl(_fir)HFY by Lemma 3

t=1

S| =

-~ S

M1
S

©

[N

S| =
3
L
:
@‘

Z Arwn(s +0Z{,21]

o
Il
~
I
)

(A7)

S
B

—
S

n—S n—by

> Arwnls +021, 210
1 1=0

S| =
©
I
—_
-
I

S
3

|
—
S
:

n—by
S a0 Y 20,28
1 =0

I
S| =
Il
-
-
Il

N
by,—1b,—s n—s
=33 Awals +t)|:yn ij(s) — — Zz"’z}_& -y Z(”z,(_ﬁ}
s=1 t=1 l n—>by,+1+1
b,—1

= Z w,,(S))/n,ij (S)

s=1
b,l —1b,—s n—s

- - Z Z Aqw, (s +1) |:Z Z(’)Zl(i)T Z Z(Z)Zl(fr)s:| by Lemma 3.

s=1 =1 I=n—b,+t+1

Repeating the same steps as in the second term, we reduce the third term in (A.5) to

3
|

&

)
=

k—1

>~

—S
Aow, (k) Z
1

() ()
l+tZl+t+?

k=1s=11t

n—1

wn(s)yn,ji(s)
1

S
Il FM
> j=)

N

—1b,—s n—s
- - Z > Ajwns +t)|:Z 27z + > z(”z,(’;} (A8)
s=1 t=1 I=n—b,+t+1
by—1

= Wa(=$)Vij(—)

s=1
b,, 1b,—s

n—s
_Z Z Z Ajwy (s +1) |:Z Z(J)Zl(f:S + Z Z(/)Zl(:_){|

s=1 t=1 I=n—b,+t+1
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Using (A.6), (A.7), and (A.8) in (A.5)

bp—1

S = Vuij O + D wals)¥nij(s) +
s=1

b, t—1
1 n . .
@) ()
—;Elmwn(n(;lzl z" +
= =

b,, —1b,—s

- = Z Z Arw, (s +1)

s=1 t=1
X[

b,—1

2

s=—(bu—1)

t—1

> (Z

=1

(@) Z(j)

@) ()
Z°Z I+s

l+s+Z

)

Vn,ij (S wy(s) —

nzj

Let 7(s), X5, 2
Specifically, fort =1, ...

U, Uarelflde(OI)whereI is the p
k:, ., by, define B;(k) =k~ "(B( + k) — B(l

~ 1 _ _
7n$) =~ (Ui = Bu) Uity = By)' =

tel

bu—1

2

s=—(bp—1)

™M
“

Wn ($)¥n(s),

n—b, b,

Yy =— Z Zk A2wn(k) Bl(k)
by

=0 k=1
> Awa(t)

dp = - {
aihs

+ Z
t—1

x (Z(Tszis + Ti T} +
=1

(Z nT" +

bp—s

Z Ajwy (s +1)
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-1

2

s=—(by—1)

Wy (S)Vn,ij (s)

i) ()
Zl Zl )

n

2

I=n—by+t+1

n—s
@) () (@) (j)
FY @)
I=n—b,+t+1
_ESlj dn,ij'

O

w,n and d,, be the Brownian motion analogs of (2.1), (2.2), (A.3), and (A.4).
, n, define Brownian motion increments U; =

B(t) — B(t — 1), so that
x p identity matrix. For [ = O ,n—b, and
)), B, =n"'B(n),and T, = B,,. Then
ZE e (A.9)
telY
(A.10)
T
By ][Bi(k) — Ba] (A.11)
n
> TT)
I=n—by+t+1
(A.12)

n—s

2

I=n—b,+t+1

(T, + THT,T))] }
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Notice that in (A.12) we use the convention that empty sums are zero. Our goal is to show
that ¥, , — I, as n — 0o with probability 1 in the following way. In Lemma 5, we show that

Y = f)g — d~n and in Lemma 7 we show that the end term c?,, — 0 as n — oo with probability 1.
Lemma 12 shows that Xg — I, as n — oo with probability 1, and hence X, , — I, as n — 00

with probability 1.

Lemma 5. Under Condition 1, iw,n = is — c?,,.

Proof. Fori,j=1,...,p,let fw,ij denote the (i, j)th entry of f)w,n. Then,

_ ln—b,, by, o o o o
Ew,ij = ; Z Zszzwn(k)[Bl(l)(k) _ B,gt)][Bl(j)(k) _ Br(l])]
1=0 k=1
ln—b,, by, . '
= 30> Awk)[BV(k+1) — BY (1) — kB

1=0 k=1

x [BY Uk +1) — BO () —kBY]

lnfb,, by M & )
=- Y muwa| Y Ul - ké,g”][

=0 k=1 Lr=1

[k k
_1 3> Agwah) ZT}Q} [Z V)
t=1

" =0 k=1 Li=1

() n(J)
Z Ut+l — kB

k—1k—s

[k
SED ) WG B HETIES B) S

=0 k=1 Li=1 s=1t=1

(A.13)

l+t+s:| .

