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with Dependent Data Sequences

Fabien Lauer

LORIA, Université de Lorraine, CNRS, France

Abstract

This paper extends standard results from learning theory with independent
data to sequences of dependent data. Contrary to most of the literature, we
do not rely on mixing arguments or sequential measures of complexity and de-
rive uniform risk bounds with classical proof patterns and capacity measures.
In particular, we show that the standard classification risk bounds based on
the VC-dimension hold in the exact same form for dependent data, and fur-
ther provide Rademacher complexity-based bounds, that remain unchanged
compared to the standard results for the identically and independently dis-
tributed case. Finally, we show how to apply these results in the context
of scenario-based optimization in order to compute the sample complexity of
random programs with dependent constraints.

1 Introduction

Statistical learning theory offers probabilistic guarantees on the accuracy of
models learned from data. Most of these results assume that the data come
from a realization of a sample of independent and identically distributed (i.i.d.)
random variables, which allows one to build the theory upon standard con-
centration arguments. However, this assumption is often unrealistic as depen-
dent data are ubiquitous in real-world applications, such as signal processing,
speech recognition, biological sequence annotation (Baldi and Brunak, 2001),
dynamical system identification (Ljung, 1987), or even handwritten charac-
ter recognition where the images collected for training come from a string of
letters forming a meaningful text.

This paper extends several classical results to sequences of dependent data,
such as risk bounds based on the Vapnik-Chervonenkis (VC) dimension or the
Rademacher complexity. In particular, we focus on uniform risk bounds that
are more suitable for nonconvex loss functions difficult to minimize in practice.

As a motivating application, we also consider the consequences of these
results in the framework of scenario-based optimization for solving uncertain
optimization problems. Here, robust solutions are those that typically satisfy
an infinite number of constraints: one for each value of the uncertain param-
eter of the problem. Scenario-based optimization computes instead proba-
bly approximately correct solutions by sampling the set of uncertainties and



solving the problem with a finite number of constraints. In this context, the
computing complexity is directly related to the number of sampled constraints
and it is thus of primary importance to compute the sample complexity of the
corresponding random program, i.e., the smallest sample size for which we
can guarantee with a high confidence that the probability of violation of the
constraint is low.

Related work Dependence between training instances typically occur for
machine learning in the context of ranking problems, where the training algo-
rithms deal with overlapping pairs of input data. In this setting, prior work on
generalization bounds (Usunier et al., 2006; Ralaivola and Amini, 2015) relied
on a decomposition of the training sample into independent subsamples for
which concentration could be applied by following the graph-coloring scheme
of Janson (2004).

The literature also contains numerous results that do not assume that such
a decomposition is possible, e.g., when a single training instance depends on all
the others as is common when handling time-series or sequential data. In that
case, the general approach is to measure the degree of dependence between
the data points with a mixing coefficient (Bradley, 2005) and assume that
this coefficient tends to zero sufficiently quickly to allow for the derivation of
meaningful bounds. Works in this line include that of Meir (2000); Steinwart
and Christmann (2009); Mohri and Rostamizadeh (2009, 2010) and rely on
technical arguments inherited from Yu (1994). Though the obtained risk
bounds share most of their structure with their counterpart for i.i.d. data, they
also involve the mixing coefficient, which slightly degrades the convergence and
remains difficult to determine or estimate in practice. Note that a connection
between the mixing and graph-coloring arguments is discussed in Ralaivola
et al. (2010).

Other approaches based on Rademacher complexities include that of
Rakhlin et al. (2015), which can also deal with non-stationary sequences
(Kuznetsov and Mohri, 2015), but involves complex computations with tree
processes and decoupling techniques from de la Pena and Giné (1999). Also,
these works consider a different form of the risk (a conditional forecasting risk)
and rely on sequential counterparts of standard capacity measures.

A more recent line of research developped by Simchowitz et al. (2018);
Faradonbeh et al. (2018) relies on techniques from Mendelson (2014, 2018) to
bypass the need for mixing arguments. However, these results apply only to
the empirical risk minimizer (the orthogonal least-squares estimator is consid-
ered in Simchowitz et al. (2018); Faradonbeh et al. (2018)). Thus, they do not
provide uniform risk bounds that apply to any model in a given class, which is
critical for applications with nonconvex loss functions where the empirical risk
minimizer remains elusive (such as unsupervised learning or hybrid dynamical
system identification (Lauer and Bloch, 2019)).

