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Abstract

A bound uniform over various loss-classes is given for data generated by stationary
and p-mixing processes, where the mixing time (the time needed to obtain approx-
imate independence) enters the sample complexity only in an additive way. For
slowly mixing processes this can be a considerable advantage over results with
multiplicative dependence on the mixing time. The admissible loss-classes include
functions with prescribed Lipschitz norms or smoothness parameters. The bound
can also be applied to be uniform over unconstrained loss-classes, where it depends
on local Lipschitz properties of the function in question.

1 Introduction

A key problem in learning theory is to give performance guarantees on new, yet unseen data for
hypotheses which are selected on the basis of their performance on a finite number of observations.
To bound the expected loss in terms of the observed average loss with high probability uniformly
over various classes of constrained hypotheses many techniques have been developed. These methods
are quite effective, when the observations are independent, but there are significant difficulties when
they become dependent, as happens for many stochastic processes, for example in the study of
dynamical systems. A popular approach assumes the process to be stationary and mixing, so that
future observations are nearly independent of a sufficiently distant past.

If the X; are observations becoming approximately independent after 7 increments of time, then
(X1, X147, X1427, ..., X14nr) can be treated as a vector of n independent observations, to which
the law of large numbers can be applied, modulo a correction term dependent on 7. An approach
based on this idea using nearly independent data blocks has been introduced by [22] and since been
used in various forms by many authors ([[15], [16]], [20], [17], [1]], and others) to port established
techniques and results from the independent to the dependent setting.

There are two problems with this approach. The more philosophical one is, that, while mixing appears
to be a sensible assumption in many situations, it is difficult to estimate its quantitative properties
from a single sample path, although some significant progress has been made recently for Markov
chains ([11]], [21]).

The other more practical limitation is that to obtain the same bound on the estimation error as for
independent data, the number of necessary observations is multiplied with the mixing time 7. This is
a major problem when the process mixes very slowly. On the other hand it seems difficult to obtain
general results, when the mixing assumption is abandoned altogether, although there are results
without mixing in the more specialized settings of linear and generalized linear dynamical systems

([191, [LOD).

This work presents a data-dependent generalization bound for p-mixing processes with stationary
distribution 7.The m-expected risk of hypotheses and the probability of excessive losses are bounded
by an empirical functional with high probability uniform over the class of hypotheses.



One advantage of the approach is that the mixing time enters only additively in the required number
of observations. For slowly mixing processes this can reduce the sample complexity by an order of
magnitude.

Another advantage is that it allows for rather large function classes, such as the classes of all functions
with prescribed Lipschitz norm or y-smoothness. Constraints on the Lipschitz norm have been
used in generalization bounds for deep neural networks ([3]]). Because of its small constants and
strong data-dependence our bound may be competitive even in the iid setting, at least for favourable
data distributions. It will also be shown below, that our bound can be uniform over completely
unconstrained loss classes, where it depends only on local properties of the functions at the sample
path.

The price paid is that we abandon the average loss on the observations and replace it by a maximum.
This obvious disadvantage is somewhat alleviated by the possibility to allow a small number of
outliers, so the strict maximum can be replaced by the maximal loss on most of the observations.
Another disadvantage is, that we require the stronger ¢-mixing assumption, while for most previous
results the weaker (3- or a-mixing assumptions suffice.

2 Notation and preliminaries

We use capital letters for random variables, bold letters for vectors, and the set {1, ..., m} is denoted
[m]. The cardinality, complement and indicator function of a set A are denoted |A|, A° and 1A
respectively. For a real-valued function f on a set A the supremum of its values is denoted || f|| ..

Throughout the following (X', o) is a measurable space and X = (X;),y a stochastic process with
values in X'. For I C N, o (I) denotes the sigma-field generated by (X;),.; and pr the corresponding
joint marginal. The process is assumed to be stationary, so that VI C Z, i € N, uy = uy+;, the
stationary distribution being denoted 7 = piygy = juqy. Itis called ergodic if for every A € o with
7 (A) > 0 we have Pr {Vk <n, X, ¢ A} — 0asn — oo. The p-mixing and -mixing coefficients
([22], [6]) are defined for any 7 € N as

sup{|Pr(A|B) —PrA|:ke€Z,Aco({k}),Beo{i:i<k—1})},
sup{|[Pr(ANB) —PrAPrB|:ke€Z, Aco({k}),Beo({i:i<k—71})}.
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The process is called p-mixing (a-mixing) if ¢, — 0 (o, — 0) as 7 — 0.