In (A.13), we continue to use convention that empty sums are zero. We will look at each of the
terms in (A.13) separately. For the first term, changing the order of summation and then using

Lemma 3,

ln— by,
DD

=0 k=

B

Bawn T T,

N
HM»
LN

—

n—>b,

N

bn

Aow, 0T T
1 k=t

1

S| =

=0 t

n—>b,

N

0T Avwa (1)
1

S| =

=0

N
Il

(A.14)
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1 by n—by

— @) ()

- 2 1:A1w"(t) ; 0: Ly
1= =

b t—1 n
1 S S
_5 .. @) () @) (J)
—Vn,tj(o)_; E Alwn(t)<§ T + E T, )
=1 =1 I=n—b,+t+1

For the second term in (A.13), we change the order of summation from [/, k, s, t to [, s, k, ¢t then
tol,s,t, k and use Lemma 3 to get
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bp—1b,—s 1 t—1 1 n—s
_ ~ @) () & ()
= Z Z AllUn(S‘l‘l‘)|:)/n,ij(S)_;ZTl Ty — o Z T Tl+s:|
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©
I
_
-
Il

b,—1 by,—1b,—s —1 n—s
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Repeating the same steps as in the second term, we reduce the third term in (A.13) to

1n by, by, k—1k—s
- Aawn O TLIT
1=0 k=1s=1t=1
b,—1
Wy () Vi, ji (5)
s=1
hn—lb,l N n—s ) )
- Z 3 Alw,,(s+t)|:ZT(/)Tl(fr)s + 0y T,‘”Tl‘fs] (A.16)
s=1 t=1 I=n—b,+t+1
by—1
=Y wa(=8)Tn.ij(—$)
s=1
—1b,—s n—s
S S s S 5o
s=1 t=1 I=n—b,+t+1
Using (A.14), (A.15), and (A.16) in (A.13), we get
by—1 -1
Suij = Pnij O + D wa)Fij )+ D wa(s)nij(5)
s=1 s=—(b,—1)
bll . . n . .
- — ZAlwn(I) (Z Tl(l)Tl(]) 4 Z T](Z)T[(])>
I=n—b,+t+1
bn—l bp—s
- Z Z Awn(s +1)
s=1 t=1
t—1 n—s
@) () @) () @) () @) ()
x |:Z(Tl TlJrs + Tl+sTl )+ Z (T TlJrs + Tl+sTl ):|
=1 I=n—b,+t+1
bp—1
= Z Va, ,/(s)w,,(s) nt/
s=—(b,—1)
=§S,ij _d~n,ij- O

Next, we show that as n — 00, d, — 0 with probability 1 implying iw,n — 3¢ — 0 with
probability 1 as n — oo. To do so, we require a strong invariance principle for independent and
identically distributed random variables.
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Theorem 4 (Komlés ef al. [40]). Let B(n) be a 1-dimensional standard Brownian motion. If
X1, X2, X3... are independent and identically distributed univariate random variables with

mean | and standard deviation o, such that E[e" Xil]<ooina neighborhood of t = 0, then
asn— 0o

> Xi —np — o B(n) = O(logn).
i=1

We begin with a technical lemma that will be used in a couple of places in the rest of the proof.

Lemma 6. Let Conditions 1 and 2 hold. If, as n — oo, byn~! ZZ”:l k|A 1wy, (k)| — 0, then
by by—1by—s
<Z|A1wn(z)!+z > Z|A1wn(s+r)|>
s=1 t=1

Proof.

bn bp—1bp—s
7”(2 Arw, ()| +2 ) Z|A1wn(s+t)|)

=1 s=1 t=1

bll n
(Z|A1wn(t)| +2 Z > |A1wn(k)|>

s=1 k=s+1

by by k—1
Z|A1wn(t)|+2ZZ|Alwn(k)’>

t=1 k=2 s=1
by bn

by
Z!Alwnm\ +2Z<’< - 1)!A1wn<k)\)

2ZkyA1wn(k)\)
k=1

-0 by assumption. ]

Lemma 7. Let Conditions 1 and 2 hold and let n > 2b,,. Ifbnnfl Zi"zl k|IA 1w, (k)| = 0 and
bJI logn = 0O(1) as n — oo, then d, — 0 with probability 1 as n — co.
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Proof. Fori, j=1,..., p, we will show that as n — oo with probability 1, t?,,,,- 7 — 0. Recall
b}l n . .
dn,ij = men(r)(z 1+ Y Tf”Tf”)
I=n—b,+t+1
bn 1by—s
+ = Z > Ajwa(s +1)
s=1 t=1
t—1 o n—s o
[ 5 aongenga)|
=1 I=n—by+t+1
(A.17)
_ 1 by, t—1 ) ) n ) )
|dn,ij] < —Z|A1wn(t)|(Z|Tl(l)Tl(/)| + Z |Tl(l)Tl(J)|)
i =1 I=n—by+t+1
b —1by—s
+- Z > [ Arwa (s +1)]
s=1 t=1
- 0 0 « 0 0
X[X:T”E#MHEQT’D+- > (V”E#%HEQT’D]
=1 I=n—bp+t+1

where we use the convention that empty sums are zero. Using the inequality |ab| < (a® + b?)/2
in the first and second terms in (A.17), we have fort =1, ..., b,

2b, 2b, )
Z|T(I)T(1)| L Z(Tmz 4702 < %ZTZU)Z n % SoT2,
=1

n n n n
Oy 1 @2 | 2y _ 1 @2, 1 ()2
PORFA S D (AR e = DI AR W i
I=n—b,+t+1 I=n—b,+t+1 I=n—2b,+1 I=n—2b,+1

Similarly, for the third and fourth terms in (A.17), fort =1,...,b, —lands=1,...,b, — 1
t—1 t—1
&) () @) - (J)
}]T’EL|+§]E;T’|
1 | &
()2 ()2 (1)2 (2
2 T +5 Z T +5 Z Tl+s 2 Z Tl+s
=1

; T(’)2+ ZT(;)2+ ZT(MJr ZT(z)z
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2by 2b,
_ ()2 ()2
=> 1"+ 1"
=1 =1

n n
> U+ X ImanY
l=n—b,+t+1 I=n—b,+t+1
1 - 2 LR 2 2
<5 2 @7+ +s 3 @+l
I=n—2b,+1 I=n—by+1
5 IININE N SRR (N2, 72
<5 > @)+ 3 @7+
I=n—2b,+1 I=n—2b,+1
n . n .
I=n—2b,+1 I=n—2b,+1