Regarding our motivating application, i.e., scenario-based optimization, we
can distinguish two main lines of research. The first, developed for instance
in Alamo et al. (2009); Lauer (2023), builds upon learning theory to derive
bounds on the probability of violation and sample complexities. The second,
pioneered by Campi and Garatti (2008); Calafiore (2010), relies instead on
convex analysis arguments that lead to tighter bounds for the specific case



of convex optimization. A number of works also tried to extend the latter
to various forms of nonconvex programs (Esfahani et al., 2014; Campi et al.,
2018). However, all these works, either based on learning theory or convex
analysis, assume that the scenarios are sampled independently, which could
be problematic for certain applications, as, e.g., the one of Wang et al. (2021).

Contribution We show that many standard results from learning theory,
such as classification VC bounds and Rademacher complexity-based bounds,
apply without any modification to dependent data. In addition, we derive these
results with proofs that follow the standard patterns and rely on the classical
capacity measures, which stands in contrast to the approach of Rakhlin et al.
(2015) which requires additional arguments and more complex computations
with sequential complexities. In comparison with other works from the liter-
ature, we obtain uniform risk bounds that do not introduce additional terms
or mixing coefficients and that are thus more widely applicable than those of
Simchowitz et al. (2018); Faradonbeh et al. (2018) and tighter than those of,
e.g., Mohri and Rostamizadeh (2009).

Technically, our results rely on a simple construction of the ghost sample
that enjoys the necessary properties, and, for Rademacher complexity-based
bounds, a concentration inequality adapted to dependent variables by follow-
ing van De Geer (2007). Specifically, these allow us to prove the following
claims along the different sections of the paper.

e The standard classification risk bounds of Vapnik (1998) that are based
on the VC-dimension hold in the exact same form for non-i.i.d. training
sequences. Interestingly, no new concentration result is required for the
proof (Sect. 3).

e With an additional stationarity assumption, similar conclusions hold for
VC relative deviation bounds and classification risk bounds with fast
rates, thus generalizing the results of Vapnik (1998); Cortes et al. (2019)
(Sect. 3.1).

e Extending the results above to deal with regression problems poses no
difficulty in the non-i.i.d. context (Sect. 3.2).

e When the Rademacher complexity can be bounded in terms of the
marginal distributions of the data, Rademacher complexity-based
bounds identical to the ones for the standard i.i.d. case hold for de-
pendent data. This is true in particular for linear and kernel machines,
thus generalizing the results of Bartlett and Mendelson (2002) (Sect. 4).

e Using the chaining method, standard risk bounds based on uniform cov-
ering numbers or the fat-shattering dimension are shown to hold also for
non-i.i.d. data (Sect. 4.1).

e In the framework of robust optimization, the sample complexities of
random programs derived in Alamo et al. (2009); Lauer (2023) for inde-
pendent scenarios also hold with dependent scenarios (Sect. 5).

Finally, the main drawback of our approach is that it does not allow the
derivation of data-dependent bounds, i.e., risk bounds in which the complex-
ity term is evaluated with respect to the available training sample. Data-
dependent bounds may be tighter than worst-case or average estimates. How-



ever, this improvement remains limited in many standard cases. In addition,
keeping in mind our motivation stemming from the field of scenario-based op-
timization, we note that data-dependent bounds are irrelevant for computing
sample complexity estimates.

2 Preliminaries

This section presents the general learning framework with dependent data
sequences and the basic tools needed to derive our main results.

2.1 Learning framework

Let (Aj)o<i<n denote a filtration and Z,, = (Z;)1<i<n a sequence of random
variables Z; = (X;,Y;) € & x Y = Z adapted to (A;)1<i<n,’ without any
other assumption. Given a model class F of functions from X — ) and a
bounded loss function £ : Y2 — [0, B], we consider learning a model f € F
from such a training sequence Z, and aim at the estimation of its risk,

1 n
Ln(f) = = > JBU(f(X3),Yy), (1)
i=1
where E denotes the expectation, by its empirical risk
D Uf(X0), V), (2)

Note that for stationary sequences, the Z; variables are identically dis-
tributed and the risk (1) merely boils down to the standard learning risk
El(f(X1),Y1), also considered for sequential data, e.g., in Mohri and Ros-
tamizadeh (2009).