A loss class F is a set of measurable functions f : X — [0, c0), where f is to be thought of as a
hypothesis composed with a fixed loss function. Very often X = Z x Z’, where Z is a measurable
space of "inputs", Z’ is a space of "outputs", "covariates" or "labels", H is a set of functions
h: Z — Rand ¢ is a fixed loss function ¢ : Rx Z’ — [0, 00). The loss class in question would then

be the class of functions
F={(z,2)—=L(h(z),2"):heH}.

3 Gauge pairs and generalization

Definition 3.1. Let F be a class of nonnegative loss functions on a space X. A gauge pair for F
is a pair (g, ®) where g is a measurable function g : X x X — [0, 00] such that g (z,y) = 0 iff
x =y, and ¥ is a function ® : F x X — [0, 00| such that forall x,y € X and f € F, ®(f,-) is
measurable and

f) <gyz)+(f,x).

Intuitively ¢ (y, 2) should measure the extent to which members of F can generalize from an observed
datum x to a yet unobserved datum y. It helps to think of g as a nondecreasing function of a metric,
but g need not be symmetric.

An example. The simplest example is furnished by the class of L-Lipschitz functions on a metric
space (X, d). This means that f (y) — f (z) < Ld (y,z) forall z,y € X and f € F. Adding f (z)
to the inequality shows that (g : (y,z) — Ld (y,x),® : (f,z) — f(x)) is a gauge pair. In the most
typical case, when X = Z x Z' a product metric is used. In classification, when Z’ is a discrete set
of labels, a discrete metric is used onZ’.



More concretely Z could be a subset of RD, 7 = {=1,1}, H : Z — R a set of neural networks
of (euclidean) Lipschitz norm at most L, and ¢ : (¢,y) € RxZ' — n(yt) € [0,00), where n
is a hinge or logistic loss. This is a standard situation in binary classification. The loss class is
F={(z2) = (((h2),') : h € H}. Define d((3.y), (x,2")) = |ly — | + By — 2’| and
verify that £ (h (y) ,y/) — € (h (2) ') < Ld ((4,y') . (x,")).

Before giving more examples of gauge pairs we state our main result. One part bounds the probability
of excessive losses, the other part bounds the risk properly.

Theorem 3.2. Let X = (X;), . be a stationary process with values in X and invariant distribution
m, F a class of measurable functions f : X — [0, 00) and (g, ®) a gauge pair for F. Let X ~  be
independent of X, e N,n> 71,8 Cn—r7]and§ > 0. Let a € {1,2}.

(i) If a = 1, for any t > 0, with probability at least 1 — 0 in the sample path X} = (X1, ..., X,,)

supPr{f(X) >  max ]<I>(f,Xj)+t|X7f}

feF jeSN[n—r

o & , 21n (1/9)
< 1 Xk, X; t —_—.
- n—Tk;_1 {iesrg[ll?r]g( ko Xi) > }+¢(T>+ n—rT

(ii) Ifa = 1, with | F|| . = supjer rex [ (x) and ||g||, = sup, e x g (y, x), then with probability
at least 1 — § in the sample path

sup E[f (X)] - max ]<I>(f7Xi)

feF i€SN[n—7
n
a , 21n (1/9)
< _min g (Xp, Xi) + | Fll o7 + ll9lloe ) ——
n—r [t i€SN[n—r] n—rT

(iii) For a = 2 the term \/21n (1/0) / (n — 7) in both bounds can be replaced by eIn (1/8) / (n — 7).

Remark 1. Both (i) and (ii) have two data-dependent terms, the first of which depends on the choice
of the function f. It is the term, which a learning algorithm should try to minimize. In the example
above it depends only on the evaluation of f at the sample points, but in general it may depend on any
local properties of f. In part (i), which limits the probability of excessive losses, the appearance of
the maximum is perhaps more natural. In both (i) and (ii) the first term on the R.H.S. is expected to
be the dominant term. The preferred choice is a = 1, and part (iii) may have less practical relevance.