Combining the above results in (A.17) we get,

n ) 1 n ) by
t

1 n—2bp+1 I=n—2by+1 =1
| b= (2 _ n _
Z [(Z T(’)2+ZT<]>2+ Z 1y Tl(n2>
I=n—2by+1 I=n—2by+1
by, —s
x Z|A1wn(s+t)|i| (A.18)
t=1

1 2by, 5 n ) 1 n .
zb_n< Z 704 1 ZT(;) >oner Y Tlm)

l n—2b,+1 I=n—2b,+1

by,—1b,—s
I; (Z!Alwnm\ +2)° Z!Alwn(wr)!)

t=1 s=1 t=1

We will show that the first term in the product in (A.18) remains bounded with probability 1
as n — o0o. Consider,

2by, 2by,

. _ 02
Z = o Z(Ula)_Br(ll))
ZU(1)2 2B(l) ZU(l) B(l)
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2b, 1 2by
(0
— >y U,

1 ()2 B(i)|2

1+2[B9)|

2by

1 i
— U
2b, Z !

=1

2by,

1 (i)
< + | — U
2by, ; !

<%(1 +&)(2n 1oglogn)1/2>
n

1 2
+ (—(1 + &)(2nloglog n)l/z) by Lemma 2
n

2by

1 (i)
< +|==—) U,
2by, l; !

0((n"1ogn)'?) + 0 (n'logn).

1 2b,

(i)2
—>NU
2b,,; !

. ; ) o i) iid. .
Since Ul(l) are Brownian motion increments, UI(’) SN (0, 1) and by the classical strong law

of large numbers, the above remains bounded with probability 1. Similarly (2b,)~! lei”l Tl(j )2

remains bounded with probability 1 as n — oo. Next, consider R, =Y |, Ul(i)z. Since Ul(i) ~
N(Q,1), R, ~ X,%‘ Thus, R, has a moment generating function and an application of Theorem 4
implies there exists a finite random variable Cr such that, for sufficiently large n,

|Ry —n — 2BV (n)| < Crlogn. (A.19)
Consider
|Ry — Ru—2b,| = |(Ra —n —2BP (1)) — (Ru—2p, — (n — 2b,) — 2B (n — 2by))
— (n —2by) +n+2BD(n) — 2BV (n — 2b,)|
< |(Rw —n =2BY )| + |(Ru-2p, — (n = 2b,) = 2B (n — 2b,))|
+ 26y + 2BV (n) — 2B (n — 2b,)| (A.20)
< Crlogn + Cglog(n — by) + 2b,

n
2by,

172
+2(1 +¢) (2(2bn) <log + loglog n)) by (A.19) and Lemma 2

< 2Cglogn 4 2b, +4(1 4 €)(2by, logn)'/?.

Finally,

n

1 Z Tl(i)2

2b
" j=n—2b,+1

1 " i N
= 2b Z (Ul(l) - Br(ll))
" j=n—2b,+1
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n n

_ 1 in 2By @ | ()2
- i Z Ul - 2% Z Ul + (Bn )
" |=n—2b,+1 " l=n—2b,+1

1 2 . 1 , . 1 . 2
=—(Ry— Ry_2p,) — =B (n)=— (B (n) — BY(n —2b —B®
2bn( n = Ru-2,) =~ (n)an( (n) (n —2by)) + —~B"(n)

1 2. 1 . . 1, . 2
< Emn — Ry—op, | + E‘B(l)(””E'Bm(”) —BY(n —2by)| + <;|B<l’<n>\)

1
% (2Crlogn + 2b, + 4(1 + €)(2b, logn)'/?)
n

<
2 1 n 172
+—(14+&)2n loglogn)l/z—(l + &) 2(2b,) | log — + loglogn
n 2by, 2by,

1 2
+ (—(1 + ¢)(2nloglog n)1/2> by (A.20) and Lemma 2
n

4(1 4 &)(2b, logn)'/?
2b,

1
< Crb,'logn+1+ +——(+ €)*(2nlogn)'/?(8b, logn)'/?
n

(1+¢)?
n

+

(2logn)

< Crby'logn +1+2(1 +¢)(2b; ' ogn)'/?

lo 172 lo
A1+ e)2<$> (b " logn)"* +2(1 + 8)2$.
Since b, 'logn = O(1) as n — oo, the above term remains bounded with probability 1 as n —
oco. Similarly, (2b,)~! Z?:n—ﬂ)n 11 Tl(j )2 remains bounded with probability 1 as n — oo. The

second term in the product in (A.18) converges to 0 by Lemma 6 and hence c?,,,,- i — 0 with
probability 1 as n — oco. ]

Recall that h(X;) = Y,2 fort=1,2,3,..., where the square is element-wise.

Lemma 8. Ler a strong invariance principle for h hold as in (2.4). If Condition 2 holds,
b " (n) — 0 and b; ' logn = O(1) as n — oo, then

b, n
I & 1
by E h(Xy) and by E h(Xk),
k=1 k=n—by+1
stay bounded with probability 1 as n — 0.

Proof. Equation (2.4) implies that b;l Zi"zl h(Xy) — Eph if bn_llph(b,,) — 0 as n — oo.
Since by assumption bJI Yp(n) — 0 as n — oo and Yy, is increasing, bn’l Zf"zl h(X}) remains
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bounded w.p. 1 as n — oco. Next, for all € > 0 and sufficiently large n(¢),

1
— Z h(Xx)
b k=n—b+1
1 n—>by,
=5 Zhom - Z h(Xx)
—bi Zh(xk) —nEph + (n — by)Eph + byEph — Ly B(n) + Ly B(n — by)
n—>by,
+ Li(B(n) — Bn —by)) = Y h(Xy)
n n—>by
<— Zh(Xk) —nErph — Ly B(n) Z h(Xy) — (n—by)EFh — L, B(n — by)
= k=1

1
+ |Ln(B() — B(n — by)) + buErph|

1 1
<5 Dn¥n(m) + = Dhlﬁh(ﬂ —by) + —HLh(B(n) — B(n—by))| + IErhll by (24)

by

1 1 2

< 5 Duvn(n) + o thhm—b)+—||Lh||<Z|B<’><n> <"><n—bn>|2) +[EFA|
i=1

1 1

b_ hl/fh(n)-i- DhWh(”—b)

1/2
1 L . .
+—Lall( Y sup [BOw) — BOw—s)*|  +IEFhl|
bn i=10§s§bn
2 pl/2
—D
<3 W¥n(n) + b

n n

1/2
ILpll(1+¢€) <2b,, (log bl + loglogn>> + |EFh| by Lemma 2
n

2
< IEFhl + 5= Dipn(n) + O((by " 1ogn)'?).

n

Thus by the assumptions b,,_1 I ZLPb”H h(Xy)| stays bounded w.p. 1 as n — oo. (I

Lemma 9. Suppose the strong invariance principles (2.3) and (2.4) hold. In addition, sup-
pose Conditions 1 and 2 hold and n > 2b,, byn~! Zi":l k|IAjw, (k)] — 0, b;lw(n) — 0,
b;ll/fh(n) — 0asn— oo and b;] logn = O(1). Then, d,, — 0 with probability 1 as n — oo.
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Proof. Fori,j=1,..., p,letd, ;; denote the (i, j)th element of the matrix d,,. We can follow
the same steps as in Lemma 7 to obtain

1 2by 1217,, 1 n 1 n
(1)2 ()2 ()2 ()2
R O 3 oL N i s I

I=n—2b,+1 l=n—2b,+1

b by, b,—1b,—s
x 7"<Z|A1wn(t)| +2) ) [ Awn(s +t)|).

=1 s=1 t=1

The second term in the product converges to 0 by Lemma 6. It remains to show that the following
remains bounded with probability 1 as n — oo,

2b, n n
1f1 (i)2 (2 1 @2 1 ()2
Laxariyare) v gl 5o

=1 I=n—2by+1 I=n—2by+1
We have,
L2 Lo 0y LSy 02 050 5, (702
b 2t _EZ(YI -1 —ﬁzyz =27, 1,0+ (V7).

=1 =1 =1

By the strong invariance principle for g, l?n(i) — 0, Yz([il — 0, and (1?,?))2 — 0w.p.lasn— oco.
By Lemma 8, (2b,,) ! lzi”l Yl(i)2 remains bounded w.p. 1 as n — oo. Thus, (2b,,) ! 1 " Z(’)2
remains bounded w.p. 1 as n — oo. Similarly (2b,)~! lzi”l Z[(] 2
oo. Now consider

1 " ; 1 " ; — 2
e > Zzw:g ooy -1D)

M |=n—2b,+1 " l=n—2b,+1

stay bounded w.p. 1 as n —

(A21)

n

n
) 1 . _
L S (LU

" j=n—2b,+1 " 1=n—2b,+1

We will first show that (26,) ™' 3/, 5, .1 ¥, remains bounded with probability 1. Let ;;
denote the ith diagonal entry of X, then

n

1 .
2b ron

n l=n—-2b,+1

@M _ &
=5 ZY ZY
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1 n ) n—2b,
_ E(Z D — ,/2,~,»B<l>(n)) ( Y v —VEi B —2b ))
" \i=1

+ %\/E_,-i(B(")(n) — BD(n —2by))

1| & i :
<3 > v - /EiBD )| + Z v — /i BO(n — 2b,,)
=1

n—2b, ‘

+ 5= Vi (BY ) — BY (11— 2by)|

! 1 1 . ,
= 2, 2, = 2bw) + 5~V sup BO() —BD(n—s)| by 23)

0<s<2b,
1/2
>i| by Lemma 2

1
i E(l + &) |:2(2bn)<

1/2

< Db, 'y (n) + /i (1 +¢)(2b, ' logn)
= 0(b; " v () + 0((b; " ogn)'"?).

By the strong invariance principle for g, ¥\’ — 0 and (¥\?)2 — 0 w.p. | as n — oo. By
Lemma 8§, (Zb,,)_1 Z;l:n—Zb,l 41 Yl(i)2 remains bounded w.p. 1 as n — oco. Combining these
results in (A.21), (2b,)~! D ln—2b, 41 Zl(i)2 remains bounded w.p. 1 as n — oco. Similarly
(2b,)~! Z?:n—an-H Zl(j)2 remains bounded w.p. 1 as n — oo. O

Lemma 10 (Billingsley [6]). For a family of random variables {X, : n > 1}, if E(| X,|) < sy

where s, is a sequence such that Zn | Sn < 00, then X, — Ow.p. 1 asn — oo.

Lemma 11 (Whittle [62]). Let Ry,..., R, be i.i.d. standard normal variables and A =
=1 > i_1 aik Ri Rk where ayi are real coefficients, then for ¢ > 1 and for some constant K.,

we have
E[|A — EAP*] < K. <ZZalk) )

Lemma 12. Let Conditions 1 and 2 hold and assume that

(a) there exists a constant ¢ > 1 such that ), (b, /n)¢ < oo,
(b) byn~! logn — 0 as n — oo,

then is—) Ipwp.lasn— oo.