For non-stationary sequences, the risk in (1) does not really assess the
ability of the model to predict future values of Y;, since these need not share the
same distribution with the Y;’s in (1). However, it remains a valuable quantity
for other applications, such as vector quantization or clustering problems,
where, after the obvious reformulation of the loss as £ : X2 — [0, B], the risk
in (1) stands for the distortion or the clustering risk and evaluates how well
the model approximates the distribution of the training sample.

Regarding prediction problems, note that the risk (1) differs from the
conditional risk

LS B (0. ¥) | A g
=1

studied, e.g., in Kuznetsov and Mohri (2015); Rakhlin et al. (2015). The
conditional risk (3) only measures the ability of the model to predict the
(immediate) future of the training sequence, which is particularly well-suited
for time-series forecasting problems. However, it is not suitable for applica-
tions such as dynamical system identification where the model is learned from

LA filtration is a sequence of increasing o-algebras ) = Ay € A C Ay C --- C A, and a
sequence of random variables is adapted to it if each Z; is A;-measurable.



training data offline, and then applied to predict the output of the system
that might have been reset in the meantime. In other words, the conditional
risk (3) refers only to the sample path of the random process used for training,
whereas the risk in (1) averages over all sample paths.

2.2 Basic tools

Most results in statistical learning theory rely on concentration arguments,
which are easily available for samples of independent variables. While we will
see in Sect. 3 that these are sufficient to extend some standard risk bounds to
dependent sequences, others will require a concentration inequality for samples
of dependent variables. It is stated here as a specification of the results in
van De Geer (2007). The detailed proof can be found in Appendix A for
completeness.

Theorem 1 (Bounded difference inequality for sequences of dependent vari-
ables). Let (Z;)1<i<n denote a sequence of random variables (not necessarily
stationary) taking values in Z and g be a real-valued function of Z1, ..., Zy
such that it is A, -measurable and

sup lg(z1, - s ziy- oy 2n) —g(z1, o, 2o z)| < cy i=1,...,n.
(z)1<j<n€2"
ez

Then, for any € > 0,

2
P{g(Z1,.... Z0) —Eg(Zr,..., Zyp) > €} < exp (,1262> .
> i1 6

Note that Theorem 1 provides the exact same result as McDiarmid’s in-
equality for ii.d. variables (McDiarmid, 1989), with the same exponential
rate.

We also recall a famous result from Hoeffding (1963), in its original form
for independent variables, which is all we will require in the sequel.

Theorem 2 (Hoeffding’s inequality). Let (W;)i<i<n denote a sequence of
independent random variables satisfying W; € [a;, b;]. Then, for any e > 0,

PSS W LS Ew s ) <o (2B
(o Z i3 I Z?:l(bi_ai)Q '

3 Classification risk bounds based on the
VC-dimension

We first discuss how to derive the standard VC classification risk bounds
for dependent data. The first ingredient of such bounds is a symmetrization
lemma, which in turn requires two things: a concentration inequality and a
ghost sample. In the classical scenario where the training sample Z,, is made
of independent copies of some random variable Z, the ghost sample Z', can
merely be taken as an independent copy of Z,,. Then, standard concentration
inequalities apply to this sample of i.i.d. variables Z.



In the case of a sequence of dependent variables, we instead build the
ghost sample with variables Z! taken as independent copies of the variables
Z;. Thus, we obtain a sample Z', of independent variables that is also inde-
pendent of Z,, and with each Z ~ Z; (the notation A ~ B indicates that the
two random variables A and B share the same distribution). Note however
that the resulting ghost sample Z/, need not share the same joint distribution
with Z,, as in the classical i.i.d. scenario. But, a careful look at the proof of
the standard symmetrization lemma of Vapnik (1998) shows that this is not
needed for symmetrization to hold. In addition, in this proof, the concentra-
tion inequality is only applied to the ghost sample, not the training sample.
Since our ghost sample is made of independent variables by construction, we
have the following (detailed proof in App. B).