Remark 2. The presence of the maximum on the L.H.S. is clearly an unpleasant feature. A union
bound over the "good" set S can allow for a small fraction of errors. This problem will be addressed
in the next section, where it is shown that a union bound over the "good" set S (introduced exclusively
for this purpose) can allow for a small fraction of errors. The bounds are intended to target the
realizable or nearly realizable case, when the underlying function is in F, with small noise and very
few outliers, which might be hidden in the complement of the set S. Note that many modern learning
machines which implement Lipschitz functions achieve near zero training error.

Remark 3. The terms

n n

2 2
a2 i 0 (%60 > 1} on 7 2 sedbin 0 (X X)

can be computed from the data and interpreted as a complexity of the sample path relative to g.
In Section [3]it will be proven, that, under an assumption of total boundedness of the support of 7
(defined relative to g) and ergodicity of the process, the terms converge to zero in probability. For
sufficiently fast a-mixing they can be shown to converge to zero almost surely. This condition is
sufficient, but not necessary. The key property is recurrence, which may be independent of mixing
and does not require an approach to the stationary distribution. Section[5]concludes with an example
of recurrence and arbitrarily slow mixing.

Remark 4. Setting 7 = 1 and ¢, = 0 gives a version for iid variables. This may be interesting in its
own right in comparison with other bounds for function classes with bounded Lipschitz norm, for



which we take [3] as a prototypical example. We do not expect Theorem [3.2]to be competitive in
the general iid setting, but the applicability to unconstrained function classes, as shown in Section [6}
might be an advantage.

The proof of Theorem [3.2](iii) requires the following tail bound for martingale difference sequences,
which is established in Section[A1l

Lemma 3.3. Let Ry, ..., R,, be real random variables 0 < R; < 1 andlet oy C 03 C ...0p be a
filtration such that R; is o ;-measurable. Let V = 1 >R,V = L > i E[Rjloj_1]. Then

Pr{V>2V+t}ge—"t/e
and equivalently, for § > 0,

Pr{V>2V+elnfj/5)}§5.

Proof of Theorem[3.2] Let f € F. From stationarity we obtain for every k, 7 < k < nand u > 0

Pr{f(X)>u} = Pr {f(X)>u}

IN

Pr {f (Xx) > u| (Xi)ie[chf]} +o(1),

where the inequality follows from the definition of the ¢-mixing coefficients, which allows us
to replace the independent variable X by the sample path observation X}, conditioned on ob-
servations more than 7 time increments in the past. But if f (Xy) > u, then by the definition
of gauge pairs we must have g (X, X;) + ® (f, X;) > u, for every ¢ € [k — 7], or, equiva-
lently, min;ex—- g (Xx, Xi) + @ (f, X;) > u, which certainly implies min;c gnx—- g (Xx, Xi) +
maX;esnin—r] P (fa Xj) > u. Thus

Pr{f(X <p i X, X, o(f.X; X)) .
r{f (X)>u} < r{iesr%l_ﬂg( e Xo)+ max @ (f,X5) >l (Xi)iep T]}+<P(T)

Averaging this inequality over all values of k, 7 < k& < n, and a change of variables t = u —

max;esnn—r] o (fu Xj) gives

Pr{f(X)> max ]Q(f,Xj)+t|X7f} (1)

jeSNn—7

1 n
< P i X, Xi) >t] (Xi).cn_ .
S5 o{ i 900X > ] (X f +0(0)

We first prove (i). Let o be the o-algebra generated by (X;) iclk] and R, =
1 {miniesm[k_ﬂ g (Xg, Xi) > t}, so that Ry is oj-measurable.  Then E[Rglox—1] =
Pr {miniesm[k—r] 9 (Xk, Xi) >t (Xi)ie[kf'r]} and thus E [Ry|ox—1] — Ry is a Martingale dif-
ference sequence with values in [—1, 1] and by the Hoeffding-Azuma inequality ([14])

1 = .
Z Pr{ min g (Xg, X;) > t| (Xi)ie[k'r]}

n—rT 1 i€SN[k—r]

1 - , 21n (1/6)
< 1 X, X;) >t A
T n—rT Z {ieSI;wl[ll?—r]g( ¥ ) } + n—rT

k=1+1

Substitute in the right hand side of (I)). As the the right hand side is independent of f, we can take
the supremum over f on the left hand side to complete the proof of (i).