Proof. Under the same conditions, Theorem 4.1 in Damerdji [10] shows ) s.ii ~ lasn— o0
w.p. 1. Itis left to show thatforall i, j =1, ..., p,andi # j, X5 ;; — O w.p. 1 as n — oo. Recall
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that
by—1
Ssij= D wn®)Tuij )
s=—(bp—1)
1 bp—1 n—s ) o ) o
=0+ ;[Z 0 S0 - B0 - BY)
s=1 t=1
s=—(b,—1) t=1—s
by—1 .
—Vn 11(0)+ |:Z wn(s)z U(l) B(l) U(]) Br(tj))
by—1 ) )
+ Z wn(s) Z U(l) B(l) U(i)s _ Br(z])):|
t=1+s
by—1 n—s ) ) ) ) ) )
=Ty O+ 3 wals)y [Z(Uﬁ”ufﬁ -B0u\ - BU" + BB
s=1 t=1
n . . . . . .
=Y 000 -BOUY, - B0 + B,sﬂBé”)}-
t=1+s
Since
n—s ) n—s
S uli=8Vm - BYs), S UL =BD@m-s),
t=1 t=1

n n
YUl =BP@m—s5) and Y U =BDwm) - BV,
t=1+s t=1+s

we get i_g,,'j =
b,—1 n—s ) . 1 1 .
= nij ) + w,,(s)|: Y uu, - “BO(BY ()~ BV (5)) ;B,(ﬂ)B(‘)(n —5)
s=1 t=1

n—sY\ = = 1 _; . .
N (—)Bﬁ’)Bﬁj) Z uPyY BmB(n(n $) = ~BY (BO () — BO(s))
n n

t 1+s
N (n — S)B(i)ér(zj)]
n
n
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b,—1
= Pn.ij (0) + an(s)[ ZU(:)UI(&JF Z U(z)Um

s=1 t 1+s

1 | | P
+ BB s) - B(j)B(l)(n 5)— —BYBY (n—s)+ —B,(,j)B(l)(s):|
n n

. (A.22)
~ < SN\ = =
= Pnij O+ > wn(s)[ ZU@)U&)YJF Z vy _ (1+_>B’51)B’§n
s=1 t 1+s n
N = ) . N = 1 .. .
+BYBY — BB (n—s)+BYBY ——BYBD(n—s)
n n
L 26 g OING
+;Bn B (S)+;Bn B (S)
bn— = 1 <& L s o
= nij )+ wn(s)[ Y Uludi+— 3 Ul —2<1 + ;)B;')B,Ef)
s=1 t=1 t=1+s
U=y, , | , 1=y o
+ ;B,EJ)(B(’)(n) =BV =)+ B (BV ()~ BV —5)) + BBV (s)
EGYRA0)
+=BY(5)BY |.
n
We will show that each of the terms goes to O with probability 1 as n — oo.
1.
L
Fuij @ =~ 10T
=1
1< . . .
=-> ("~ BOY(UY — BY) (A.23)
=1
L~ 0,0 7001 @ _ (1)1 —0) B0 R0
:EZUt U\’ — By ;ZU ZUt + BWBY.
=1 =1 =1

We will show that each of the terms in (A.23) goes to 0 with probability 1, as n — oo. First, we
will use Lemma 11 to show that n~! Yoy U,(’)U,(] ) - 0 with probability 1 as n — oo. Define

Ri=UP Ry=U", .. R, =UD Ruy1=U", ..., Rpy=U.
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Thus, {R; : 1 <i <2n}is ani.i.d. sequence of normally distributed random variables. Define for
1<l,k,<2n,

1
-, ifl<l<nandk=I[+n,
ajk =3y n
0 otherwise.
Then,

2n 2n

A= ZZalleRk—Z U(I)U(])

=1 k=1

By Lemma 11, for all ¢ > 1 there exists K. such that

E[|A —EA[*] < K. (ZZ“M) :

Since i # j,E[A] =

1 n ) ) 2c 2n 2n n 1 ¢
oftsurer] Yen(S3) =k (S k) ko
t=1

=1 k=1 t=1

Note that Y 2 yn~¢ < oo for all ¢ > 1, hence by Lemma 10, n! Yo U,(i)U,(j) — 0 with
probability 1 as n — oo. Next in (A.23),

n

% 3 u®

t=1

n
-<')1Z @ _ Lo
KPR <8V

1
< —(1+4¢)y/2nloglogn
n

by Lemma 2

I
v
n

t=1

logn 1211 & @
<V2(1+¢) -y Ul
n n
t=1

By the classical SLLN

! Xn: y®

— . 1—=0 w.p. l asn — oo.

" t=1
Similarly,

1 .
B,(,‘);ZU,(/)—>0 w.p. l as n — oo.
=1
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Finally,
BYBY < L |BOw)|[BY )|
n

1
< —2(1 + 8)2(2n loglogn) by Lemma 2
n

1
<2u-+@2<°g”>

n
—0 asn — o0.

Thus, y,,;;(0) — 0 with probability 1 as n — oo.
2. Now consider the term ngl wy (s)n =130 Ut(l)Ut(i?g. Define

Ri=U",Ry=U",...,R,=UY,
Ry = Ul(])’ e, Rop = U,EJ).

Thus, {R; : 1 <i <2n} is an i.i.d. sequence of normally distributed random variables. Next,
define for 1 <l,k <2n

1
—wy (k= (1 +D),

ik = ifl<l<n—1,n+2<k<2n,andl <k—(n+1)<b,—1,
0, otherwise.

