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Abstract

We present a series of theoretical and algorithmic results for time series prediction leveraging recent
advances in the statistical learning analysis of this problem and on-line learning. We prove the first
generalization bounds for a hypothesis derived by online-to-batch conversion of the sequence of
hypotheses output by an online algorithm, in the general setting of a non-stationary non-mixing
stochastic process. Our learning guarantees hold for adapted sequences of hypotheses both for
convex and non-convex losses. We further give generalization bounds for sequences of hypotheses
that may not be adapted but that admit a stability property. Our learning bounds are given in
terms of a discrepancy measure, which we show can be accurately estimated from data under a
mild assumption. Our theory enables us to devise a principled solution for the notoriously difficult
problem of model section in the time series scenario. It also helps us devise new ensemble methods
with favorable theoretical guarantees for forecasting non-stationary time series.
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1. Introduction

Time series appear in a variety of key real-world applications such as signal processing, includ-
ing audio and video processing; the analysis of natural phenomena such as local weather, global
temperature, and earthquakes; the study of economic or financial variables such as stock values,
sales amounts, energy demand; and many other similar areas. One of the central problems related
to time series analysis is that of forecasting, that is that of predicting the value Y71, given past
observations Y7, ..., Yp.

Two distinct learning scenarios have been adopted in the past to study the problem of sequential
prediction, each leading to a different family of theoretical and algorithmic studies: the statistical
learning and the on-line learning scenarios.

The statistical learning scenario assumes that the observations are drawn from some unknown dis-
tribution. Within this scenario, early methods to derive a theoretical analysis of the problem have
focused on autoregressive generative models, such as the celebrated ARIMA model (Box and Jenk-
ins, 1990) and its many variants. These methods typically require strong distributional assumptions
and their guarantees are often only asymptotic. Many of the recent efforts in learning theory focus
on generalizing the classical analysis and learning bounds of the i.i.d. setting to scenarios with less
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restrictive distributional assumptions. Drifting or tracking scenarios extend the classical setting to
non-stationary sequences of independent random variables (Ben-David et al., 1989; Bartlett, 1992;
Barve and Long, 1997; Even-Dar et al., 2010; Mohri and Muiloz Medina, 2012). The scenario
of learning with dependent variables is another extension of the standard i.i.d. scenario that has
been the subject of several recent publications (Yu, 1994; Vidyasagar, 1997; Berti and Rigo, 1997;
Modha and Masry, 1998; Meir, 2000; Steinwart and Christmann, 2009; Mohri and Rostamizadeh,
2009; Alquier and Wintenberger, 2010; Pestov, 2010; Mohri and Rostamizadeh, 2010; Shalizi and
Kontorovitch, 2013; Alquier et al., 2014; Kuznetsov and Mohri, 2014). In most of this past lit-
erature, the underlying stochastic process is assumed to be stationary and mixing. To the best of
our knowledge, the only exception is the recent work of Kuznetsov and Mohri (2015), who ana-
lyzed the general non-stationary and non-mixing scenario and gave high-probability generalization
bounds for this framework.

The on-line learning scenario requires no distributional assumption. In on-line learning, the se-
quence is revealed one observation at a time and it is often assumed to be generated in an adversarial
fashion. The goal of the learner in this scenario is to achieve a regret, that is the difference between
the cumulative loss suffered and that of the best expert in hindsight, that grows sub-linearly with
time. There is a large body of literature devoted to the study of such problems and the design of
algorithms for different variants of this general scenario (Cesa-Bianchi and Lugosi, 2006).

Can we leverage the theory and algorithms developed for these two distinct scenarios to design
more accurate solutions for time series prediction? Can we derive generalization guarantees for
a hypothesis derived by application of an online-to-batch conversion technique to the sequence of
hypotheses output by an online algorithm, in the general setting of a non-stationary non-mixing
process? What other benefits can such combinations of the statistical learning and on-line learning
tools offer? This paper precisely addresses several of these questions. We present a series of the-
oretical and algorithmic results combining the benefits of the statistical learning approach to time
series prediction with that of on-line learning.

We prove generalization guarantees for predictors derived from regret minimization algorithms in
the general scenario of non-stationary non-mixing processes. We are not aware of any prior work
that provides a connection between regret minimization and generalization in this general setting.
Our results are expressed in terms of a generalization of the discrepancy measure that was introduced
in (Kuznetsov and Mohri, 2015), which can be viewed as a natural measure of the degree of non-
stationarity of a stochastic process taking into account the loss function and the hypothesis set used.
We show that, under some additional mild assumptions, this discrepancy measure can be estimated
from data, thereby resulting in fully data-dependent learning guarantees. Our results generalize the
previous work of Littlestone (1989) and Cesa-Bianchi et al. (2004) who designed on-line-to-batch
conversion techniques that use the hypotheses returned by a regret minimization algorithm to derive
a predictor benefitting from generalization guarantees in the setting of i.i.d. samples. Agarwal and
Duchi (2013) extended these results to the setting of asymptotically stationary mixing processes
for stable on-line learning algorithms under some additional assumptions on the regularity of both
the distribution and the loss function. However, stationarity and mixing assumptions often do not
hold for the task of time series prediction. For instance, processes that admit a trend or a seasonal
component are not stationary. Markov chains are not stationary unless started with an equilibrium
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distribution. Stochastic processes exhibiting long memory effects, such as fractional Brownian
motion, are often slowly or not mixing.

We also highlight the application of our results to two related problems: model selection in time
series prediction, and the design of accurate ensembles of time series predictors. Model selection
for time series prediction appears to be a difficult task: in contrast with the familiar i.i.d. scenario,
in time series analysis, there is no straightforward method for splitting a sample into a training
and validation sets. Using the most recent data for validation may result in models that ignore the
most recent information. Validating over the most distant past may lead to selecting sub-optimal
parameters. Any other split of the sample may result in the destruction of important statistical
patterns and correlations across time that may be present in the data. We show that, remarkably,
our on-line-to-batch conversions enable us to use the same time series for both training and model
selection.

Next, we show that our theory can guide the design of algorithms for learning ensembles of time
series predictors via on-line-to-batch conversions. One benefit of this approach is that a battery
of existing on-line learning algorithms can be used including those specifically designed for time
series prediction (Anava et al., 2013, 2015; Koolen et al., 2015) as well as others capable of dealing
with non-stationary sequences (Bousquet and Warmuth, 2001; Cesa-Bianchi et al., 2012; Chaudhuri
et al., 2010; Crammer et al., 2010; Herbster and Warmuth, 1998, 2001; Moroshko and Crammer,
2012, 2013; Moroshko et al., 2015).