Lemma 1 (Symmetrization). Let Z, denote a sequence of possibly depen-
dent variables and consider the ghost sample Z! = (Z!)1<i<n with each
Z! = (X1Y/) built as an independent copy of Z; = (X;,Yi). Then, for any €

such that ne? > 2B2,
where L, (f) = 3 30, (X)), Y).

Equipped with this tool, classification risk bounds based on the zero-one
loss?

P{Suan(f)_in(f)ze} SQP{SU.pi%(f)—Ln(f)Z

fer feF

N

05, y) = Ly (4)
can be obtained in terms of the growth function IIx(n) of the class F that
can be bounded by the VC-dimension dy¢.

Definition 1 (Growth function). For a set F of classifiers f : X — Y with
a discrete set Y of finite cardinality, its growth function is the largest car-
dinality of the set of classifications produced by its classifiers over all sets
Ty, = (%)1<i<n Of n points:

r(n) = sup {(f(z1),...,f(zn)) : f € F}].
T EX™
Definition 2 (VC-dimension). The Vapnik-Chervonenkis (VC) dimension
dve of a set F of binary classifiers f : X — Y, |Y| = 2, is the largest
number of points n such that Ilx(n) = 2.

More precisely, it is a remarkable fact that no new concentration result is
needed to derive a risk bound for dependent data from Lemma 1. The trick is
that, by introducing independent Rademacher variables and conditioning, we
only require concentration with respect to these variables rather than for the
samples themselves. Therefore, the classical Hoeffding inequality of Theorem 2
applies and the proof of the next result (given in Appendix C) only requires
that the quantity 1px,)2y; —1p( X!)#Y? is a symmetric random variable, which

i

is ensured by the fact that (X/,Y/) is an independent copy of (X;,Y;).

)

2With the loss (4), the risk (1) is just the probability of misclassification P(f(X) # Y) for
stationary sequences.



Theorem 3 (Basic VC risk bound for dependent data). Let F be a set of
classifiers f : X — {—1,+1} with VC-dimension dyc and £ denote the clas-
sification loss (4). Then, for any 6 € (0, 1), with probability at least 1 — 9,

log I (2n) + log 2
n

. dyclo 2en + lo 2
<Ln(f)+2\/2 gd;@ g3

VieF, Ln(f) Sin(f)Jr?\/?

Note that Theorem 3 applies to dependent training sequences Z, and
provides the exact same result as Vapnik (1998) did for the i.i.d. case.

Example 1 (Linear classification). Consider the set of linear classifiers, F =
{f: f(x) = sign({w,z) +b), w € R bec R}, of VO-dimension dyc = d+ 1
(Vapnik, 1998). For all d > 3, Theorem 3 then yields for n = 100000 that,
with 95% probability, the risk of any classifier f € F can be estimated from
its empirical Tisk on the training sample of dependent instances with accuracy

no less than 0.031yv/d + 1 + 0.015.

3.1 Relative deviation bounds

Risk bounds with a faster convergence rate close to O(1/n) instead of O(1/y/n)
can be derived from relative deviation bounds of the form

Lo (f) = La(f)
P {]SflelE‘Ln(f) > e} < Aexp(—nC),

for some constants A and C. In turn, obtaining such results requires a different
form of symmetrization, associated to a concentration argument.

The detailed proof of the corresponding symmetrization given in Cortes
et al. (2019) shows that independence is used at only two different places. It
is first required between data points to apply a binomial tail bound, but only
on the ghost sample. Then, the fact that the training sample is independent
of the ghost sample is used.

Considering now a construction of the ghost sample as in Theorem 1, we
directly obtain the required indepedence: Z,, is independent of Z), and all Z!
in the ghost sample are independent of each other. This leads to the following
generalization of the result of Vapnik (1998); Cortes et al. (2019) to stationary
sequences of training data (the detailed proof can be found in Appendix D for
completeness). Note that stationarity, which is required for the binomial tail
bound, is a reasonable assumption for a prediction task as considered here.

Lemma 2 (Symmetrization for relative deviations). Let Z,, = (Z;)1<i<n de-
note a stationary sequence of possibly dependent variables and consider the
ghost sample Z) = (Z!)1<i<n with each Z! = (X,Y!) built as an independent

copy of Z; = (X;,Y;). Let £ denote the classification loss (4). