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There exist very few results on mixing for non-stationary processes. However, mixing is often required in
statistical inference for non-stationary processes such as time-varying ARCH (tvARCH) models. In this
paper, bounds for the mixing rates of a stochastic process are derived in terms of the conditional densities
of the process. These bounds are used to obtain the «, 2-mixing and S-mixing rates of the non-stationary
time-varying ARCH(p) process and ARCH(o0) process. It is shown that the mixing rate of the time-varying
ARCH(p) process is geometric, whereas the bound on the mixing rate of the ARCH(co) process depends
on the rate of decay of the ARCH(oco) parameters. We note that the methodology given in this paper is
applicable to other processes.

Keywords: 2-mixing; absolutely regular (8-mixing) ARCH(o0); conditional densities; strong mixing
(o-mixing); time-varying ARCH

1. Introduction

Mixing is a measure of dependence between elements of a random sequence that has a wide
range of theoretical applications (see [7] and below). One of the most popular mixing measures
is a-mixing (also called strong mixing), where the «-mixing rate of the non-stationary stochastic
process {X;} is defined as a sequence of coefficients o (k) such that

(k) = sup sup |[P(GNH)— P(G)P(H)|. (1)
teZ Heo(X:,Xi—1,...)
Geo (Xitks Xitk+15---)

{X;} is called o-mixing if «(k) — 0 as k — co. ¢-mixing has several applications in statistical
inference. For example, if {«(k)} decays sufficiently fast to zero as k — oo, then, among other
results, it is possible to show asymptotic normality of sums of {X} (see [12], Chapter 24), as
well as exponential inequalities for such sums (see [4]), asymptotic normality of kernel-based
nonparametric estimators (see [4]) and consistency of change point detection schemes of non-
linear time series (see [16]). The notion of 2-mixing is related to strong mixing, but is a weaker
condition as it measures the dependence between two random variables and not the entire tails.
2-mixing is often used in statistical inference, for example, deriving rates in nonparametric re-
gression (see [4]). The 2-mixing rate can be used to derive bounds for the covariance between
functions of random variables, say cov(g(X;), g(X,+k)) (see [24]), which is usually not possible
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when only the correlation structure of {X} is known. The 2-mixing rate of {Xj} is defined as a
sequence & (k) which satisfies

a(ky=sup sup |P(GNH)— P(G)P(H)|. )
teZ Heo(X;)
Geo (Xitk)

It is clear that a(k) < a(k). A closely related mixing measure, introduced in [39] is S-mixing
(also called absolutely regular mixing). The S-mixing rate of the stochastic process {X;} is de-
fined as a sequence of coefficients B(k) such that

B(k) = sup sup Y D IP(GinH)) — P(G)P(H)), 3)

teZ  {Hj}eo (X;, Xi-1,...) j
{Gjteo (Xetks Xith+15-+-)

where {G;} and {H;} are finite partitions of the sample space Q2. {X;} is called B-mixing if
B(k) — 0 as k — oo. It can be seen that this measure is slightly stronger than o-mixing (since
an upper bound for §(k) immediately gives a bound for « (k) due to the fact that §(k) > a(k)).

Despite the versatility of mixing, its main drawback is that, in general, it is difficult to derive
bounds for a(k), a(k) and B(k). However, the mixing bounds of some processes are known.
Chanda [9], Gorodetskii [20], Athreya and Pantula [1] and Pham and Tran [32] show strong
mixing of the MA(o0) process. Feigin and Tweedie [13] and Pham [31] have shown geometric
ergodicity of bilinear processes (we note that stationary geometrically ergodic Markov chains
are geometrically o-mixing, 2-mixing and S-mixing; see, e.g., [14]). More recently, Tjostheim
[38] and Mokkadem [30] have shown geometric ergodicity for a general class of Markovian
processes. The results in [30] have been applied in [6] to show geometric ergodicity of stationary
ARCH(p) and GARCH(p, ¢q) processes, where p and g are finite integers. Related results on
mixing for GARCH(p, g) processes can be found in [8,25,26,35] (for an excellent review) and
[14,27] (where mixing of ‘nonlinear’ GARCH(p, q) processes is also considered). Most of these
these results are proved by verifying the Meyn—Tweedie conditions (see [13] and [28]) and, as
mentioned above, are derived under the premise that the process is stationary (or asymptotically
stationary) and Markovian. Clearly, if a process is non-stationary, then the aforementioned results
do not hold. Therefore, for nonstationary processes, an alternative method to prove mixing is
required.

The main aim of this paper is to derive a bound for (1), (2) and (3) in terms of the den-
sities of the process plus an additional term, which is an extremal probability. These bounds
can be applied to various processes. In this paper, we will focus on ARCH-type processes and
use the bounds to derive mixing rates for time-varying ARCH(p) (tvARCH) and ARCH(o0)
processes. The ARCH family of processes is widely used in finance to model the evolution of
returns on financial instruments; we refer the reader to the review article of [18] for a comprehen-
sive overview of mathematical properties of ARCH processes and a list of further references. It is
worth mentioning that Hérmann [23] and Berkes et al. [3] have considered a different type of de-
pendence, namely a version of the m-dependence moment measure, for ARCH-type processes.
The stationary GARCH(p, ¢) model tends to be the benchmark financial model. However, in
certain situations, it may not be the most appropriate model. For example, it cannot adequately
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explain the long memory seen in the data or change according to shifts in the world economy.
Therefore, attention has recently been paid to tvARCH models (see, e.g., [11,15,16,29]) and
ARCH(00) models (see [17,19,33,37]). The derivations of the sampling properties of some of
the aforementioned papers rely on quite sophisticated assumptions on the dependence structure,
in particular, on their mixing properties.

We will show that, due to the p-Markovian nature of the time-varying ARCH(p) process, the
a-mixing, 2-mixing and B-mixing bounds have the same geometric rate. The story is different for
ARCH(00) processes, where the mixing rates can be different and vary according to the rate of
decay of the parameters. An advantage of the approach presented in this paper is that these meth-
ods can readily be used to establish mixing rates of several time series models. This is especially
useful in time series analysis, for example, change point detection schemes for nonlinear time
series, where strong mixing of the underlying process is often required. The price we pay for the
flexibility of our approach is that the assumptions under which we work are slightly stronger than
the standard assumptions required to prove geometric mixing of the stationary GARCH process.
However, the conditions do not rely on proving irreducibility (which is usually required when
showing geometric ergodicity) of the underlying process, which can be difficult to verify.

In Section 2, we derive a bound for the mixing rate of general stochastic processes, in terms of
the differences of conditional densities. In Section 3, we derive mixing bounds for time-varying
ARCH(p) processes (where p is finite). In Section 4, we derive mixing bounds for ARCH(c0)
processes. Proofs which are not in the main body of the paper can be found in the Appen-
dix and the accompanying technical report, available at http://stats.Ise.ac.uk/fryzlewicz/mixing/
tvARCH_mixing.pdf.