The rest of this paper is organized as follows. In Section 2, we describe the learning scenario of
time series prediction that we consider and introduce some key notation, definitions, and concepts,
including a discrepancy measure that plays a central role in our analysis. Section 3 presents our
on-line-to-batch conversion techniques and a series of generalization guarantees. We prove the first
generalization bounds for a hypothesis derived by online-to-batch conversion of the sequence of
hypotheses output by an online algorithm, in the general setting of a non-stationary non-mixing
stochastic process. Our learning guarantees hold for adapted sequences of hypotheses both for
convex and non-convex losses. We also give generalization bounds for sequences of hypotheses
that may not be adapted but that admit a stability property. Our learning bounds are given in terms
of the discrepancy measure introduced, which we show can be accurately estimated from data under
a mild assumption. In Section 4, we show how our theory can be used to derive principled solutions
for model selection and for ensemble learning in the setting of non-stationary non-mixing time
series.

2. Learning scenario

Here, we describe the learning scenario we consider and introduce some preliminary definitions and
tools.

Let X denote the input space and ) the output space. We consider a scenario where the learner
receives a sequence (X1, Y1), ..., (Xp, Yr) that is the realization of some stochastic process, with
Zy = (X4, Y:) € Z =X x ). Note that, quite often in time series prediction, the feature vector at
that time ¢ is the collection of the past d output observations, thatis X; = (Y;_1, ..., Y;_4) for some
d. To simplify the notation, we will use the shorthand zg to denote a sequence zq, Zg4+1, - - - 5 Zb-
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The goal of the learner is to select, out of a specified family H, a hypothesis h: X — ) that
achieves a small path-dependent generalization error

Lri1(h,Z]) =E[L(MXr41),Yr41) | Z1], (1)

where L: ) x ) — [0, M] is a loss function bounded by M > 0. To abbreviate the notation, we
will often write L(h,z) = L(h(z),y), for any z = (z,y) € Z. Note that another performance
measure commonly used in the time series prediction literature is the averaged generalization error
E[L1.1(h, ZT)]. The path-dependent error that we consider is a finer measure of the generalization
ability than the averaged error since it takes into consideration the specific history realized, unlike
the averaged error, which is based on all possible trajectories of the stochastic process. Our results
can be easily extended to hold for non-integer times ¢ and arbitrary prediction lag [ > 0.

A related learning scenario is that of on-line learning where time series are revealed to the learner
one observation at a time and where the goal of the on-line learner is to minimize regret after T’
rounds. In this work, we consider the following general notion of regret for an on-line algorithm .4
playing a sequence of hypotheses h = (hi,...,hr)

T T
Regy = Z L(hi, Zt) — iﬁl*f { Z Li(h*, Z) + R(h*)}, (2
=1

t=1

where the infimum is taken over sequences in a (possibly random) subset H* C H™ and where R is
a regularization term that controls the complexity of the competitor class H*. This notion of regret
generalizes a number of other existing definitions. For instance, taking R = 0 and H* to be the
set of constant sequences recovers the standard notion of regret. The dynamic competitor or expert
tracking setting correspond to R = Oand H* = H”. Ifwelet H* = H” with H C R" and R(h) =
AT thzl hsKs ¢hy where K is a positive definite matrix and Ay > 0 is a regularization parameter,
then we retrieve the notion of regret studied in (Herbster and Warmuth, 2001; Koolen et al., 2015).
Alternatively, we may require H* = {h = (hy,...,hy) € HT: ZZ,t:l hsKsthy < C} for some
C > 0 and set A\r = 0. More generally, let ¢ € C be a (possibly random) constraints function,
then we can define H* = {h € HT: ¢(h1(X1),...,hr(X7)) < C}, which is a generalization of a
data-dependent competitor set studied by Rakhlin and Sridharan (2015).

In this work, we give learning guarantees for regret minimization algorithms for forecasting non-
stationary non-mixing time series. The key technical tool that we will need for our analysis is the
discrepancy measure that quantifies the divergence of the target and sample distributions defined
by

T
disc(q) = sup qt (£T+1(ht, Z1) — Liv(he, Zt1)> , (3)
heH 4 =1
where q = (q1, . .., gr) is an arbitrary weight vector and where H 4 is a set of sequences of hypothe-

ses that the on-line algorithm A can pick. One possible choice is, for instance, H 4 = {h: R(h) <
C'} for some C. In fact, H 4 can be even chosen in data-dependent fashion so long as each h € H 4
is adapted to the filtration of Z7'. The notion of discrepancy that we consider here is a generalization
of the definition given by Kuznetsov and Mohri (2015) where the supremum is taken over constant
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sequences h. The crucial property of the discrepancy considered in that work is that it can be esti-
mated from data. Our generalization also admits this property, as well as a number of other favorable
ones. In particular, it can be bounded in terms of other familiar divergences between distributions
such as total variation and relative entropy. We provide further details in Appendix B.

3. Theory

In this section, we prove generalization bounds for a hypothesis derived by application of some
online-to-batch conversion techniques to the sequence of hypotheses output by an online algorithm,
in the general setting of a non-stationary non-mixing stochastic process. We first present learn-
ing guarantees for adapted sequences of hypotheses both for convex and non-convex losses (Sec-
tion 3.1). Next, in Section 3.2, we present generalization bounds for sequences of hypotheses that
may not be adapted but that admit a stability property. Our learning bounds are given in terms of
the discrepancy measure defined by (3). In Section 3.3, we show that, under a mild assumption, the
discrepancy term can be accurately estimated from data.

3.1. Adapted hypothesis sequences

Here, we consider sequences of hypotheses h = (h1, ..., hr) adapted to the filtration of Z7, that
is, such that h; is Z!-measurable. This is a natural assumption since the hypothesis output by an
on-line algorithm at time ¢ is based on data observed up to time ¢.

The proof techniques for the first results of this section can be viewed as extensions of those used
by Mohri and Mufioz Medina (2012) for the analysis of drifting. The next result is a key lemma
used in the proof of our generalization bounds.

Lemma 1 Let ZlT be any sequence of random variables and leth = (hy, ... .hr) be any sequence
of hypotheses adapted to the filtration of ZlT. Letq = (q1,-..,qr) be any weight vector. For any
0 > 0, each of the following inequalities holds with probability at least 1 — §:

1
ZQt['T—H hi, Z7) < Z%L ht, Zi11) + disc(q) + Mall2y/21og =,

=1
T T

. 1

> aL(hy, Ziya) SZ @Lry1(he, Z )+d150(Q)+M||QH2\/210g5-
t=1 t=1

Proof By definition of the path-dependent error, for any t € [T], 4; = q:(Liv1(he, ZY) —
L(ht, Z¢41)) is a martingale difference:

E[A/Z]] = %(E [L(ht, Zt+1)’Zt1} —E [L(ht, Zt+1)’Zt1D =0,

since h is an adapted sequence. Furthermore, since |A;| < M|q|, by Azuma’s inequality, for any
& > 0, the following inequality holds with probability at least 1 — §:

T T

1
E @ L1 (b, ZY) < E G L(ht, Zy1) + Ml|ql24/ 2 log 5
=1 =1
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The proof of the first statement can be completed by observing that, by definition of the discrepancy,
we can write

T T
> aLra(h, Z7) < qilisr (b, Z4) + disc(q).
=1 =1

The second statement follows by symmetry. |

The next theorem is our main generalization guarantee for on-line-to-batch conversion with bounded
convex loss functions.

Theorem 2 Assume that L is convex and bounded by M. Let Z{ be any sequence of random
variables. Let H* be a set of sequences of hypotheses that are adapted to Z1 and let hy, . .., hr
be a sequence of hypotheses adapted to Z{. Fix a weight vector q = (qi,...,qr) in the simplex
and let h denote h = Zthl qihy. Then, for any § > 0, each of the following bounds holds with
probability at least 1 — 6:

T T
1
Lrii(h,ZT z::%EtJrl (he, Z Z L(hy, Zyy1) + disc(q) + M|q]|2y/21log 5

T
Lraa(hZT) < inf {thcTH(h:,le)w(h*)}
t=1

h*cH*
. 1
+ 2disc(q) + Regy +M||q — ul[1 + 2M||ql|24/2log 5
where u = (%,...,T) e RT,

Proof By the convexity of L, we can write L7 1(h, ZT) < ZZ;I @Lr1(he, ZT). Tn view of that,
by Lemma 1, for any § > 0, with probability at least 1 — ¢, the following inequality holds:

T
. 1
Lria(hZ]) <) aiL(he, Zesr) + dise(q) + M2y /2log 5

t=1

This proves the first statement of the theorem. To prove the second statement, first observe that,
since L is bounded by M, for any h* € H*, the following holds:

T T
> aL(he, Zeyr) = Y @iL(hi, Ziy1) — R(0)
t=1 t=1

T
* 1 * *
< Z (Qt - *) (hts Ziwr) — L(hg, Ziya)) + 7 Z (hts Zi+1) — L(hi, Zi41)) — R(h")
t:l

< MHq —uf|1 + Regy .
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Thus, in view of the first statement, for any § > 0, with probability at least 1 — g, the following
inequalities hold:

T

. 2

Lrai(h,Z{) <Y Ll Ziwr) + disc(q) + M qfl2y/21og 5
t=1

T
. 2
< @L(h}, Zis1) + R(h*) + Mg — ull; + Regy + disc(q) + M]|qlj2y/2log 5

t=1

Now, fix € > 0, and choose h* such that

T T
S alr (i, Z0) +RM) < inf { S alria(hi 20 + R(h*)} +e
t=1 t=1

Using Lemma 1 to bound Zthl qeL(h}, Zi11) shows that the following inequalities hold with prob-
ability at least 1 — ¢:

T
Lria(h,Z7) <Y qilria (b, Z]) + R(h*) + M||lq — ul|y + Regy +2disc(q)
t=1

2
+2MHC1H2\/210g5

T
< inf A h* Ml|q — 2 di
< h*lgH* { ;%ﬁTﬂ(ht» 1) +R( )} + M|lq — u||; + Regy +2disc(q)

2
+ 2M||q\|2\/2log5 + e

The result follows since this last inequality holds for any € > 0. |

Theorem 2 establishes an important connection between sequential prediction in the on-line learn-
ing framework and time series prediction in the batch setting. In particular, it provides the first
generalization bounds for hypotheses obtained by online-to-batch conversion from the output of an
regret minimization algorithm in the general setting of time series prediction with non-stationary
and non-mixing processes.

These results admit the same flavor as the uniform convergence guarantees of Kuznetsov and Mohri
(2015) for forecasting non-stationary time series, which are also expressed in terms of the discrep-
ancy measure. The presence of the discrepancy term in the bound highlights the challenges faced
by the learner in this scenario. It suggests that learning is more difficult when the discrepancy term
is larger, that is when the time series admits a higher degree of non-stationarity. Note that our proofs
are simpler than those presented by Kuznetsov and Mohri (2015) and do not require advanced tools
such as sequential complexity measures (Rakhlin et al., 2015b).

When Z7 is an i.i.d. sequence, Theorem 2 recovers the on-line-to-batch guarantees of Cesa-Bianchi
et al. (2004), though our results are more general since we adopted a more inclusive notion of regret
in (2). Similarly, in the special case of a drifting scenario where Z is a sequence of independent
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random variables, our results coincide with those of Mohri and Mufioz Medina (2012), modulo the
extra generality of our definition of regret.

Theorem 2 can be extended to hold for general non-convex bounded functions, which can be useful
for problems such as time series classification and anomaly detection where the natural loss is the
zero-one loss. The ensemble hypothesis in this case is defined to be

T—-1
h = argmin ( Z qSL(ht7 Zs) + pen(t, 5))a 4)

he s=t+1

where the penalty term pen is defined by pen(t,d) = disc(ql ') + M| ql ~*||21/21og @,
with 0 > 0 the desired confidence parameter. Note that this online-to-batch conversion technique
can be useful even with convex losses or whenever convex combinations of elements of ) are not
well-defined, for example for strings or graphs, or when the goal is to choose a single hypothesis,
as in the validation setting.

Theorem 3 Assume that L is bounded by M. Let ZlT be any sequence of random variables. Let H*
be a set of sequences of hypotheses that are adapted to Z{. Fix a weight vector q = (q1,...,qT)
in the simplex. For any § > 0, let h be defined by (4), then, each of the following bounds holds with
probability at least 1 — 6:

d 2(T + 1)
Lo (h,Z1) <Y qiLhi, Ziga) + disc(q) + M| ql|2|/ 2log -
t=1
T
Lryi(h,Z7) < pnf | { > alr(hi, Z]) + R(h*)}
t=1
. 2(I'+1
+2disc(a) + ey +M |l — ull + 20l 2108 2
whereu = (7,..., %) € RT.

3.2. Stable hypothesis sequences

One of our target applications is model selection for time series prediction. The objective is then to
select a good model given N models, each trained on the full sample ZZ'. One way to do that is to
run an online learning algorithm with these models used as experts and then use one of the online-to-
batch conversion techniques discussed in the previous section. However, the guarantees presented
in the previous section do not hold in this scenario since h is no longer an adapted sequence.

In this section, we extend our guarantees to this scenario assuming that the algorithms that were
used to generate the models were uniformly stable. Let 2 be a collection of a learning algorithms,
where each learning algorithm A € 2 is defined as a rule that takes as input a sequence z! € Z7T
and outputs a hypothesis A(z?) € H. In other words, each learning algorithm is a map A: Z7 —
H.
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An algorithm A € 2l is S-uniformly stable if there exists 5 > 0 such that for any z = (z,y) € Z and
for any two samples z and z’ that differ by exactly one point, the following condition holds:

| L(A(z)(x),y) — L(A(Z)(x),y)| < B. )

In what follows, we assume that 2 is a collection of uniformly stable algorithms. This condition
is not a strong limitation since many existing learning algorithms have been shown to be stable
(Bousquet and Elisseeff, 2002; Mohri and Rostamizadeh, 2010).

Given a sample Z1', we define a set of stable hypotheses as follows:

H ={h € H: there exists A € A such that h = A(Z])}.

For each h = A(ZT) € H, we let (), denote a uniform stability coefficient of A, which is defined
by (5). We will also use a shorthand notation 3; to denote /3y, .

The following is an analogue of Lemma 1 in this setting.

Lemmad4 Let Z1 be any sequence of random variables and let h = (hy, ..., hr) € HT be any
sequence of stable hypotheses. Let q = (qu1, ..., qr) be any weight vector. For any § > 0, each of
the following inequalities holds with probability at least 1 — §:

T T T
. 2
Z @Lrii(he, Z1) < Z @t L(ht, Ziv1) + Z qf; + disc(q) + 2M||ql[21/2]og =,
t=1 0

t=1 t=1
T T T )
> @l Ziwr) < auLrsr (e Z0) + Y anby + dise(q) +2M a2y /2log .
t=1 t=1 t=1

The proof of Lemma 4 is given in Appendix C. This result enables us to extend Theorem 2 and
Theorem 3 to the setting of this section.

Theorem 5 Assume that L is convex and bounded by M. Let Z? be any sequence of random
variables. Let H* be a set of sequences of stable hypotheses and let hy, ..., hr be a sequence
of stable hypotheses. Fix a weight vector @ = (q1,-..,qr) in the simplex and let h denote h =
Ethl Gihy. Then, for any § > 0, each of the following bounds holds with probability at least 1 — §:

T T T
. 2
Lrp(h,Z]) <> gl (b, Z5) < ;qtuht, Zia)+ ) afi+dise(q) +2M a2/ 2log

t=1 t=1

T
Lrpa(h,Z]) < inf > gLra(hf, Z]) + R(B*) ¢ + 2Bmax + 2 disc(q)
h*eH* =1

2
+ Regy +M||q — ul|y + 4M||ql|21/21og 5

) € RT.

il

where Bmax = Suppcy By, and u = (%, cel
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Theorem 6 Assume that L is bounded by M. Let Z71 be any sequence of random variables. Let
H* be a set of sequences of stable hypotheses. Fix a weight vector q = (qu, . . ., qr) in the simplex.
For any § > 0, let h be defined by (4), then, each of the following bounds holds with probability at
least 1 — 6:

4 2T +1)
Lra(h27) <Y qeL(ht, Zia) + max + disc(a) + Mal|z2y [/ 2log =,

t=1

T
T < *
‘CTJrl (ha Zl ) = h*lg,f_[* { Z:: qt'CTJrl(htu ) + R(h )} + 2Bmax
. 2('+1
+2dise(q) + Regy + Ml — s + 20y 210g 2T,

where Bmax = SUppey Bn and u = (%, ol %) e RT.

3.3. Discrepancy estimation

Our generalization guarantees in Theorem 2, Theorem 3, Theorem 5 and Theorem 6 critically de-
pend on the discrepancy disc(q). In this section, under some additional mild assumptions, we
show that the discrepancy measure admits upper bounds that can be estimated from the input sam-
ple.

The challenge in estimating the discrepancy disc(q) is that it depends on the distribution of Zp ¢
which we never observe. Our discrepancy measure is the generalization of the discrepancy consid-
ered by Kuznetsov and Mohri (2015), thus, a similar approach can be used for its estimation. In
particular, we can assume that the distribution of Z; conditioned on the past history changes slowly
with time. Under that assumption, the last s observations Z%_ <41 Serve as a reasonable proxy for
Z7+1. More precisely, we can write

T T T
— Z Z Qtﬁr hta Z71- 1 Z qt[’t+1 ht’ ) ’
—1

disc(q) < sup
heH 4

r=T—s+1t=1 -
T A
+ sup ZﬁTﬂ(ht, Z) - - Z thﬁT(ht,Zfl) :
heH 13 5 el =1

The first term can be estimated from data as we show in Lemma 9 in Appendix C. For this bound
to be meaningful, we need that the second term in the above equation be sufficiently small, which
is in fact a necessary condition for learning, even in the space case of a drifting scenario, as shown
by Barve and Long (1997). However, the main disadvantage of this approach is that it relies on a
parameter s and it is not clear how this parameter can be chosen in a principled way.

Instead, we propose an alternative approach that is based on the implicit assumption that H contains
a hypothesis ~A* that admits a small path-dependent generalization error, whose prediction can be
used as a proxy for Zp 1. We will also assume that the loss function is Lipschitz, that is, | L(y, y’) —
L(y,y")| < Cd(y',y"), where C' > 0 is a constant and d the underlying metric. This assumption
holds for a broad family of regression losses commonly used in time series prediction. In fact, d

10
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often coincides with L, for example, . = d when L is the Lo-norm. Observe that the following
holds for any A™*:

disc(q) < sup
heH 4

T
> a(E {L(ht(XTJrl)? h*(XT+1))‘Z1T] = Lis1 (P, Ztl))‘

=1
T
+ sup | Y q(E [L(ht(XTJrl)ah*(XTJrl))‘ZT} - 'CTJrl(htvz{))'
heH 4 t=1
T
< sup | Y q(L(he(Xr4a), h*(Xr11)) = Lot (b, Z5))
heH 4 =1
T
+ sup ¥ qE [d(ZTH,h*(XTH))‘Zﬂ
heH 4 —1
T
< sup Z @ (L(he(X711), M(X141)) = Lig1(he, Z7))| + A (6)
heHheH 4 | 5=

where A = E [d(ZTH, h(X7141)) ‘ZlT] and we may choose h* to be the hypothesis that achieves

infy« E[d(Zr41, h*(X741))|ZT]. The first term in the above bound, that we denote by disc(q)
can be estimated from the data as the next lemma shows. The guarantees that we present are in
terms of the expected sequential covering numbers E,.2,.[Ni(a, F,z)] of the set F = {(z,t) —
L(ht,z): h € H4} which are natural generalizations to the sequential setting of the standard ex-
pected covering numbers (Rakhlin et al., 2015b). Here, z is a Z-valued complete binary tree of
depth T" and Z7 the distribution induced over such trees (see Appendix A). A similar guarantee can
be given in terms of sequential Rademacher complexity. A brief review of sequential complexity
measures can be found in Appendix A.

Lemma 7 Let ZlT be a sequence of random variables. Then, for any § > 0, with probability at
least 1 — 6, the following inequality holds for all o > 0:

. — . . Esz, (M (, G,z
disc(q) < discy(q) + 1}%fE[d(ZT+1, (X7 1)|ZT]) + 200 + M]q||2\/2 log Zal (1;( )

where disc 1(Q) is the empirical discrepancy defined by

T
discy(q) = sup | > qu(L(hi(Xry1), M(Xr41)) — L(he, Zt+1))‘- (7
heHheH 4 =1

The proof of this result can be found in Appendix C. In Section 4, we will show that that there are
efficient algorithms for the computation and optimization of this discrepancy discy(q). We can
further improve the computational cost by making a stronger implicit assumption that there exists
a single h* that has a small generalization error at each time step ¢. This assumption is closely

related to regret guarantees: the existence of such a hypothesis ~A* implies that minimizing regret
against such a competitor gives a meaningful learning guarantee. Using the same arguments as in
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the proof of Lemma 7, one can show that, with high probability, disc(q) is bounded by disc gr(q)+
infpeepy Zthl q: E[d(Zy, h*(Xt))\Zi_l] plus a complexity penalty, where

T

discyr(a) = sup | Y q(L(he(Xri1), (X 741)) = L(he(Xir1), (Xe11)) | (®)
heHheHT |

4. Applications

In this section we present the applications of our theory to two problems: model selection and the
design of ensemble solutions in time series prediction.

4.1. Model Selection

The first application that we consider is that of model selection for time series prediction. In this
setting, we are given N models that have been trained on the given sample ZI out of which we
wish to select a single best model. In the i.i.d. setting, this problem is typically addressed via
cross-validation: part of the sample Z7 is reserved for training, the rest used as a validation set.
In that setting, high-probability performance guarantees can be given for this procedure that are
close to but weaker than those that hold for structural risk minimization (SRM) (Mohri et al., 2012).
Unfortunately, in the setting of time series prediction, it is not immediately clear how this can be
accomplished in a principled way. As already mentioned in Section 1, using the most recent data for
validation may result in models that ignore the most recent information. Validating over the most
distant past may lead to selecting sub-optimal parameters. Any other split of the sample may result
in the destruction of important statistical patterns and correlations across time that may be present
in the data.

Is it possible to come up with a principled solution for model selection in our general scenario?
Our Theorem 6 helps derive a positive response to this question and design an algorithm for this
problem. Note that Theorem 6 suggests that, if we could select a distribution q over the sample Z7
that would minimize the discrepancy disc(q) and use it to weight training points, then we would
have a better learning guarantee for a hypothesis i obtained via on-line-to-batch conversion defined
by (4). This leads to the following algorithm:

e choose a weight vector q in the simplex that minimizes the empirical discrepancy, that is,
choose q as the solution of one of the following two optimization problems: ming discx(q)
or ming disc 1 ,(q). In several important special cases, these problems can be solved effi-
ciently as discussed later.

e use any on-line learning algorithm for prediction with expert advice to generate a sequence
of hypotheses h € HT', where H is a set of N models trained on Z?". Select a single model h
according to (4).

Observe that, by definition, the discrepancy is a convex function of q since the maximum of a set of
convex functions is convex and since the composition of a convex function with an affine function is
convex. Thus, both ming discy(q) and ming discy , (q) are convex optimization problems. Since

12
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both objectives admit a subgradient, a standard subgradient descent algorithm can be applied to
solve both of these problems. The bottleneck of this procedure, however, is the computation of the
gradient which requires solving an optimization problem in the definition of the discrepancy at each
iteration of the subgradient procedure.

For convex loss functions and a convex hypothesis set H, this optimization problem can be cast
as a difference of convex functions problem (DC-programming problem) which can be solved, for
instance, using the DC-algorithm of Tao and An (1998). Furthermore, this algorithm can be shown
to be globally optimal in the case of the squared loss with a set of linear hypothesis H, which is the
standard setting in time series prediction.

In special case of the squared loss with linear hypotheses H = {x — w - x: ||[w||2 < 1}, optimiza-
tion problem ming discy , (q) admits additional structure that can lead to more efficient solutions.
Indeed, in that case the objective can be rewritten as follows:

T
o~ 9 )
discy,(q) = max ZQtHWt'Xt—H _W‘Xt-i-lHQ_QtHWt‘XT-H _W‘XT+1H2
[Wella <1 [lwll2<1 | 4=
T
= max D (Wi = w) T g(xer1x)y — X%ty (We — w)
[Wella<1,[lwll2<1 |+
= max W -W)"M W - W
e | ) Mia)( )
where W = (wq,...,wy) and W' = (w,..., w), and where M(q) is a block diagonal matrix

with block matrices ¢ (xt+1x2— 1 XTHX—Tr +1) on the diagonal. Furthermore, observe that M(q)
can be written as M(q) = >, _; ¢:M;, where each M; is a block diagonal matrix with all its
blocks equal to zero except from the ¢th one which is qt(xtHXtT - xTHx; +1)- This leads to the
following optimization problem:

min max W - WH M W W
a  [jwile<1,|wl2<1 ( ) M(a)( )

subject to qu =1, q=>0. )

There are multiple different approaches for solving this optimization problem. Observe that this
optimization problem is similar to maximum eigenvalue minimization problem:

min  max ’VTM(q)V‘
4 IViz<2vT

subjectto q'1=1, q>0.

In fact, for T = 1 these two problems coincide. Maximum eigenvalue minimization problem can
be solved using the smooth approximation technique of Nesterov (2007) applied to the objective
(Cortes and Mohri, 2014) or by writing it as an equivalent SDP problem which can then be solved
in polynomial-time using interior-point methods and several other specific algorithms (Fletcher,
1985; Overton, 1988; Jarre, 1993; Helmberg and Oustry, 2000; Alizadeh, 1995; Cortes and Mobhri,
2014). The natural approaches for solving the optimization problem (9) also include the smooth
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approximation technique of Nesterov (2007) or casting it as an SDP problem. Another approach is
based on the relaxation of (9) to maximum eigenvalue minimization. Indeed, observe that

max (W= W)TM(q)(W - W')| < max ’VTM(q)V’ ,
[well2<1,[|w|[2<1 Vl2<2vT

where we let V.= W —W/' and the inequality is a consequence of the fact that, for any w, w1, ..., wp
such that ||wy||2 < 1,||w]|2 < 1 for all ¢ the following bound holds:

T
Ve =W =Wl =Y [we— w3 <2VT.
t=1

We leave it to the future to give a more detailed analysis of the best specific algorithms for this
problem.

In a similar way, we can derive a validation procedure that is based on Theorem 3 for a slightly
different setting in which we do not choose among pre-trained models but rather among different
hyperparameter vectors 61, ...,60y. At each round of the execution of an on-line algorithm, one
hyperparameter vector 6 is chosen as an expert, the corresponding hy is trained on data that has
been observed so far and is used to make a prediction. The final hyperparameter vector is chosen
according to (4).

We conclude this section with the observation that model selection procedures described above can
also be applied in the i.i.d. setting in which case we can take q to be u.

4.2. Ensemble Learning

In this section, we present another application of our theory which is that of learning convex en-
sembles of time series predictors. Given a hypothesis set A and a sample Z7', that may consist of
the models that have been trained on Z7, the goal of the learner is to come up with a convex com-
bination Zthl q¢hy for some h € H 4 and a q in the simplex. We propose the following two-step
procedure:

e run a regret minimization algorithm on Z7 to generate a sequence of hypotheses h.

e select an ensemble hypothesis A = Zle gt+hy where q is solution of the following convex
optimization problem over the simplex:

T-1
min - discy(q) + > aL(hy, Zisa)
t=1
subjectto  ||q — ul]; < A, (10)

where A1 > 0 is some hyperparameter that can be set via a validation procedure.

Note that (10) directly optimizes the upper bound of Theorem 2. If models in H have been trained
on Z7', then an additional linear term Z?Zl q+ 3 appears in the objective and the overall problem can

be handled in exactly the same way. Similarly, discy , (q) may be used in place of disc 1(Q).
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As in Section 4.1, the convex optimization problem in (10) can be solved using a standard projected
subgradient algorithm where at each iteration a DC-algorithm of Tao and An (1998) is used to
compute the discrepancy, if H and L are convex. As before, this DC-algorithm is guaranteed
to be optimal if L is the squared loss and H is a set of linear hypothesis. Furthermore, for linear
hypotheses with the squared loss and discy , (q) in the objective, the same analysis as in Section 4.1
can be used.

5. Conclusion

Time series prediction is a fundamental learning problem. We presented a series of results exploiting
its recent analysis in statistical learning theory in the general scenario of non-stationary non-mixing
Kuznetsov and Mohri (2015) and other existing regret-based analysis and guarantees from the broad
on-line learning literature. This combination of the benefits of different approaches can lead to a
variety of rich problems and solutions in learning theory that we hope this work will promote and
stimulate.
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Appendix A. Sequential Complexities

The guarantees that we provide in this paper for estimating the discrepancy disc(q) are expressed
in terms of data-dependent measures of sequential complexity such as expected sequential covering
number or sequential Rademacher complexity (Rakhlin et al., 2010). We give a brief overview of
the notion of sequential covering number and refer the reader to the aforementioned reference for
further details. We adopt the following definition of a complete binary tree: a Z-valued complete

binary tree z is a sequence (z1, ..., 2r) of T mappings z;: {+1}{~! — Z, ¢ € [T]. A path in the
tree is a sequence 0 = (01,...,07-1), with oq,...,070_1 € {£1}. To simplify the notation we
will write z;(o) instead of z¢(o71, . .., 0¢_1), even though z; depends only on the first ¢ — 1 elements

of o. The following definition generalizes the classical notion of covering numbers to the sequential
setting. A set V' of R-valued trees of depth T is a sequential a-cover (with respect to q-weighted /),
norm) of a function class G on a tree z of depth T if forall g € G and all & € { :l:}T, thereisve V
such that

(i ‘Vt(o') —g(zt(o'))’p> ' < |lall; e,
=1

where || - || is the dual norm. The (sequential) covering number N, (o, G, z) of a function class G
on a given tree z is defined to be the size of the minimal sequential cover. The maximal covering
number is then taken to be Ny, («, G) = sup, N, («, G, z). One can check that in the case of uniform
weights this definition coincides with the standard definition of sequential covering numbers. Note
that this is a purely combinatorial notion of complexity which ignores the distribution of the process
in the given learning problem.

Data-dependent sequential covering numbers can be defined as follows. Given a stochastic process
distributed according to the distribution p with p;(-|z{™") denoting the conditional distribution at
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time ¢, we sample a Z x Z-valued tree of depth T" according to the following procedure. Draw two
independent samples Z1, Z{ from py: in the left child of the root draw Zs, Z) according to pa(-|Z1)
and in the right child according to pa(-|Z5). More generally, for a node that can be reached by a
path (o1, ...,01), we draw Z;, Z] according to p:(-|S1(01), ..., Si—1(0t—1)), where Si(1) = Z,
and S;(—1) = Z|. Let z denote the tree formed using Z;s and define the expected covering number
tobe E, 2, [Np(a, g, z)} , where Z denotes the distribution of z thereby defined.

One can define similarly other measures of complexity such as sequential Rademacher complexity
and the Littlestone dimension (Rakhlin et al., 2015a) as well as their data-dependent counterparts
(Rakhlin et al., 2011). One of the main technical tools used in our analysis is the notion of sequential
Rademacher complexity. Let G be a set of functions from Z to R. The sequential Rademacher
complexity of a function class Z is defined as the following:

T
3516)—sup [ s> vt ay
z 9€Y 11

where the supremum is taken over all complete binary trees of depth 1" with values in Z and where
o is a sequence of Rademacher random variables (i.i.d. uniform random variables taking values in

{£1}D.

Appendix B. Discrepancy Measure

One of the key ingredients needed for the derivation of our learning guarantees is the notion of
discrepancy between the target distribution and the distribution of the sample that was introduced in
Section 2. Our discrepancy measure is a direct extension of the discrepancy measure in (Kuznetsov
and Mohri, 2015) to the setting of on-line learning algorithms and it enjoys many of the same
favorable properties as its precursor.

One natural interpretation of disc is as a measure of the non-stationarity of the stochastic process
Z with respect to both the loss function L and the hypothesis set H. In particular, note that if the
process Z is i.i.d., then we simply have disc(q) = 0 provided that ¢;s form a probability distribu-
tion.

As a more interesting example, consider the case of a Markov chain on a set {0,..., N — 1} such
that P(X; = (i — 1) mod N|X;—1 = i) = Pj (mod 2) and P(X; = (i + 1) mod N|X; 1 = i) =
1 = Pi (mod 2) for some 0 < pg, p1 < 1. In other words, this is a random walk on {0,..., N — 1},
with transition probability distribution changing depending on the equivalent class of the time step
t. This process is non-stationary. Suppose that the set of hypotheses used by an on-line algorithm
is{r—alx—1)+bx+1):a+b=1,a,b> 0} and the loss function is defined by L(y,y’) =
U(|ly — o'|) for some £. It follows that for any (a, b),

['s—l—l(htv Zi) = Ps(mod 2)£(’at — b — 1‘) + (1 — Ps(mod 2))€(|at — b+ 1’)

and hence disc(q) = 0 provided that q is a probability distribution that is supported on odd ts if 7" is
odd or even ts if 7' is even. Note that if we chose a different hypothesis set, then, in general, we may
have disc(q) # 0. This highlights an important property of discrepancy: it takes into account not
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only the underlying distribution of the stochastic process but also other components of the learning
problem such as the loss function and the hypothesis set used. Similar results can be established for
weakly stationary stochastic process as well (Kuznetsov and Mohri, 2014).

It is also possible to give bounds on disc(q) in terms of other natural divergences between distri-
butions. For instance, if q is a probability distribution, then, by Pinsker’s inequality, the following
holds:

T
disc(q) < MHPT+1<~|Z1T>—Ztht<-|zi—1>

T
l _
< 04 (PraCizD) | L aPiizi)
t=1

where || - ||Tv denotes the total variation distance, D(- || -) the relative entropy, P41 (-|Z}) the con-
ditional distribution of Z;1, and Zthl ¢ P (-|Zt) the mixture of the sample marginals.

However, the most important property of the discrepancy disc(q) is, as shown later in Lemma 9
and Lemma 7, that it can be accurately estimated from data under some additional mild assump-
tions.

Appendix C. Proofs

Theorem 3 Assume that L is bounded by M. Let Z{ be any sequence of random variables. Let H*
be a set of sequences of hypotheses that are adapted to Z%F. Fix a weight vector q = (q1,---,qr)
in the simplex. For any § > 0, let h be defined by (4), then, each of the following bounds holds with
probability at least 1 — §:

e , 2(T + 1)
Loy (h,Z1) <Y qiL(he, Ziga) + disc(q) + M| a|21/ 2 log —
t=1
T
h,Z{) < inf Lri1(hi, Z1) + R(h*
Lria(h, 1)_hggH*{;qws r1(hf, Z1) + R( )}
. 2(T'+1
+ 2disc(a) + Regy +M a1l + 20 Jql/210g "1,
whereu = (7,...,7) € RT.
Proof Observe that
. T
Jin. Lry1(he,Z7 )+ 2pen(t,0/2)
-1
2 IIqT llaz—_ll2 2(T + 1)
< — @iLry1(hi, ZT) + ——— disc (qh_,) + 2 log ——=.
0Si<T laz_.[h Z ' ' lar_llx (ar-) laz_lx 0
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Let M; and K; be defined as follows:

- - T . (=T ~T 2(T +1)
M; = Z GLry1(hi, Z7) + 2disc (qT—t) + 2llar_ll2 M/ log s

1=t

T-1
- . ~ ~ 2(T +1
Ky = Z GL(hiy Zit1) + disc (ab_,) + lap_, |2 M [log (5)7

i=t
where ¢; = ¢;/||aX_,|1. Then, by Lemma 1, it follows that
)
0<t<T 2

T
. T .
P<O£?T (L'TH(ht, Zi) + 2pen(t, 5/2)) > min Kt> < ;}P’(Mt > Ki) <

Combining this with Lemma 8 yields the first statement of the theorem. The second statement fol-

lows from the same arguments as in the proof of Theorem 2. |
Lemma8 Let Z1 be any sequence of random variables and let hy,. .., hr be any sequence of
hypotheses adapted to Z{. Let q = (qu,-..,qr) be any weight vector in the simplex. If the loss

function L is bounded and h is defined by (4), then, for any § > 0, each of the following bounds
holds with probability at least 1 — 6:

Lr(hZ) < min (Lri1(he Z1) + 2pen(t, 9)).

Proof We define
t = argmin(Gy + pen(t, §))
0<t<T
t = argmin(S; + pen(t, §)),
0<t<T
where S; = Y1 qsL(ht, Zs) and Gy = Y17 qsRyy1(he, Z3). We also let b = hy and
S = S;. Observe that Sy + pen(t,d) < S + pen(%,8) and so if we let A = {Lr1(h, zh) >
Lry1(h,ZT) + 2pen(t,8)} then

!
_

P(A) = P(A, S-+ pen(L, 8) < S + pen(i, 5)) < IF’(A, S + pen(t,8) < § + pen(?, 5)).
t

Il
o

Note that S; + pen(t,d) < S + pen(t,d) implies that at least one of the following events must
hold:

By ={S; < Lyy1(he, Z]) — pen(t, 5)},
By = {§ 2 ET-H(E? Z{) + pen(t~, 5)}7
Bs = {Lry1(he, ZT) — Lpy1(he, ZT) < 2pen(t, 8)}.
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Therefore,
P(A, 5+ pen(t, ) < 5+ pen(7, 9)) < P(By) +P(By) + P(Bs, A) = P(By) + P(B2)

since P(B3, A) = 0. Then it follows that

T
Z (St < Lrya(he, Z7) — pen(t, 6)) + T > P(Sy > Lrya(he, Z1) + pen(t, 6)).

t=1
By the special choice of the pen(t, d) it follows that P(A) < ¢ and the proof is complete. [ |
Lemmad Let Z1 be any sequence of random variables and let h = (hy, ..., hr) € H! be any

sequence of stable hypotheses. Let q = (q1, . .., qr) be any weight vector. For any 6 > 0, each of
the following inequalities holds with probability at least 1 — §:

T

T T
. 2
> alria(he, Z]) < L(h, Zepr) + > qiBe + disce(q) + 2M ||ql|24/21og 5

t=1 t=1

T

. 2

alrr(h, Z0) + ) @y + dise(q) +2M [[afl21/2log .
t=1

“
Il
—

M~

T
Z qL(h, Ziy1) <
=1

&
Il
—_

Proof For each ¢, we let Z! and ZT be independent sequences of random variables drawn from
P/ (|Z"). Define Z( ) as the sequence (Z1,...,Z¢, Zis1, ..., Zr) and observe that for any
function g: R” — R and any s < t the following holds:

E|g(2]) 23| = E |9(2() | Zi]. (12)
Recall that, by definition of H”, each hy is a hypothesis A;(Z1): X — Y returned by a stable
algorithm A; € 2 trained on Z7.
In view of (12), A; = Liy1(A(Z1), Z8)— Lo 4 (At(i(t)), Z!) forms a martingale sequence. Thus,
by Azuma’s inequality, with probability at least 1 — §/2, Zle Ay < M||q|l24/2log %.

Similarly, B; = Ez, ,[L (A(Z(t 4+ 1)), Ziy1)|ZL]) — L(AL(ZT), Zy41) is a martingale difference
and with probability at least 1 — §/2, Zthl @Bt < M||q||24/2 log %.

By stability, we have L1 (A(Z(t)), Zt) — Ez.,[L (A(Z(t+1)), Zis1)|ZL] < By. Tt follows that,
for any 6 > 0, with probability at least 1 — ¢, the following inequality holds:

T T T
/ 2
ZQt£t+1(hta Z)) < Z%L(ht, Ziy1) + Z%ﬂt +2M||ql|2y/21og 5

t=1 t=1 t=1

The first statement of the lemma then follows from the definition of the discrepancy. The second
statement follows by symmetry. |
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Theorem 5 Assume that L is convex and bounded by M. Let Z1 be any sequence of random
variables. Let H* be a set of sequences of stable hypotheses and let hy, ..., hr be a sequence
of stable hypotheses. Fix a weight vector @ = (q1,-..,qr) in the simplex and let h denote h =
Zthl Gthy. Then, for any § > 0, each of the following bounds holds with probability at least 1 — §:

T
2
h,Z{) < he, Zt) < L(hy, Z d 2M ||ql|21/2log <
Lrpa(h,Z]) <Y ailivi(hi, Z ZQt t: Zt+1) +ZQtﬁt+ isc(q)+2M|lqll2q/21og %,

t=1 t=1

T
[’T+1(h Z ) inf { Z qt»cT+1(h2<7 Z{) + R(h*)} + 2Bmax + 2 dlSC(q)
t=1

h*eH*
2
+Regr +M]lq — ully + 4M|lgl|z1/2log 5,
_ _ (1 T
where Bax = suppeq O and u = (=, .. ., T) € R*.

Proof The proof of this Theorem is similar to that of Theorem 2 with the only difference that we
use Lemma 4 instead of Lemma 1. |

Theorem 6 Assume that L is bounded by M. Let Zr{ be any sequence of random variables. Let
H* be a set of sequences of stable hypotheses. Fix a weight vector q = (q1, . . ., qr) in the simplex.
For any 6 > 0, let h be defined by (4), then, each of the following bounds holds with probability at
least 1 — 6:

T
2T +1
Lri1(h, Z Z L(ht, Zi41) + Pmax + disc(q) + M||q|24/21og (5)7
Lrai(h,Z() < inf { ; alra(hi, Z]) + R(h*)} + 2Bmax
. 2(T'+1
+2disc(a) + Regy +MJa — ul + 200y 2108 20
where Bax = suppey By and u = (%, e T) e RT.

Proof The proof of this Theorem is analogous to the proof of Theorem 3 with the only difference
that we use Lemma 4 instead of Lemma 1. |

Lemma9 Let ZlT be a sequence of random variables. Then, for any 6 > 0, with probability at
least 1 — 6, the following bound holds for all o > 0

disc EZN IR
disc(q) < discy(q) + 57 + 20+ Mllq - us!b\/2 log ZTWé(a 9.2

where the empirical discrepancy is defined by

T
discy(q) = sup |- Z thL he, Z thL(ht,ZH_l)),
t=1

heHA|° —r_gr1t=1
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and y=sup,||Psi1(-|Z) — P(-|ZY)||7v and g is the uniform distribution on the last s points.
Proof We observe that

T

discy (q) — discy(q) < sup > (@ — ) (Elg(Ze, |2 = 9(Zi, 1)),
t=1

where G = sup{(z,s) — L(hs,z): h € H4}. The conclusion of the lemma follows from Theo-
rem 10. u

Lemma7 Let Z1 be a sequence of random variables. Then, for any 6 > 0, with probability at
least 1 — 6, the following inequality holds for all o > 0:

— EZN N ) )
dise(a) < Ty (@) + i BLA(Zr 1,1 (X)) 2] + 20+ M [210g Ze=zel (0671

where disc (Qq) is the empirical discrepancy defined by

ﬁlH(Q) = sup
heH heH 4

ZQt ht XT+1) h(XT+1)) - L(ht,Zt+1))‘~ (13)
t=1

Proof We observe that

Z qt Zt7 Ziil] - g(Zta t) )

discy(q) — (Tl;ZH < sup

where G = sup{(z, s) — L(hs,2): h € H4}. The conclusion of the lemma follows from Theo-
rem 10. |

Theorem 10 Let Z7 be a sequence of random variables distributed according to p. Define ¥(ZT)

by W(2]) = supyer | S aBLA (2012 - 120
inequality holds:

Then, for any € > 2a > 0, the following

IP(\II(ZT) >e€) < VNEZT [J\/’l(a,}", V)] exp <—;€]W_2ﬁz‘)é>.

Theorem 10 is a consequence of Theorem 1 in (Kuznetsov and Mohri, 2015), where a slightly tighter
statement is proven by bounding (®(Z1) — A), with ®(ZT") the supremum of the empirical process
and A the discrepancy measure defined in (Kuznetsov and Mohri, 2015).
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