Then,

2n 2n

A= ZZalleRk

=1 k=1
n—1 2n 1
=y > {1 k=040 < by = 1} =w (k= (1 +D) RiRy
I=1 k=n+2
n—1 n—lI 1
= zjlugsgbn—u;wgn&Rﬁﬂﬂ lettingk — (n4+1) =s
I=1s=2-1

n—1ln—s

1
=2 ) I =5 <by = =wn () RiRusis
s=11=1

0 n—1
1
+ E E I{lszbn_l};wn(s)Ran+l+s
s=3—n)l=2-s)
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bp—1n—s

> Z Wy () U

slll

lns

Z Z wn(s)Ul(l)

Alll

()
Ul+s'

Using Lemma 11, for ¢ > 1 and some constant

b,—1
[(Z ), ZU‘”Ufil

where

by—1n—s

ZZ“H« =2 Z—wz(s)

s=1 t=1
Thus, by Assumption (a) and Lemma 10,

b,—1

Z wy,(s)— Z U(’)Ul(i)s —0

s=1 =1
3. By lettingt —s =1,

n

1
Z U(Z)U(])
n

This is similar to the previous part with just the

argument will lead to )
4,

S

bll

Z 2w, ()

s=1

(1 + ) (l)B(J)

b,—1

<| D 2was)

s=1

b,—1

<) 2fwa(s)]

s=1
<l +

bu—1

< _2
n
s=1

bp—1
L o
s=1

<1 + i)g;f)géj)
n

SN\ =iy =(7
(13 )11

i) |B(i)(n) | |B(j)(n)|
n

D. Vats, JM. Flegal and G.L. Jones

since n > 2b, > 2

) } < KC(XI:;a,zk>C,

b,—1 b

2 n n
—$)wp(s) < 2} 1=
S=

w.p. 1 as n — oo.

by,—1

>y 3

i and j components interchanged. A similar

@) 77D
U1+AU .

b";ll wy (s)n~! D imits U,([)U,(i)é, — 0 with probability 1 as n — oo.

since |wy (s)| <1
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by—1
2 n
< ﬁ(l +8)22nloglogn Z

s=1

(l + i) by Lemma 2
n

b,—1
<4(14¢6)*n""logn Z 2
s=1

<8(1+ S)ann—l logn

— 0.

5. Next,

bnil . . .
3 wn(s)lé,gj)(B(l)(n) —BD(n —))
s=1 n
b,—1 ] ' .
<> wn(s)%B,S”(B@(n) ~BY(n —s))
s=1
bu—1
i | . 4 . )
< ; n—2}3<f>(n)||B<l>(n) ~BD(m—s)|  since |wy(s)] <1
| bp—1
< n—2|B<f>(n)| > | sup |BD(n) — BO(n —m)|

s=1 <m=<by,

1
<= ((l +e)(2n loglogn)l/z)
n

1/2 bn_l
x (14¢€) <2bn <log bi + loglog n)) Z 1 by Lemma 2
" s=1

1
<2'2(1 +&)*= (nlogn)'/>(4b, logn)'/*b,
n
b\ /2
<2321 + e)2<—"> n~'b,logn
n
— 0.

6. Similar to the previous term, but exchanging the i and j indices,
by—1

s=1

1 _,. . .
Z wn(s)—B,(,’)(B(f)(n) —BWn — s)) -0 with probability 1 as n — oo.
n

1897
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by,—1

Zw,(s) B BY (s)
s=1
b,—1 1
—_p@ R0
< ;wn<s)n3n BY(s)
bn_l 1 . .
< 2 w8 ||BY (5]
s=1
b,—1

B(’)(n)| Z |BY(s)]  since |wa(s)] <1
s=1

by—1
<—(1+8)(2nloglogn)1/2 Z sup }B(/)(m)‘ by Lemma 2
1<m<b,
by—1
(1 +e)@2nloglogm)'/* sup |BY(m +0)— BV )] > 1
1<m<b, =1

b , .
<—;(1+s)(2nloglogn)l/2 sup sup ’B(J)(t+m)—B(~’)(t)’
n 0<t<n—b, 0<m<b,

b, n 1/2
< = (1+¢)(@2nloglogn)'/*(1+¢) <2b,, (log o+ 1oglogn>)
n n

bl /2

=221+ n~'logn

2b

+e) 1 /2
— 0.

8. Similar to the previous term, by exchanging the i and j index,

bp—1
Z Wy, (s) B(j)B(’)(s) -0 w.p. 1 asn — oo.
s=1

Since each term in (A.22) goes to 0, we get that

Xs,ij—>0 w.p. l asn — oc.

O

Lemma 13. Let Conditions 1 and 2 hold. In addition, suppose there exists a constant ¢ > 1
such that )", (b, /n)¢ < 0o, n > 2b,, byn~'logn — 0, and byn™! Zi’”:l k|Ayw, (k)| — 0, then

Ywn—> Ip wp. 1 asn — oo where I, is the p X p identity matrix.
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Proof. The result follows from Lemmas 5, 7 and 12. O
The following corollary is an immediate consequence of the previous lemma.

Corollary 3. Under the conditions of Lemma 13, LEw LT - LLT =X wp. lasn — .

Lemma 14. Suppose (2.3) holds and Conditions 1 and 2 hold. If as n — oo,

b 2
by (n)*logn (Z|A2wn (k)|> —~0 and (A.24)
k=1
bn
Y)Y | Aqw, (k)] — 0, (A.25)
k=1

then fw,n — X wp. 1.