2. Some mixing inequalities for general processes
2.1. Notation

For k > 0, let X' ™* = (X;,..., X,—); if k <0, then X% =0. Let y; = (ys, ..., y0). Let || - |
denote the £1-norm. Let 2 denote the sample space. The o-algebra generated by X;, ..., X;4,
is denoted 7/, =0 (X;, ..., X;4/).

2.2. Some mixing inequalities

Let us suppose that { X;} is an arbitrary stochastic process. In this section, we derive some bounds
for a(k), a(k) and B (k). To do this, we will consider bounds for

sup |[P(GNH)— P(G)P(H)| and

—
Hej:r " ,G€.7'—rl1£(+,.2

sup Y IP(Gi N Hj) — P(G)P(H,)l,

f— ..
Hj)eF " (GeF I, i
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where 1, r > 0 and {G;} and {H;} are partitions of 2. In the proposition below, we give a bound
for the mixing rate in terms of conditional densities. Similar bounds for linear processes have
been derived in [9] and [20] (see also [12], Chapter 14). However, the bounds in Proposition 2.1
apply to any stochastic process and it is this generality that allows us to use the result in later
sections, where we derive mixing rates for ARCH-type processes.

Proposition 2.1. Let us suppose that the conditional density of X' ttj_]f{ 4, Iven X t,_” exists and
denote it as f . i—r . Forn = (0o, ..., 1) € RTY1TL define the set
£;+k+r2 |£t -
E:{w;&tt_r‘(w)eé'}, where € ={(vo, ..., v,); forall |vj| <nj}. @)

Forall ri,ry >0 and n, we then have

sup I[P(GNH)— P(G)P(H)|
HeF, ™ GeF[i,,
(5)
=2 iy — L (]0)| dy + 4P(E€
- ;‘QE/R,.Zfo,m,zx, 1@ = fyr o (10| dy +4P(E)
and
sup > IP(Gi N Hj) — P(G)P(H))|
(Hj)eF, NG YeF Ty, 1
(6)

< 2/ sup|fxt+k X YIxX) = fyr
R 2T

+kooy
ntl ye& Skt L ttktry 12

1 (y10)|dy +4P(E),

where {G;} and {H;} are finite partitions of Q. Letting Eii,](_l be a random vector that is
1—r

independent of X', ', we then have

sup |IP(GNH)— P(G)P(H)|
Hej:lfirl ’ G€‘7_—;‘Illc(+r2
. (7
2
<2 Z sup Ew( sup / Dy it Yslys—1, W, x) dys> +4P(E)
=0 xe€ ys—1€RS JR -
and
sup ZIP(GiﬁHj)—P(Gi)P(Hj)I
(HjYeF MG eF Iy, i
(8

rn
SZZEW< sup /Sust,k,t(yslzs_l,E&)dys>+4P(E"),
=0 X.PlElRJ Rxe&
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where Ew (g(W)) = [gw) fw(w)dw, fw(w) is the density of w, Dok.(yoly-1,w,x) =
[ fs ke (slw, X) — fo ket (vslw, 0)| and, for s > 1,

Ds,k,t(.)’s |Xsfl S W, X) = }fs,k,t(ys |Xs71 S W, X) — fs,k,t()’s|zs71 s W, 0)’ ©))
with the conditional density of X;4x given (Eii}c—l’ Xtt_”) denoted fo ., the conditional
density of Xiik+s given (X;Li‘ﬂ_l,Eiili_l,zt;”) denoted fs i, x = (x0,...,X_p,) and
ﬂz(wk, ""wl)'

Proof. This can be found in Appendix A.1. (]

Since the above bounds hold for all vectors 77 € (RT)"1+! (note that 1 defines the set E; see
(4)), by choosing the 1 which balances the integ;al and P(E°), we obtain an upper bound for the
mixing rate. -

The main application of the inequality in (7) is to processes which are ‘driven’ by the in-
novations (e.g., linear and ARCH-type processes). If Eiﬁ_l is the innovation process, it
can often be shown that the conditional density of X, 4, given (X I’Lf 1 Eﬁi}(_l, X'
can be written as a function of the innovation density. Deriving the density of X, 4, given
(X tti];c s—10 w;ill—l’ X tt_r') is not a trivial task, but it is often possible. In the subsequent sec-
tions, we will apply Proposition 2.1 to obtain bounds for the mixing rates.

The proof of Proposition 2.1 can be found in the Appendix, but we give a brief outline of it

here. Let

H={o: X" eH), G={o: Xk, (@) eg). (10)
It is straightforward to show that |P(G N H) — P(G)P(H)| <|P(GNHNE)—-PGN
E)P(H)| + 2P(E€). The advantage of this decomposition is that when we restrict X tt_” to
the set £ (i.e., not large values of X’,_”), we can obtain a bound for |P(GNHNE) — P(GN
E)P(H)|. More precisely, by using the inequality

inf P(GIX "' =x)P(HNE)< P(GNHNE) =sup P(GIX," =x)P(H N E),
xe xe&

we can derive upper and lower bounds for P(GNH N E) — P(G N E) P(H) which depend only
on E and not H and G, and thus obtain the bounds in Proposition 2.1.

It is worth mentioning that by using (7), one can establish mixing rates for time-varying linear
processes (such as the tvMA (o0o) process considered in [10]). Using (7) and techniques similar
to those used in Section 4, mixing bounds can be obtained for the tvMA (oc0) process.

In the following sections, we will derive the mixing rates for ARCH-type processes, where one
of the challenging aspects of the proof is establishing a bound for the integral difference in (9).
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3. Mixing for the time-varying ARCH(p) process

3.1. The tvARCH process

In [15], it is shown that the tvARCH process can be used to explain the commonly observed
stylized facts in financial time series (such as the empirical long memory). A sequence of random
variables {X;} is said to come from the squares of a time-varying ARCH(p) process if it satisfies
the representation

p
X, =27 (ao<z>+2a,»(r>x,,»), (11)

J=1

where {Z;} are independent, identically distributed (i.i.d.) positive random variables, where
E(Z;) =1 and a;(-) are positive parameters. It is worth comparing (11) with the squared
tvARCH process used in the statistical literature. Unlike the squared tvARCH process con-
sidered in, for example, [11] and [15], we have not placed any smoothness conditions on the
time-varying parameters {a;(-)}. The smoothness conditions assumed in [11] and [15] are used
in order to carry out parameter estimation. However, in this paper, we are dealing with mixing
of the process, which does not require such strong assumptions. The assumptions that we re-
quire are stated below. From now on, with a slight abuse of terminology, we will call the squared
tvARCH process simply the tvARCH process.

Assumption 3.1. (i) For some § > 0, sup,y, Zle aj(t) <1-4.

(i) inf;ez ap(t) > 0 and sup, 7 ap(t) < oo.

(iii) Let fz denote the density of Z;. For all a > 0, we have f | fzw)— fzu[l4+al)|du < Ka
for some finite K independent of a.

(iv) Let fz denote the density of Z;. For all a > 0, we have fsupo<r<a | fzWm) — fz(u[l +
t])|du < Ka for some finite K independent of a. o

We note that Assumption 3.1(i)—(ii) guarantees that the ARCH process has a Volterra expan-
sion as a solution (see [11], Section 5). Assumption 3.1(iii)—(iv) is a type of Lipschitz condition
on the density function and is satisfied by various well-known distributions, including the chi-
squared distributions. We now consider a class of densities which satisfy Assumption 3.1(iii)—
(iv). Suppose that f/ is bounded, that after some finite point m the derivative f’ declines
monotonically to zero and satisfies | lyf,(y)|dy < oo. In this case,

/0 sup |fz(u) — fzu[l+t])|du

0<t<a

S/O sup Ifz(u)—.fz(u[1+f])|du+/ sup | fz(u) — fz(u[l +7])|du

0<t<a m 0<t<a

5a<m2 suplfé(u)|+/oou|fé(u)ldu> <Ka

uelR m
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for some finite K independent of @, hence Assumption 3.1(iii)—(iv) is satisfied.

We use Assumption 3.1(i)—(iii) to obtain the strong mixing rate (2-mixing and «-mixing) of
the tvARCH(p) process, and the slightly stronger conditions Assumption 3.1(i)—(ii) and (iv) to
obtain the B-mixing rate of the tvARCH(p) process. We mention that in the case that {X,} is
a stationary, ergodic time series, [14] have shown geometric ergodicity, which they show im-
plies S-mixing, under the weaker condition that the distribution function of {Z;} can have some
discontinuities.

3.2. The tvyARCH(p) process and the Volterra series expansion

In this section, we derive a Volterra series expansion of the tvARCH process (see also [17]).

These results allow us to apply Proposition 2.1 to the tvARCH process. We first note that the in-

t—p+i . . . .
P+ are independent random vectors. Hence, comparmg with Proposi-

t—p+1

t+
novations Z +k jand X,
tion 2.1, we are interested in obtaining the conditional density of X, given Z'* Z,. k  and X,

(denoted fo « ;) and the conditional density of X444 given X ;_:’; YA zi+l k-1 and X, I-p H (de-
noted fs x.:). We use these expressions to obtain a bound for Dy ; ; (defined in (9)), Wthh we
use to derive a bound for the mixing rate. We now represent {X,} in terms of {Z,}. To do this, we

define

aMZ, ax)Z, ... apt)Z ar(t) ax(®) ... ap()
1 0 0 1 0 0
A = 0 1 0 , A = 0 1 0 ;
0 0 1 0 0 0 1 0

b, = (a0(0Z,0,...,0) and  X{"T = (X Xeo1, o Xempy) s
Using this notation, we have the relation X, [+k Pl _ = A X ttil;__ﬁ + b, - We note that the vec-
tor representation of ARCH and GARCH processes has been used in [2,5,36] in order to obtain
some probabilistic properties for ARCH-type processes. Now iterating, the relation k times (to

k—p+1 . 1
get X' APt =Pty we have

ik in terms of X,

k—2[r—1

t+k—p+1 t +1

X! —bz+k+§:|:l_[At+k l:| Ot k—r— 1+|:HAt+k z] LA
r=0Li=0

where we set []_[l_ =10 Ai1x—il =1, (I, denotes the p x p-dimensional identity matrix). We use
this expansion below.

Lemma 3.1. Let us suppose that Assumption 3.1(1) is satisfied. For s > 0, we then have

Xithts = Ziqhys{Ps k1 (Z) + Qs k1 (X))}, (12)



Mixing time-varying ARCH processes 327

Z;i,i, for s =0 and n > t, we have POk,(Z) = ao(t + k) + [AH_/{ X

Y Ty Avkeibrk—r—111. Qo (X = [Ara [TEZ) Arsr—i X711 (111 denotes the
first element of a vector).
For1<s<p,

where 7 =

s—1
Poki(Z) =ao(t +k+5)+ Y _ai(t +k+$)Xryxpsi
i=1

p
+ D ai(t k4 ) Zis—i

i=s

X {ao(t—i-k—i-s—i) (13)

r=1 Ud=0

k—+s—i r
+ |:At+k+s—i Z {H At+k+s—i—d}bt+k+s—i—r] }
1

k+s—i
1
Qs,k,t(gvz): |:Zal(t+k+s)zk+s tAt+k+s 1{ 1_[ At+k+s i— dXt Pt }:|
1

d=0

1=s

and for s > p, we have Psy(Z) = ao(t + k + 5) + Zl (@it +k + 5)Xiypts—i and
Qs k.t (Z,X) = 0. We note that ’PS k.t () and Qy k.1 (-) are positive random variables and for
s > 1, Ps k.1 () is a function of X +k s (but this has been suppressed in the notation).

Proof. This is found in Appendix A.2. (]

1+1
t+k+Y 1 Zigi—1
and Kt, PFL s a function of the density of Z;yr4s. It is clear from (12) that Z; ;44 can be

expressed as Z;j4s = P (Z))(ré?}(,, zZ5" Therefore, it is straightforward to show that

By using (12), we now show that the conditional density of X, s given X' T

1 Vs
s s1Ys—15%, = . 14
JoktOslys-1:2:.0) Ps,k,t<g)+Qs,k,,<g,£)fz<7>s,k,z<g>+Qs,k,,@,g)) (14

3.3. Strong mixing of the tyARCH(p) process

The aim of this section is to prove geometric mixing of the tyARCH(p) process without ap-
pealing to geometric ergodicity. Naturally, the results in this section also apply to stationary
ARCH(p) processes.

In the following lemma, we use Proposition 2.1 to obtain bounds for the mixing rates. It is
worth mentioning that the techniques used in the proof below can be applied to other Markov
processes.
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Lemma 3.2. Suppose that {X,} is a wvARCH process which satisfies (11). For any n =
(10, - - - N—p+1) € (R)P, we then have

sup |[P(GNH)— P(G)P(H)|
GeFith HeF >

p—1
52281113/1@2( sup /RDs,k,t(yslzsl,Z,ﬁ)dys) 15)

s—0 X€€ Ys—1€RS
p—1
+4Y P(Xi—jl = n-j41)
j=0
and
sup Y IP(Gi N H;j) — P(Gi)P(H,)|
{Hj)eF > {GjyeFEk i §
p—1
<2y supEz( sup / sup Dy k.t (Vs|ys—1, Z, X) dys) (16)
i xe& ys—1€R* JR xe€
p—1
+4Y P(Xi—jl = n-j40).
j=0

where z = (21, ...,2k—1) and {G;} and {H;} are partitions of Q and Ez(g(2)) = fg(g) X
Hf:ll fz(zi)dz;.

Proof. This can be found in Appendix A.2. ]

To obtain a mixing rate for the tvARCH(p) process, we need to bound the integral in (15),
then obtain the set £ which minimizes (15). We will start by bounding D; x ;, which, we recall,
is based on the conditional density f;  ; (defined in (14)).

Lemma 3.3. Let D; i and Qi i be defined as in (9) and (13), respectively.

(i) Supposing that Assumption 3.1(i)—(iii) holds, then for all x € (R*)?, we have

p—1

E[Qs k. (Z, x)]
Z/EZ( sup /Ds,k,t(ys|zs—l7z7 {) dys> < KM
s=0

ys—1€RS inf;ez aop(t)
- - (17)
<K -=8)"xI,

where K is a finite constant and 0 < §<8<1(@is defined in Assumption 3.1(1)).
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(ii) Supposing that Assumption 3.1(1)—(ii) and (vi) hold, then for any set £ (defined as in (4)),

we have
p—1
ZE;< sup / sup Dy k1 (Vs|ys—1, Z, X) dys> <supK(1—8xll.  (18)
$—=0 ys—1€RS J xe& xe€
Proof. This can be found in Appendix A.2. (]

We now use the lemmas above to show geometric mixing of the tvARCH process.

Theorem 3.1. (i) Supposing that Assumption 3.1(1)-(iii) holds, then

sup  |P(GNH)—P(G)P(H)| < Kd.
Geo(X'$h)
Heo (X7%)

(i) Supposing that Assumption 3.1(1)—(ii) and (iv) hold, then

sup Y D |P(GiNHj)— P(Gi)P(H))| < Ka*
{Hj}eoX7™) i
(G jleo (XEh)

forany /1 — 8 <a < 1, where K is a finite constant independent of t and k.

Proof. We will use (15) to prove (i). Equation (17) gives a bound for the integral differ-
ence in (15); therefore, all that remains is to bound the probabilities in (15). To do this, we
first use Markov’s inequality, to give Z;:é P(Xi—jl =n-)) < Zf;é IE|X,_.,~|17:}. By us-
ing the Volterra expansion of X, (see [11], Section 5), it can be shown that sup,.; E|X;| <
(sup;czao(t))/(1 — sup,cy, Zleaj (t)). Using these bounds and substituting (17) into (15)
gives, for every n € (R™)?, the bound

~ -1 -1
K(1 =8k P~ n_; Pzl
sup |P(GNH)—P(G)P(H)| <2—— 20 ’+4KZ—.
Geo (X'3) inf; ez ao(t) =0 n—j

Heo(X7™)

We observe that the right-hand side of the above is minimized when 7_ j=1-= S)k/ 2 (for 0 <
j < (p — 1)), which gives the bound

sup  |[P(GNH)— P(G)P(H)| <Ky (1—5)*.

Heo (X;%)
Geo(X'Eh

Since the above is true for any 0 < 5 <38, (ii) is true for any o which satisfies /1 —8§ <o < 1,
thus giving the result.
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To prove (ii), we use an identical argument, but using the bound in (18) instead of (17). We
omit the details. O

Remark 3.1. We observe that K and « defined in the above theorem are independent of 7. There-
fore, under Assumption 3.1(i)—(iii), we have o (k) < K ok (o-mixing, defined in (1)) and under
Assumption 3.1(i)—(ii) and (iv), (k) < Kok (B-mixing, defined in (3)) forall /1 — 6 < < 1.

Moreover, since o (X; k) C 0 (X4k, ..., Xryp—1) and o(X;) Co(Xy, ..., X;—py1), the 2-
mixing rate is also geometric with @ (k) < Ko (@(k) defined in (2)).

4. Mixing for ARCH(oc0) processes

In this section, we derive mixing rates for the ARCH(oc0) process. We first define the process and
state the assumptions that we will use.

4.1. The ARCH(o0) process

The ARCH(00) process has many interesting features, which are useful in several applications.
For example, under certain conditions on the coefficients, the ARCH(oco) process can exhibit
‘near long memory’ behaviour (see [17]). The squares of the ARCH(oco) process satisfy the
representation

o
Xt=z,(ao+2ajxtj>, (19)

j=1

where Z; are i.i.d. positive random variables with [&(Z;) =1 and a; are positive parameters.
With a slight abuse of terminology, we will call the squared ARCH(co) process an ARCH(oc0)
process. It is worth mentioning that the GARCHY(p, ¢g) process has an ARCH(o0) representation,
where the a; decay geometrically with j. Giraitis and Robinson [19], Robinson and Zaffaroni
[34] and Subba Rao [37] consider parameter estimation for the ARCH(oo) process.

We will use Assumption 3.1 and the assumptions below.

Assumption 4.1. (i) We have 332 aj <1— 8 and ag > 0.
(ii) For some v > 1, E|X;|" < oo (we note that this is fulfilled if[E|Z(‘)’|]]/” Z?‘;l aj <1).

Giraitis et al. [17] have shown that under Assumption 4.1(i), the ARCH(co) process has a
stationary solution and a finite mean (i.e., sup, .z E(X;) < 00). It is worth mentioning that since
the ARCH(o0) process has a stationary solution, the shift ¢ plays no role when obtaining mixing
bounds, that is, SUPGey(x,,,), Heo(x,) |P(GC N H) — P(G)P(H)| = SUPGeq(xy), Heo (Xo) 1P (G N
H) — P(G)P(H)|. Furthermore, the conditional density of X;,; given Z;Li_l and X7 is not
a function of ¢. Hence, in the section below, we let fj x denote the conditional density of X4

given (Z;I}(_l and X;°°) and for s > 1, let f; ; denote the conditional density of X, 1 given

t+k t —00
(X ks —10 Zpg—1 and X370,
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4.2. The ARCH(o0) process and the Volterra series expansion

We now write X in terms of Z,l_ ; and X = (Xo, X1, ...) and use this to derive the conditional
densities fo x and f . It can be seen from the result below (equation (20)) that, in general, the
ARCH(00) process is not Markovian.

Lemma 4.1. Suppose that {X,} satisfies (19). Then

Xk =Poi(D) Zk + Qox(Z, X) Zk, (20)

where

Po,k(Z)=[ao+Xk: 2. (ﬁa""“_"’><m_lzﬁ>}

m=1k=j,>-->j1>0 \i=1 i=1

k k m—1 m—1
Qor(Z 1) = z{z 5 (n ) (n z],.)}d,@.
r=1 Um=1lk=j,>->ji=r \i=1 i=1

Furthermore, setting Qox = 0 for k > 1, we have that Qo (Z,X) satisfies the recursion
Qok(Z,X) = Z?:l a;jQok—j(Z, X) Zi—j +dx(X), where dy(X) = 3 52 g ar4j X~ j (fork > 1).

Proof. This can be found in Appendix A.3 of the technical report. (|
We will use the result above to derive the 2-mixing rate. To derive « and 8 mixing, we require
the density of X given X 1;{ 10 Z}C_l and X 6°°, which uses the following lemma.

Lemma 4.2. Suppose that {X,} satisfies (19). For s > 1, we then have

Xits = Zips{Psk (2) + Qs 1k (Z, X))},

s o0
where Psx(Z) =ao+ Y ajXirs—j+ Y jZkps—iPorrs—j(2),  (22)

j=1 j=s+1
k+s
Qi(Z.X)= Y ajZips—jQosts—j(Z. X) + digs (X).
Jj=s+1
Proof. This can be found in Appendix A.3 of the technical report. (]
Using (20) and (22), for all 5 > 0, we have that Ziis = 5kt which leads to the

.. .. — Pok(D+Q5k(Z2.X)°
conditional densities

1 Vs
s s1Ys—1,5%, = . 23
JekOelys-1.2.0) Ps,k<g)+Qs,k@,@fz(ﬂ,k(gwQs,k@,g)) &)
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In the proofs below, Qo x (1,_, x) plays a prominent role. By using the recursion in Lemma 4.1
and (23), setting x = KBOO and noting that E(Q; x(Z, x)) = Qs x(1,_;, x), we obtain the recur-
sion Qor(1;_1,x) = 21;21 aj1s0k—j (lkfjfl , X) + dr+5(x). We use this to obtain a solution
for Qo x(1;_;,x) in terms of {di(x)} in the lemma below.

Lemma 4.3. Suppose that {X;} satisfies (19) and Assumption 4.1 is fulfilled. There then ex-
ists {j} such that for all |z| < 1, we have (1 — Z alzf) ! Z i—0 1//]z Furthermore,
lfz |j%aj| < oo, then [22] have shown that Z |] wj| < 00. For k' < 0, set di(x) =0 and
Qo k(lk 1:X)=0.Fork>1, Qoxr(1;_ 1,&) then has the solution

k—1
Qoi(ly_y, %)= Zw,dk ,(x)—ijdk ,(x)—Zw,{Zak ]+,x_} (24)

j=0 j=0 j=0 i=0

where x = (x9, X—1,...).

Proof. This appears in Appendix A.3 of the technical report. |

4.3. Mixing for ARCH(oc0) processes

In this section, we show that the mixing rates are not necessarily geometric and depend on the
rate of decay of the coefficients {a;} (we illustrate this in the following example). Furthermore,
for ARCH(oco) processes, the strong mixing rate and 2-mixing rate can be different.

Example 4.1. Let us consider the ARCH(co) process, {X;}, defined in (19). Giraitis et al.
[17] have shown that if a; ~ j=(*% (for some § > 0) and [E(Z2)]!/? Y%21aj <1, then
|cov(Xg, Xp)| ~ k™ (14+8) That is, the absolute sum of the covariances is finite, but ‘only just’
if 6 is small. If Z, < 1, it is straightforward to see that X; is a bounded random variable and by
using Ibragimov’s inequality (see [21]), we have

|cov(Xo, Xi)| = C sup |[P(ANB) — P(A)P(B)]
A€o (Xg),Beo (Xk)

for some C < oo. Noting that |cov(Xp, Xi)| = Ok~—1+9)y  this gives a lower bound of
O(k~1+%) on the 2-mixing rate.

To obtain the mixing rates we will use Proposition 2.1, this result requires bounds on D =
| fs.k (Vs |Xs—1 » %, X)— fs,k()’slzs—l »Zs 0)| and its integral.

Lemma 4.4. Suppose that {X,} satisfies (19) and let Dy x and Qo k(-) be defined as in (9) and
(21), respectively. If Assumptions 3.1(iii) and 4.1 are fulfilled, then

Ez( / ok O1Z. ) — for(H1Z.0) dy)

i (25)

_M ZW/ {Zak /_Hx_}
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and, for s > 1,

]EZ( sup /Ds,k(yslls—l»Zvi)dys>

Ys—1 eR*
(26)
1 k+s k+s—j
< — _ _
= { Z aj Z [y Zak+v j—l+iX—i + Zak+v+1x }
Jj=s+1
If Assumptions 3.1(iv) and 4.1 are fulfilled and £ is defined as in (4), then
Ez( sup / sup Dy k (¥sys—1, Z, x) dy5>
Ys—1€RS xe&
27
k+s k+s—j
= _{ Z aj Z [ ZakJrs j-l4in—i + Zak+s+l77 z}
j=s+1
where x = (xo, Xx_1, ...) is a positive vector.
Proof. This can be found in Appendix A.3 of the technical report. (I
We require the following simple lemma to prove the theorem below.
Lemma 4.5. If{ci}, {d;} and {n—;} are positive sequences, then
o

=0 i=0

Proof. This appears in Appendix A.3 of the technical report. (]

In the following theorem, we obtain «-mixing and B-mixing bounds for the ARCH(oc0)
process.
Theorem 4.1. Suppose that {X,} satisfies (19).

(a) Suppose Assumptions 3.1(iii) and 4.1 hold. We then have

sup |[P(GNH)— P(G)P(H)|
GeFk HeF; ™

0o k+s k+s—j

<K<v>2[ o> aq Z Wik —j—i+i (29)

s=0 j=s+1

1 v/(v+1)
4 — a . ElXql" l/(v+l)’
aOZ k+s+,] [E[Xo]"]
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where K (v) = 3(p1/0+v) 4 —v/(+D)y
() 1f the paramerers of the ARCH(00) process sarisfy |a;| ~ = and 151 ~ j (¥
defined in Lemma 4.3), then we have

sup  [P(GNH)— P(G)P(H)| <K - [k(k+ 1) 4 (k+ 1)+,
Ge]—'go,Hej-'O’oo
where § =8 x (v—f’H).
(i) If the parameters of the ARCH(oo) process satisfy |aj| ~ 8/ and Y~ 87, where
0 <8 < 1 (an example is the GARCH(p, q) process), then we have

sup |P(GNH)— P(G)P(H)| <C k- 82,
GeFk, HeF®

where C is a finite constant.
(b) If Assumptions 3.1(iv) and 4.1 hold, then we have

sup Y Y IP(GiNH)) — P(Gi)P(H))|
(GieFh (Hj}eFy™ 1

oo k+s k+s—j

sK(v)Zoj[alOZ S Y Wilakrs—joisi (30)

s=0 j=s+1 1=0
1 00 v/(v+1)
+ o Zamﬂ} [E[Xo["]"/*Y,
s=0

where {G;} and {H;} are partitions of Q2. We mention that the bounds for the a-mixing
rates for different orders of {a;} and {1 ;} derived in (i) also hold for the B-mixing rate.

Proof. We first prove (a). We use the fact that

sup  |P(GNH) = P(G)P(H)| = lim sup HeFy |P(GNH)— P(G)P(H)

GeFk HeF;™ GeFf,,

and find a bound for each n. By using (5) to bound sque]_-lf+ HEF;™ |[P(GNH)— P(G)P(H)]|,
we see that for all sets £ (as defined in (4)), we have

sup |[P(GNH)— P(G)P(H)|
GeFf,, HeF ™

SQSUPZEZ< sup {/,Ds,k(yxlelevﬁ)dys}> (31)

xe& =0 Ys—1€RS

+4P(Xg>noor, ..., Xy >n_y).
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To bound the integral in (31), we use (26) to obtain

n
supZE;< sup /Ds,k(ys|Xs—laZa£)dys>

ys—1€RS JR

n k+s k+s—j
S DILTD SUID IUHEEIRED S }

s=0 Uj=s5+1

Now, by using Markov’s inequality, we have that P(Xo > noor,..., X, > n—,) <
Yo E(lx ' ) . Substituting this and the above into (31) and letting n — oo gives
sup |[P(GNH)— P(G)P(H)|
GeFk, HeF;™

X k+s kts—j
Sir';f[%Z{ Z aj Z |Wl|zak+s J—l+il—i (32)

s=0 U j=s+1

o oo
+ Zak+s+ini} +4E|Xo/" Z’?_?]’
i=0

i=0

where n = (9o, N—1,...).

We now use (28) to minimize (32), which gives us (29). The proof of (i) can be found in the
technical report. It is straightforward to prove (ii) using (28).

The proof of (b) is very similar to the proof of (a), but uses (27) rather than (26). We omit the
details. O

Remark 4.1. Under the assumptions of Theorem 4.1(a), we have a bound for the «-mixing

rate, that is, a(k) < ¢(k), where ¢(k) = K[% Yoo lefiiﬂaj Zf:g_j [Vilakqs—j—1+i +

% 3% 0 @kts+i1”/ TV, Under the assumptions of Theorem 4.1(a), the B-mixing coefficient is

bounded by B(k) < ¢ (k).
In the following theorem, we consider a bound for the 2-mixing rate of an ARCH(co) process.

Theorem 4.2. Suppose that {X,} satisfies (19) and that Assumption 3.1(iii) and 4.1 hold. We
then have

sup |[P(GNH)— P(G)P(H)|
Geo(Xp) HeFy™

k=1 v/(v+1)
<K(U)Z|: Za]|1/f]|ak J+lj| []E|X0|U]l/(u+1)’

j=0

(33)

where K (v) = 3(v1/(1+v) + va/<u+1>).
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If the parameters of the ARCH(00) process satisfy aj ~ % and [ ~ e (Y defined in
Lemma 4.3), then we have

sup |P(GNH)— P(G)P(H)| <K -k(k +1)~+!, (34)
Geo (X)), HeF;™

where § = § x (ﬁ).

Proof. We use a similar proof to that of Theorem 4.1. The integral difference is replaced with
the bound in (25) and we again use Markov’s inequality: together they give the bound

sup |[P(GNH)— P(G)P(H)|
Geo (Xy),HeF; ™

1 k—1 oo 00 1
sigf[z%Dw{Zak%m_i} +4E|Xo]" ) }
- j=0 i=0 i=0

— Y,

(35)

Finally, to obtain (33) and (34), we use (35) and a proof similar to that of Theorem 4.1(i). We
omit the details. O

Remark 4.2. Comparing (34) and Theorem 4.1(i), we see that the 2-mixing bound is of a smaller
order than the strong mixing bound.

In fact, it could well be that the 2-mixing bound is of a smaller order than Theorem 4.2(i).
This is because Theorem 4.2(i) gives a bound for supgeq (x,) Heo(xo.x_,..) |1 P(G N H) —
P(G)P(H)|, whereas the 2-mixing bound restricts the o -algebra of the left tail to o (X¢). How-
ever, we have not been able to show this and this is a problem that requires further consideration.

Appendix: Proofs

A.1. Proof of Proposition 2.1
We will use the following three lemmas to prove Proposition 2.1.

Lemma A.1. Let G € ftti,]:Jrrz = J(Xt[i];{Jrrz) and H,E € F, """ =o(X™"") (where E is de-

fined in (4)), and use the notation of Proposition 2.1. We then have

[IP(GNHNE)—P(GNE)P(H)|
<2P(H)sup|P(GIX| " =x) - P(GIX| " =0) (36)

xe&

+ inf P(G|X; " =x){P(H)P(E®) + P(H N E)}.
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Proof. To prove the result, we first observe that

PGNHNE)=P(X\}},, €G.X"eMné))

t r t+k

— t+k —r —
B /HQE{LdP(XH-k-Hz <yIX; —i)} dP(X' " <x)

- / PO, QIS = ) dP(XT < ).
HNE

Therefore, by using the above and the fact that P(H N E) < P(H), we obtain the following
inequalities:

inf POXGYL,,, €G1X, =0 PHNE)
X

t+k+ry
t+k t—r] (37)
<P(GNHNE)=< Sug PX, ks, € g1X; '=x)P(H)
xe
and
inf PXT L, € GIXT =0 P(E)
N (38)

< P(GNE) <sup PX' M, €GIXT =) P(E).
xe

Subtracting (37) from (38) and using P(H N E) = P(H) — P(H N E°) gives the inequalities
P(GNHNE)—P(GNE)P(H)

< sup PX' . €GIX =x)P(H) (39)
xe

— inf PX' M., €GIX" =x)P(H) + P(E9)P(H),
P(GNHNE)—P(GNE)P(H)

> inf PXGYL,, €GIXT =) P(H) (40)

—sup P, €GIXG " =x)P(H) = P(E“NH),
XG

Combining (39) and (40), we obtain
IP(GNHNE)— P(GNE)P(H)|

<P(H)[sup P(G|X " =x) — 1nf P(G|IX " =x) 41
xe€

+ 1nf P(G|X) ™ =x){P(H)P(E®) + P(H N E°)).
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Using the triangle inequality, we have

sup P(GIX| "' =x) — inf P(G|X, " =x)| <2sup|P(G|X| " =x) — P(G|X " =0)].
X

xe& xe&

Substituting the above into (41) gives (36), as required. O
‘We now obtain a bound for the first term on the right-hand side of (36).

Lemma A.2. Let f .1« X denote the density of Xﬁiwz given X’t_r' and G and 'H be
Sttktry 1=t

defined as in (10). Then,

[P(GIX " =2~ P(GIXy" =0) < / Do .1 (y|x) dy. 42)
g 24 o4
Let Eiilﬁ—l be a random vector which is independent of X tt_” and let fw denote the density of
Wit If G € 0(Xi4), then

/glfxt+klxrt—rl Ol = fy,,x' (y10)| dy SEE(/}R Do ki (yIW, x) dy) (43)

andif G € O’(X;:];C+r2), then

/;|fxr+k 2|£t;r1 (X|£) - fX;Jr/;(Hzl&;—rl (X|O)| dX

L bktr A4
44
r
< ZEE<sup/ Dy ks (sl ys—1, w, x) dys).
$s=0 Ys—1 Gy

Proof. The proof of (42) is clear from the definition of Ds x ;, hence we omit the details.

To prove (43), we first note that by independence of Eii}(fl and X t,_rz, we have that

fmgtﬁl (wlx) = fw(w), where fw‘zt;n is the conditional density of Eiii_l given X7

Therefore, we have
T axn O1%) = /R T x o O12, 2) fw (w) dw = /R o Jorr(Vw. x) fw () dw.

Substituting the above into fg |fX;+kIX,_” y|x) — meJXf” (y]0)| dy and using the definition
of Ew now gives (43).
To prove (44), we note that, by using the same argument used to prove (43), we have

n
fyr+k X (X|1)=/Rk71 fw @) [T foka Oslys—1. w, ) dw. (45)

= t+k+r
s=0
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Now, repeatedly subtracting and adding f; i ; gives

f t+k
X, X

r s—1
= Zf Jw @) { ]_[ Ja ki (Valya—1, w, &)}
s=0 Rk~ a=0

t’7r1 (X'&) - fztril;qﬁ»rzlxttirl (X'O)

(46)
r
X { H Jok e plyp—1, w, 0)}
b=s+1
X A st s lys—1, w, X) = fo b (Vslys—1, w, 0)} dw.
Therefore, taking the integral of the above over G gives
- — -r (y10)|d
/g'fétrj—];c-wzlét 1 (X|£) fx{ﬁﬁ_rz‘é’, 1(X| )| Yy
2 s—1
< Z/k lfw(w)“]_[é Ja ki (Valya—1, w, x)dyq
RE— 2
s=0 =0"~4
\} a (47)

r
X l_[ /gbfh,k,t(yhlzb—1,w,£)dyh:|

b=s+1

X Sup/g | fokd Oslys—1,w, X) = foks slys—1, w, 0)] dys} dw.

Ys—1

Next, we observe that since G; C R and fRfs,k,t(yHXs—l,w,{)dys = 1, we have

(L0 Jg, fakiGalya—1, w, 2 Ay ) TT 11 Jg, fokr Gplyp—1, w, x)dyp) < 1. Finally, sub-
stituting this bound into (47) gives (44). O

The following lemma will be used to show B-mixing and uses the above lemmas.

Lemma A.3. Suppose that {G;} € .7-';1',]:+r2, {H;} e ]—',t_” and {G;} and {H;} are partitions
of Q2. We then have

> IP(GiNH;NE) — P(G; N E)P(H))|
ij

<2 sup|P(GilX|" = x) = P(GiI X" =0)[ +2P(ES) and

xe&

(48)

Z|P(G,~0HjﬂEC)—P(GiﬂEC)P(Hj)|§2P(EC). (49)
ij



340 P. Fryzlewicz and S. Subba Rao
Proof. Substituting the inequality in (36) into Zi’j |[P(GiNH;NE)—P(G;NE)P(H;)| gives

Z|P(G,~ NH;NE)— P(G;NE)P(H;})|
iJ

<2) P(H)) Y sup|P(GilX[" =x) — P(GiX[ " =0)| (50)
j i xe€
! ;,322 P(Gi|X{™" = 0){P(H}) P(E) + P(H; N E°)}.

The sets {H} are partitions of €2, hence ), P(H;) =1 and ) ; P(H; N E€) < 1. Using these
observations together with (50) gives (48).
Inequality (49) immediately follows from the fact that {H;} and {G,} are disjoint sets. O

Using the above three lemmas, we can now prove Proposition 2.1.

Proof of Proposition 2.1, equation (5). It is straightforward to show that

|IP(GNH)—-P(G)P(H)|<|P(GhWHNE)—-P(GNE)P(H)|
+|P(GNHNE®) — P(GNE®)P(H)|.

Now, by substituting (42) into (36) and using the above, we get
|P(GNH) — P(G)P(H)| <2sup f | Fersr iy Q1) = fyee g-n (710)] dy
xe€JG S ttk+ry 1X, S ttk+ry 1X,
+ inf P(GX; ™" =0{P(H)P(E) + P(H N E))
X€

+P(GNHNES)+ P(GNE)P(H).

Finally, by using the facts that G C R+t P(GNHNES) < P(ES), P(GNES)P(H) < P(E®)
and infycg P(G|X,™™ =x) < 1, we obtain (5). |

Proof of Proposition 2.1, equation (6). It is worth noting that the proof of (6) is similar to the
proof of (5). Using (48) and the same arguments as those in the proof of (5), we have

E |P(Gi N Hj)— P(G;)P(H))|
ij
<2> sug/g |fX’ii+ x Q) = fxfm X (y10)| dy +4P(E)
; xe i =t rp 1=t =t ro =
(51
<2 E /; Sup‘fXHk X\ ylx) — tht:L X' (X|0)| dX+4P(EC)
N = = ro 1=
l

X c& Sttk+ry

" - t—r ¢
52[1;2“ SllP|fxt+k |X;—'1(X|£) ff,ff( 1(X|0)|dX+4P(E ),

xe& Sitktr +rp 1X;
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where H; = {w; th—n (w) € Hj} and G; = {w; X’:}(m (w) € G;}, which gives (6). O

Proof of Proposition 2.1, equation (7). To prove the result, we substitute the bound in (44) into
(5) to obtain (7). ([l

Proof of Proposition 2.1, equation (8). To prove (8), we substitute (44) into (6) to obtain (8). J

A.2. Proofs in Section 3

Proof of Lemma 3.1. We first prove (12) with s = 0. Suppose that k > 1. Focusing on the first

element of X t:r]z_p in (12) and factoring out Z; 1 gives

r=0i=1

k—1
+ [A'Hk[]"[ Af+ki(2>}x’f”“} }
i=1 1

which is (12) (with s = 0). To prove (12) for 1 < s < p, we note that using the tvARCH(p)
representation in (11) and (12) for s = 0 gives

k=2 r
Xirk = Ziyi {ao(t +h) + [m > 1A @Dbiyr—r (Z)}
1

s—1 p
Xitkts = Zitkys :Clo(f +k+s5)+ Zai t+k+8$)Xipkrs—i + Zai (t+k+ S)Xt+k+s—i}

i=1 i=s

= Zt+k+x{7>s,k,t(Z) + Qs,k,t(Za X)}a

where Ps x ; and O  ; are defined in (13). Hence, this gives (12). Since @ (-) and Z; are positive,
it is clear that P x ; and Qs ¢ ; are positive random variables. O

Proof of Lemma 3.2. We first note that since {X,} satisfies a tvARCH(p) representation

(p < 00)itis kp—Markovian, hence for any r, > p, the o-algebras generated by X' ’tf;( 4 and
+

(Z;iﬁg , X ’l ke pfl) are the same. Moreover, by using the fact that for all T > ¢, Z; is indepen-
dent of X;, we have

sup |IP(GNH)— P(G)P(H)|
Geféik,He]-'foo
(52)
= sup IP(GNH)— P(G)P(H)|.