(ii) We use integration by parts and integrate the left hand side of (1) from zero to || ]| .. This gives

E[f(X)] = max &(f X;)

jeESN[n—7]
oL I .
< - Z /0 E {1 {iesrrlwl[ll?-r]g(Xk7Xi) > t} | (Xi)ie[k—T]:| dt + || Fll o (1)
k=1+1
1 - _
-1 S B[ i 00X | (R 1o ().

Now we use the Hoeffding-Azuma inequality just as in part (i). Again we can take the supremum on
the left hand side. This completes the proof of (ii).

To prove (iii) use Lemma 3.3|instead of the Hoeffding-Azuma inequality ([14]). O

4 Relaxation of the maximal loss

To allow a fixed fraction of excess errors we use a union bound over all possible sets S of fixed
cardinality as in Theorem where the complement [n — 7] \\S = S¢ is the set of "bad data points"
or outliers. Now let &« = (n — 7 — |S|) / (n — ) be the allowed fraction of excess errors. The union
bound replaces the term In (1/6) by In ((".7)/&). From Stirling’s approximation we can obtain for
N € N the bound

N
<
In (aN> < NH (a) + Rest (N, a),

where H () = aln L + (1 — &) In 2 is the entropy of an a-Bernoulli variable and

0 if 2r N >

1
_ — - (1 o)
Rest (N, a) = ln( 2ra (1 — ) N) + N < { ln(ﬂ'27‘7/2)

otherwise

This leads to the following version of Theorem [3.2)(i), where for simplicity we give only the second
conclusion.

Corollary 4.1. Under the condition of Theorem[3.2]let a € [0, 1] be such that o (n — 7) € N. Then
with probability at least 1 — § in the sample path we have for every S C [n — 7] of cardinality
a(n—7)and every f € F that

Er [f (X)) = max @(f X;)

i€n—7]NS
n

2 .
< S min g (Xp X4l ortellgl (H (a) +

n—rT ielk—7]NS
k=7+1 i€lk=7]

Rest(n —1,a) + ln(l/é)) '

n—rT

Remark. Ignoring the Rest-term, which is at most of order In (n) /n, there is an additional penalty
e|lgll., H (c) depending on the error fraction «. This can be interpreted as an additional empirical
error term. Since H (o) — 0 as o — 0, the bound tolerates a small number of excess errors. On the
other hand H («) /oo — oo logarithmically as oz — 0, so the penalty is certainly exaggerated relative
to a conventional empirical error term, which would simply be «.

5 The complexity of the sample path

The dominant term on the right hand side of the bounds of Theorem [3.2]is likely to be the complexity
term

G(X,n,T,9) = Z mlnng,X),

’n—T lE —7]

where for simplicity we omit the set S and concentrate on the term as in appears in part (ii) of
the theorem. It is a merit of Theorem [3.2]that we can observe this quantity directly and thus take



advantage of favourable situations. To get some idea of what characterizes these favourable situations
it is nevertheless interesting to study the behavior of GG in general, although our quantitative worst-case
guarantees are disappointing.

Some standard concepts of the theory of metric spaces, such as diameters and covering numbers,
extend to the case, when the metric is replaced by the function g.

Definition 5.1. The g-diameter diam, (F) is sup, ,cp g (y, ). For A C X and e > 0 we write

N (A, g,e) =min] N :3C4,...,Cy, diamy (C;) < eand A C U Cj
JEIN]

A C X is g-totally bounded if N (A, g,€) < oo for every € > 0.

This definitions are intuitive if one thinks of g as an increasing function of the metric. It must still be
kept in mind that g may not be symmetric nor obey the triangle inequality. The proof of the following
theorem is given in Section[A.3]

Theorem 5.2. Let X = (X;)
bounded.

(i) If X is ergodic, then for any T € N, we have G (X, n, T, g) — 0 in probability as n — oo

sen be a stationary process and assume the support of T to be g-totally

(ii) If there exists ¢ > 1 and A > 0 such that the a-mixing coefficients satisfy o, < A7~4 for all
T €N, thenforp € (2/(1+q),1) we have G (X,n, [nP],g) — 0 almost surely.

(iii) In general we have

N (supp (1) ,0,1/2) | [t
PG Xonm9) >tk < o =) [27] o

While part (i) is encouraging, the worst case bound (iii) is very weak for several reasons.

1. It scales with the covering number of the support of 7. This behavior persists in the iid case,
when 7 = 0 and o, = 0. Let us accept this scaling at face value. We can expect the bound of
Theorem [3.2]to be strong only if the support of the invariant distribution is a small and essentially
low dimensional object, even though it may be embedded in a complicated way in some high or even
infinite dimensional ambient space.

2. It depends strongly on the mixing properties of the process. In particular it scales with 7/n, so as
to exhibit a multiplicative scaling of the sample complexity with the mixing time, and to refute one of
the principal claims made about this paper.

On the one hand these weaknesses highlight the benefit of observing G directly. More importantly
(iii) remains a worst case bound, and the multiplicative scaling with 7 is not generic. The decay of G
depends on recurrence rather than mixing, and mixing is just the only way to give general quantitative
bounds on recurrence. M. Kac [13] has already shown that for an ergodic process the expected
recurrence time of a set A is 1/m (A), but this appears to be the only moment of the recurrence time,
which can be controlled without mixing. For e and ¢-mixing processes Chazottes [8] gives rapidly
decreasing tails of the recurrence time, but these would lead to similar bounds as in the proof of (ii)
above.

While mixing implies ergodicity and recurrence, the converse does not hold. A simple example is the
deterministic unit rotation on the N-cycle, the transition matrix being

P (i,5) = 0i,(j4+1) mod N-

This Markov chain is ergodic and not mixing, but the recurrence time is N and obviously
G (X,n,N,g) = 0 for all n > N with g being the discrete metric g (y,z) := 1 iff y # x and
g (z,z) := 0. Of course Theoremdoes not apply, but if we add some randomness, say

.o D
P(i,5) = (1 = p) 6i,(j+1) mod N + N forp >0



the process becomes exponentially mixing, with spectral gap p, relaxation time 7,..; = p~! and mixing
time 7 > p~!1n (1/e) to have distance ¢ from stationarity. This gives an estimate of the mixing
coefficients o, > exp (—7p). The probability that the process visits all states in N steps is (1 — p)”
/N
and the probability that it hasn’t visited all states in 7 steps is bounded by (1 —(1- p)N) . As

)

p — 0 the mixing time diverges, but the recurrence times converges to N. There are 2V discrete
Lipschitz functions, so the dominant term in the classical bounds (assuming the realizable case)
would scale as 7NV while G scales as N.

Clearly a similar phenomenon is expected with irrational rotations on the circle and more general
for any quasiperiodic motion, which means that the infinite trajectories are dense on the support of
the invariant measure. Arnold and Avez [2]] have shown that classical dynamical systems may be
periodic, quasiperiodic or chaotic, and that the last two cases are generic. Adding a perturbation can
make a quasiperiodic system mixing, but the mixing can be made arbitrarily slow.

6 Gauge pairs and unconstrained function classes

In Section 3]there was the more concrete example of Lipschitz classes, where the function g was essen-
tially the metric. In this section we briefly discuss smooth classes and then show, that generalization
bounds are possible even for completely unconstrained function classes.

Smooth functions. A real-valued, differentiable function on an open subset O of a Hilbert space is
called y-smooth if ¥ > 0 and forall z,y € X

1 ) = £ @l < vlly —=l-
~v-smoothness plays a role in non-convex optimization because of the descent-lemma, giving a
justification to the method of gradient descent [7]. Nonnegative y-smooth functions satisfy special
inequalities as in the following lemma, with proof Section

Lemma 6.1. Let f be a nonnegative, differentiable, ~y-smooth function on a convex open subset O of
a Hilbert space and A > 0. Then for any x,y € O

FO) < QA @)+ @+ 02y -zl
I f (2) = Othen f (y) < § [ly — |

Sog:(y,x)— (14+X)Z|ly— || and (f,z) — (1+ A71) f (z) make a gauge pair for the class
of -smooth functions on O, to which Theorem [3.2]could be applied.

Intuitively the passage from the metric ¢ =~ ||y — z|| to its square g ~ ||y — :L‘H2 has positive
consequences for the data-complexity term (. This is clear in terms of covering numbers, as
they appear in Theorem in the Section |5} If N (supp (), g,t) is the number of sets C' with
sup, yec 9 (x,y) <t which is necessary to cover the support of , then N (supp (7) , [|- — || , 1) =
N (m,supp (7) || — || ,t*/P). Even if 7 has full support on the unit ball of a D-dimensional
Banach space, and g is the euclidean metric, then N (supp (7), ||- —-||,¢) = Kt~ ([9]) and
N (supp (7),||- — -||” . t) = Kt~ P/?, decreasing the covering number by the factor t”(1~1/P) which
can make a big difference already for p = 1.

Local Lipschitz properties. Let F be the class of all measurable functions f : X — [0, 00), and let
p be any extended real valued function p : X2 — [0, oo] satisfying p (z,y) = 0 <= z =y, and
define L : F x X — [0, 00] by

fy)—f(z

L () e sup W S @)
yF#x P (yv I)

Then with Young’s inequality, forp~! + ¢! = 1,and y,x € X and any f € F

f)<f@+L,(f,z)py,xz) < f(z)+ L/’(];x) 4 p(y(;z) .

It follows that

p(y,z)?

®(f,x) = f(z) +

Lolhs2) (i’ 2" and g (y, ) =



define a gauge pair, to which Theorem [3.7] (i) can be applied and gives a high probability bound,
uniform over all non-negative functions. When can we expect this bound to be small?

Suppose (X, d) is a metric space, let r > 0 and define

_ ) d(y,x) if d(y,x)<r B fy)—f(2)
p(y,x){ Yoo if d(y.x) > ’SOLP(f’x)*y;0<§?yﬂ)97d(y,@ :

L, (f, x) measures a Lipschitz-type property, localized at = with range 7, which is always bounded by
the local Lipschitz constant of f in the ball of radius 7 about x, but may be substantially smaller (take
[ (z1,22) = /23 + a3sign(z1) in R%. Then L, (f,(0,0)) = 1 but the local Lipschitz constant
is infinite on any ball of nonzero radius about (0,0)). With p = ¢ = 2 the bound for the iid case
becomes

2
supPr{f(X)> max f(Xj)+Lp(f’Xj)+t|X7f}

feF JESN[n—1] 2

1 X ) 5 ) 9 21n (1/9)
< 1 d(Xe, X; t, i S/
< o el % X min et} PR

Instead of a global constraint on F we require for the chosen function f

1. that the empirical error f (X;) is small and the chosen function f be nearly flat (L, (f, X;) small)
in the neighborhoods of the sample points X ;. Wide minima are good. These are wide minima in the
data-space however, in contrast to the wide minima often cited as beneficial for deep neural networks.
Note that, if there aren’t too many indices j where f (X;) + L, (f, X j)Q /2 is large, these indices
can be collected in the exception set S°.

2. For most X}, we find some X; with i < k and || X} — X;|| < min {\/f,r}.

Since p is unbounded we can only apply Theorem [3.2] part (i) at present. For part (i) we need a
uniform bound on F, which may simply be postulated, and a bound on p, which will weaken the
result above. With some large M < oo define

.f d(y,z) if d(y,z)<r
Py ) -—{ 2FILM if d(yz)>r

This gives ||g||, < 2||F||°, M2 and L, (f, X;) will be replaced max { M, L, (f, X;)}.

7 Some open questions

e [s the worst-case estimate in Theorem [5.2](iii) way too pessimistic in practice? The data-
dependend complexity term G could be measured for different processes. This is also
interesting for iid processes. Some preliminary experiments with MNIST give values of
0.23 for g (y, ) = ||y — || and 0.06 for g (y, z) = ||y — ||* with sample size 1000 for the
character "6" and normalized euclidean distance.

e Can the bound for unconstrained classes be applied to deep neural networks? The local
Lipschitz properties of various networks could be investigated at the sample points, perhaps
using the methods discussed in [[12] or [18].
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A Remaining proofs

A.1 Proof of Lemma[3.3

Lemma A.1 (Lemma [3.3|re-stated). Let Ry, ..., R,, be real random variables 0 < R; < 1 and
let 01 C 09 C ...0y be a filtration such that R; is oj-measurable. Let vV = %Z] R;, V =

%EjE[Rj‘O'j_l]. Then
Pr {V > 2V + t} < emt/e

Pr{V>2f/+eln(nl/5)}§5.

and equivalently, for § > 0,



PVOOf Let Y} = % (E [le(fj,l] — RJ>, so £ [Y—j|0'j71} =0.
Then E [Y2[o; 1] = (1/n?) (]E [R2|o;_1] —E[Rj|o—j,1]2) < (1/n)*E[R,|o;_1]. since 0 <
R; < 1. Define a real function g by

—t—1 1
g(t):Tfort;éOandg(O):i

It is standard to verify that g (¢) is nondecreasing for ¢ > 0 ([14]]). Fix A > 0. We have for all x < A
that e® < 1+ 2 + g (\) 2. For any 3 with 0 < 3 < n) we then have

E[e™ o] < E[1+8Y;+9(0) Y loj] =1+9(N) FE [Vl
< exp (9 (V) FE [YPlos1]) < exp <g ™ (%) E[Rﬂaj_l]) |

where we also used 1 + x < e”. Defining Zyp = 1 and for j > 1

Z; = Zj1exp (ﬁYj Py (ﬁ)E [leoj—ﬂ>

then

E[Zjloj-1] = exp <—9()\) (i) E [Rj|0j1]> E ["|oj 1] Zj1 < Zj1.

It follows that E [Z,,] < 1. Spelled out this is
A ) 32
12E{exp (5(1/1/) g(n)ﬂvﬂ :

If we choose 3 = n\ then
1>E [exp (n/\ (V — ‘7) —ng(A) )\ZV)] =FE [exp (n (1+2Xx— MV - m\V)] .

Using calculus to maximize the coefficient 1 + 2\ — e* of V we set A = In 2 and obtain

1<E {exp <n(21n2— 1) <V— 21?22—1‘/))] :

Markov’s inequality then gives

In2
2In2 -1

To get the result we use In2/ (2In2 — 1) < 2and2In2 -1 > 1/e.

Pr{V> f/+t}§exp(—(21n2—1)m).

Pr {V > 9 + t} < enile,

A.2 Proof of Lemmal|6.1]

The following is a version of Lemma [6.1] where the parameter + is allowed to depend on z.

Lemma A.2. Let f be a nonnegative, differentiable function on a convex open subset O of a Hilbert
space and A > 0. Fix x € O and suppose that for v > 0 and all y € O we have

1 @) = f @) <yly— =l
Then for any y € O
FO) < QA @)+ @+ 0 2 ly—f.

If f (&) = O then f (y) < § |ly — x|

10



Proof. From the fundamental theorem of calculus we get for any z,y € X
1
) = f@+ [ ety -ad
0

= f(l‘)+<f’($),y—x>+/ (f'xtt(y—z)—f(2),y—a)dt

0
v
f @)+ (' @),y =)+ 5 ly — 2l 2)
Since f is nonnegative we get for any y and fixed z
g
(f'(@),z—y) < f2) +5 ly =

Lettingt > Oandx —y =tf' (z) /||f' (z)||ory =a —tf' (z) /| f’ (x)| we obtain after division
by t

IN

’ f( ) 0t
7@l 1

Using calculus to minimize we find || f/ (2)]| < 2q/ f (z) and from H and Young’s inequality

P S 1@+ @A =l + L - of?

(L+A) F @)+ 1+ 0 2y =]

IN

The other inequality is obtained by letting A — 0. O

A.3 Proof of Theorem

For the proof we need an auxiliary construction, projecting the process onto a partion. If C =
(C1,...,Cn) is any disjoint partition of X" into measurable subsets, define a process Y = (Y;),y
with values in space [N] by Y; = j <= X, € C;. The process Y inherits its ergodicity and mixing
properties from X, in the sense that Y is ergodic whenever X is, and the mixing coefficients of Y
are bounded by the mixing coefficients of X.

Lemma A.3. Assume ||g||., = 1. Lett € (0,1), 7 € N, n > (1 4 4/t) 7, and that we can cover the
support of ™ with N disjoint measurable sets C1, ..., Cy such that diam, (C;) < t/2 for all j. Then,
withm (n) = |nt/ (27)],

N
Pr{G(X,n,7,9) >t} <> Pr{3k>nt/2,Y, = j,V1 <i < nt/2—7,Y; # j}.
j=1

Proof. Write M (n) = m (n) 7. Then
Pr{G(X n,7,g) >t}

= Z min g Xk,Xi)>t}
ze[k 7]

n

1

AT a2 9 (X Xk omn 3 L i g (X, Xi) >
k: ‘r<k<nt/2 k:k>nt/2
< i (Xk, X;) > !
min ) > =
- n—r R A AL D
k: k>nt/2
t
< {Elk>nt/2 min g (X, X;) > }
i:1<i<nt/2—T 2

11



Recall that diam, (C;) < t/2. Now assume that X}, € C; and min;.i<i<p—r g (Xg, X;) > t/2.
Then none of the X; can be in C; because sup, ¢, g (Xx,y) < diamg (C;) < t/2. We therefore

must have X; ¢ C; = C (X},) for all 7. Thus

Pr{G(X,n,7,9) >t} < Pr{3k>nt/2,Vi:1<i<nt/2-71,X;¢C(Xk)}
N
= > Pr{3k>nt/2, Yy =jV1 <i<nt/2-7,Y; #j}.

=1

Proof of Theorem[3.2] Since X is g-totally bounded there exists a partition C1, ..., C'y such that
diam, (C;) < t/2 for all j, as required for the previous lemma. We may assume that 7 (C;) > 0 and
we work with the induced process Y.

(i) Fix € > 0. If the underlying process is ergodic, so is the process Y}, and for every j we have
Pr{vli<i<n,Y; #j} > 0asn— oo.

Then there is ng € N such that forall n > ny we have Pr{V1 <i <nt/2 —7,Y; # j} < ¢/N, so
by the lemma

Pr{G (X,n,1,g9) >t} Pr{3k >nt/2,Vi:1<i<nt/2 -7,X; ¢ C(Xy)}

<
< Pr{3je[N],Vi:1<i<nt/2—-7Y; #j} <e.

(i) To prove almost sure convergence we use the following consequence of the Borel-Cantelli lemma
([4]): let Z,, be a sequence of random variables. If forevery ¢ > Owehave > _, Pr{|Z,| >t} < oo

n>1
then Z,, — 0 almost surely as n — oo.

Now note that the events {3k > nt/2,Y, = j}and {Vi: 1 <i <nt—71,Y; # j} are separated by
a time interval at least 7, so, by the definition of the a-mixing coefficients, we have from the lemma
that

Pr{G(X,n,7,9) >t}

N
> Pr{3k>nt/2,Y = j,V1 <i < nt/2—7.Y; # j}

j=1

Y Pr{ixeciiPr () {Xi¢Ci}+ar

. . nt—21
1:1<i< 5=

IN

IA

< > Pr{XeC;}Pr N { Xir ¢ Cj} + s

:1<i<nt/(27)—1

IN

n T)|— t
SR - @)y (2, @

J

Now, setting 7 = [n?] and oo, < A7~ % withp € (2/ (1 + q), 1), we obtain for sufficiently large n,

e
Pr{G(X,n,[n"],g9) >t} < N <1 —minm (Cj)> + ’V;Lt-‘ o
J T
tnl=P—1
S N <1 - minn’ (C])> + Anlfpfqpt.
J

Since 1 — p — gp < —1, this expression is summable, and the conclusion follows from the Borel-
Cantelli Lemma.

(iil) Theorem 1 in [5]] states that for py,...,pxy >0, > p; = 1 and m € N we have

Y opi(l-p)" < N

em

12



Applying this with () gives

N

PI‘{G(X,TL,T,Q) > t} <
(&

/@] =1
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