Proof. Fori, j=1,..., p,let &;; and /E\w,ij denote the (i, j)th element of ¥ and /E\w,n, respec-
tively. Recall

n—b, by

1 .
i = 2 Y KA 0[F 0 - 7O [7 k) - 7).
=0 k=1
We have
|2w,ij - Elj|
1 n—b, by, . .
iR BDISAC A CES A PARCORS i B
[=0 k=1
1 n—>b, by, ' .
=|- 12 Aqw, )[F O (k) = 7O + CP (k) £ CO]
=0 k=1

b,

N
|
S
B
B

Eaaun (0~ 6 0) + (w0 = €)= (71" - )
=1

S| =

.\.
Il

o
=~

« [(yl(j)(k) _ él(j)(k)) + (C_‘l(j)(k) _ a(lj)) _ (yrfj) B Cf,j))] — %
(A.26)
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—b, by
1’ o .
<|- Z > K 2w, (0)(C (k) = €Y (P k) — CF) — 55
=0 k=1
ln b, by,
>0 > R A )] [1(7" ) — P w) (1 k) — 7 ()|
1=0 k=1

|(Y(l)(k) Cl(l)(k))(y(j) C(]))|

+ I(Cz(')(k> - Cé”)(Yz‘”UO -G W)+ I(Cz(” (k) — Cé’))(Yn(” - Cﬁj it

We will show that each of the nine terms in (A.26) goes to 0 with probability 1 as n — co. To
do that, let us first establish a useful inequality. From (2.3), for any component i, and sufficiently

large n,
n . .
> v —cDm)| < Dy ). (A.27)
t=1
L1 Y S K2 Aaw, ()G} (k) = COYNC o) = CF) = 351,
Notice that
1 n—b, b, . . X
SY Y A ®(E w0 - E0) ()t - ¢F),
=0 k=1
is equivalent to the ijth entry in Liw, 2 LT . Then by Corollary 3
1 n—bn bn . . .
- S S R awa0)(CP k) = CO)(C (k) — C) = Bij| >0 asn— cowp. 1.
=0 k=1
2. S S R A, (B () — €7 ) (7 () = C o).
Note that for any component i
) ) k . . .
(7 (k) — CP ()| = 31D = €O +1) + D)
k+1 ) l ) . _
_ Z Y,(l) . Z Yt(l) _ C(l)(k +1)+ C(’)(l)
t=1 t=1
I+k ) ) l ) .
<D v O+ + > ¥ —cPq) (A.28)

t=1 t=1
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<Dy +k)+ Dy() by (A.27)
<2Dvyr(n) since [ + k <n.

By (A.28),

3
|
s
>

[

n

-
Il
o

k=1

S
B

n— b,

| Aw, ()| (2DY ()
k=1

=|~

l

b, +1
Dz(u)w ) Z|Azwn<k)|

k=1

Il
o

Il
~

-0 as n — oo with probability 1.
3. Ly i 1 aw 011F k) = EP ) (7 — CP)1.

Note that for any component i, using (A.27),

1
v —cOm
n

t=1

iy A 1
v —CW| = <Dy ().

By (A.28) and (A.29),

n—by, by

=0 k=1

By

S| =

n—bp by

1 1
< k| Aqw, (k)| ( ZDlﬁ(n))(;DW(n))

1=0 k=1

by + 1
— 2D%/;(n)2<T+) Zk|A2wn(k)|

5202¢(n)2($> Z|A2wn(k)|

-0 as n — oo with probability 1.

4. Now

b,

n—

i~y
By

By

S| =

1

Il
=}

k=1

] aw, 0| (77 ) = €7 0) (7 ) = €17 )|

K2 Aawa (0] |(7," k) — € 0) (€ k) = C)

1901

(A.29)
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1n—b,, by .
<- K| Aqwn (0] | (V7 () = €7 () €7 )|
" =0 k=1
| n—b, by
+- k2| Aqw, || (V" k) = €7 (k) CY .
=0 k=1

We will show that both parts of the sum converge to 0 with probability 1 as n — oo. Consider
the first sum.

n—b, by

- Z > 2 Agwa 0| (7 (k) — €7 (1)) € (k)|

=0 k=1

N
>

n— n

-

I

~
Il

12| Aqw, 0|7 (k) = EP ]| o
1

S | =

n—

?

by

D k|A2w, (0| (2D (n)) (2(1 + )by i %(lognﬂ/z) by (A.2) and (A.28)

IA

1
n

~
Il
o
=~
—_

n

by

(” “bn t >4D(1 + &)V Ziibnlognyy (n) )| Agwa (k)|
k=1

0

— by Condition 2 and (A.24).

The second part is
n—b, by,

12| Aqw, (]| (Y k) = CP (1)) CY|
1=0 k=1

S| =
B

S
B

b
Y| Aqw, (0|77 o) — EP (o[ C|
1

n—

I
=

S| =

INng

S
B

>~
B
S

n—

IA

1
n

k| Aqw, (k) |(2Dyr (n)) (%(1 +&)[2n%;; 1oglogn]‘/2) by (A.28) and (A.1)

N
Il
S

k=1

B ]/2 n

<M7”—H>2\/ED(1 + E)w(n)(nlogin) Zk|A2wn(k)|
n n k=1

( ]

—by+1 12
%)2\/22,,0(1”)10( y doem) 72 g]/; b Y| Aaw, (k)]
k=1

<
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pl/2 b

3 (M)zmm U by logn)! 220 2 |Aauno)

n
-0 by Condition 2 and (A.24).

5. Next,
1 n—by by

Ly S s |7 - ) - )
n =0 k=1
n—by by

1 2 2
< =2 2K ’Azwn(k)| D Y (n) by (A.29)

=0 k=1

n—by+1\ ,b2 on
< (fﬁzn—zw(mzzmzwn(lm

k=1
-0 by Condition 2 and (A.25).

1 n—b, by

2 2R |7 =€) (7w - C W)
" =0 k=1
n—b, by

<- Z Zk|A2wn(k)|( Dw<n>)(2Dw<n>)

=0 k=1

by
< (w)w%ﬁ(mzl > k| Agw, ()]
n n =1

b,
—b,+1 by ~—
< (”T)wzw(n)z; > |Agw, (b))
k=1

-0 by Condition 2 and (A.25).