1+k t—p+1
GeF i {rsp-1 HEF,
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Now, by using the above, Proposition 2.1, equation (7), and the fact that Z +k  and X, =P are

independent, for any set £ (defined as in (4)), we have

sup |P(GN H) — P(G)P(H)|

1+k t—p+1
Ge}-z+k+p HeF,

p—1

SZsupZIE;< sup /Ds,k,t(}’s|Xs—laZ’)_C)dys> (33)
xe€ o Y &R

+4P(X;>noor, ..., Xi—pr1 > N—p+1).
Finally, using the fact that P(X; > noor X;—1 > n—1,..., Xi—p41 > N—p41) < f;é P(X;—j>
n—;) gives (15).
The proof of (16) is similar to the proof above, but uses (8) instead of (7), so we omit the
details. O
We require the following simple lemma to prove Lemmas 3.3 and 4.4.
Lemma A 4. If Assumption 3.1(iii) is satisfied, then, for any positive A and B, we have

f (D ay <k (BB, (54)
A+BZA+B AT\ A )Y ="\A T A

If Assumption 3.1(iv) is satisfied, then, for any positive A, positive continuous function
B Rt — R and set E (defined as in (4)), we have

1 y 1 y B(x) B(x)
/Ri‘é?A+B<x>fZ<A+B@>_Kfz<2>‘dy5K§‘£< A +A+B@>‘ 43)

Proof. To prove (54), we observe that

y 1 y
——fZ)dy=1+0,
A+BfZ<A—|—B> AfZ<A>’y +
where

= atal(a) G = oe [k 4))

To bound 7, we note that by changing variables with u = y/(A + B) and under Assump-

tion 3.1(iii), we get
B
I 5/ fz<u>—fz(u(1 +—>)
R A

It is straightforward to show that I1 < Hence, the bounds for I and /I give (54).

B
du < K—.
A

A+B
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The proof of (55) is the same as above, but uses Assumption 3.1(iv) instead of Assump-
tion 3.1(iii), so we omit the details. ([l

Proof of Lemma 3.3. We first show that

sup /Ds,k,t(ys|Xs—l»§, x)dys <
Xx_leRS

Qs k1 (2, X) (56)

inf;ez ao(t)

and use this to prove (17). We note that when x =0, Qs x;(z,0) =0 and fs’k,t(ysm-,l, z,0) =

PS,k,t(g)_l fZ(Py,ii ) ). Therefore, using (14) gives

1 Vs
Ds,k, ( S| §— ,Z,&)z‘ ( >
FOslYs—1,2 P+ O AP @+ O @D

e mw)
Pord @\ Pori@ )|

Now, recalling that P ; , and Qg  ; are both positive and setting A = Py ¢ ;(z), B = Qs 1,1 (2, x)
and using (54), we have

Qs k.1(z, X) Qs k.1 (2, X)
/RDx,k,z(ysIXH,g,a)dys < K( iid il .

+
’Ps,k,t(é) ’Ps,k,t(g) + Qs,k,t(és X)

Finally, since Py i.,(2) > infrez.ao(t), we have [ Dy s (slys—1.2, 0 dys < K bl &5 ihug

giving (56). By using (56), we now prove (17). Substituting (56) into the integral on the left-hand
side of (17), using the fact that E[Q; x ;(Z, x)] = Qs ks (14_;, x) and substituting (56) into (15)
gives

E[Qs,k,t(z’i)]_ Qs,k,t(lk_p&)
inf;ez ap(t) inf;ez ap(t)

]E;( sup /R Ds,k,z(yxlgs_l,Z,i)dys) <K (57)

Ys—1 eR*

We now find a bound for Qs x ;. By the definition of Qs in (13) and using the matrix norm
inequality [Ax]1 < K||Allspecllx|l (Il - l|spec is the spectral norm), we have

)4 k+s—i (k+s—i
Quilp )= Y. ai<r+k+s>[At+k+s,» > { I1 Af+k+s,-d}£]
1

i=s+1 r=1 d=0

K

P — llx]l.
inf;ez ap(t)

p
> ait+k+s)
i=s

k—1
Al ks —i { I At+k+s—i—d}

d=0

spec

To bound the above, we note that by Assumption 3.1(i), sup,cyz Z?:l aj(t) < (1 —§), there-

fore there exists a 8, where 0 < & < 8 < 1 and such that, for all 7, we have A 4kts—i X
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{]—[5;2) Argkts—i—d)lspec < K(1 — S)k“ for some finite K. Combining all of this gives

k+s—i
Avirs—i [] Arskrs—i-a

d=0

Qs ki Ly, X) <

)4
Zai(t +k+s)
i=s

inf,ez ao(t)

K

p
<—— N G +k+s)1 =5 ).
inf; ez ao(t) ; ' -

Substituting the above into (57) gives (17).
We now prove (18). We use the same proof to show (56), but apply (54) instead of (55) to
obtain

K
sup /sust,k,z(yslyH,g, x)dys < ——————sup Qs 1.1 (2, X).
yo_1eRs J xe€ = inf; ez ag(t) xe€

By substituting the above into (16) and using the same proof to prove (17), we obtain

p—1 k—1
Z/Hfz(m) sup {/Rsupr,k,,(yslzs1,§,£)dyx}dg
s=0 i=1

Ys—1€RS xe€
(59)
KE[SUPﬁE Qs k1 (Z, x)]

inf,ez aop(t)

Since Qj:(Z,x) is a positive function and sup,.ge Qs k.1(Z,X) = Qsk.1(Z, 1), We have

E[supycg Qs k,i(Z, )] < supyeg E[Qs i, (Z, X)] = supyeg Qs k,r(15_1, x). Hence, by using
(58), we have

Elsupyes Quks (Z, 0] _ K(1—8)¥|1x]
inf, ez, ao(t) = infiezao(t)

Substituting the above into (59) gives (18). U
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