&

by . .

k2| Aqw, (|| (7 = CDY(CY (k) — C)|
k=1

n—by, by

3 K Aw, (0] (7 — €YD )]

=0 k=1

n—b, b

n—

S| =

!

Il
=}

=<

S| =

:

+ k2| Aqw, ()| (7 — C)CY).

=0 k=1

S| =
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We will show that each of the two terms goes to O with probability 1 as n — oo.

n—b, by
2 2 Skl ®|[(7 )G o)
n =0 k=1
ln b, by, 1
<=2 Zkzmzwnw( Dwm)) (2(1+s>\/bn2,-,;<logn)”2)
=0 k=1

by (A.2) and (A.29)

—Un 1 nl
<<%)2D(1+8),/ Sy (ny Y on1ogn OgnZk]Azwn(k)|

b
— by +1 by :
< (%)21)(1 +e)\/2,»i7/bn logny(n) Y | Aqw, (k)|
k=1

—0 by Condition 2 and (A.24).

For the second term,

1 n—b, by )
. Elaswn |7 = ) E|
" =0 k=1
1n—b,, by . .
==Y > R w|(70 - )6
=0 k=1
n—b, by
1 ! y 12
< k }Azwn<k>|< va(n))(;(l+e)[2nzz,loglogn] )
=0 k=1

by (A.29) and (A.1)

5( — b +1>\/2E,,D(1+ )Vn]og”‘”(”)ZkﬂA W (k)|
5( —n +1>\/ZEHD(1+ ) V”IOg”‘”(”)ZiAzwAkﬂ
k=1
— by +1 by by'? 12
S( >\/ ZEZID(1+8) 2(b IOg}’l) w(n)Z|A2wn(k)|
k=1
-0 by Condition 2 and (A.24).
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8.
b

n—

&

By

k2| Aqw, (0| |(CP (k) = COV (7 (k) — € (1))
k=1

S| =

!

Il
=}

This term is the same as term 4 except for a change of components. Thus, the same argument
can be used to show that it converges to 0 with probability 1 as n — oo.
9.

&

n— by,

k=1

1
n
1

Il
o

This term is the same as term 7 except for a change of components. Thus the same argument
can be used to show that it converges to O w.p. 1 as n — o0.

Since each of the nine terms converges to 0 with probability 1, |§,- i — Zjj| > 0as n — oo with
probability 1. U

Since we proved that s s = fw,n +d, — X 4 0 as n — oo with probability 1, we have the
desired result for Theorem 1.

A.4. Proof of Theorem 2

Let S = {S;};>1 be a strictly stationary stochastic process on a probability space (€2, F, P) and
set ]—',i =0(S, ..., S)). Define the «-mixing coefficients forn =1, 2,3, ... as

a(n)y=sup  sup |P(ANB)— P(A)P(B)|.

k=1 AeFt BeF,

The process S is said to be strongly mixing if a(n) — 0 as n — oo. It is easy to see that Harris
ergodic Markov chains are strongly mixing; see, for example, Jones [35].

Theorem 5 (Kuelbs and Philipp [42]). Ler f(S1), f(S2), ... be an RP-valued stationary pro-
cess such that Er|| f]|>T < oo for some 0 <8 < 1. Let af(n) be the mixing coefficients of the
process { f (S1)}1>1 and suppose, as n — 00,

ap(n)= O(n_(l+8)(1+2/5)) fore > 0.

Then there exists a p-vector 0y, a p X p lower triangular matrix L ¢, and a finite random variable
Dy, such that, with probability 1,

> F(X)) —nbp = LyBm)| < Dpn'?7 (A.30)

t=1

for some )y > 0 depending on ¢, §, and p only.
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Corollary 4. Let Er|| f||*% < oo for some § > 0. If X is a polynomially ergodic Markov chain
of order &€ > (1 + &)(1 +2/8) for some ¢ > 0, then (A.30) holds for any initial distribution.

Proof. Let o be the mixing coefficient for the Markov chain X = {X;};>1 and s be the mixing
coefficient for the mapped process { f (X;)};>1. Then the elementary properties of sigma-algebras
[cf. Chow and Teicher [8], p. 16] shows that a r(n) < c(n) for all n. Since X is polynomially
ergodic of order £ we also have that o (n) < ErMn~—¢ forall n and hence if &€ > (1+¢)(1+2/8),
then af(n) < EpMn~% = O(n~178)(1+2/9)) The result follows from Theorem 5 and thus the
strong invariance principle as stated, holds at stationarity. A standard Markov chain argument
(see, e.g., Proposition 17.1.6 in Meyn and Tweedie [45]) shows that if the result holds for any
initial distribution, then it holds for every initial distribution. (|

Proof of Theorem 2. Since Er|g||**® < oo implies Er||g||*® < oo and X is a polynomially
ergodic Markov chain of order £ > (1 4 ¢)(1 4+ 2/5) we have from Corollary 4 that an SIP holds
such that

n
Zg(Xt) —nb —LB(n)| < Dn'/?7s

t=1

for some A, > 0 depending on ¢, §, and p only.
Since Er||g||*t? < o0 implies Er||h |27 < coand X isa polynomially ergodic Markov chain
of order £ > (1 + ¢)(1 +2/8) we have from Corollary 4 that an SIP holds such that

n
> h(X,) = ny — Ly B(n) | < Dyn'/>~n

t=1

for some A;, > 0 depending on ¢, §, and p only.
Setting A = min{A, A;,} shows that (2.3) and (2.4) hold with

W) =yu(n) =n'2,

The rest now follows easily from Theorem 1. (]
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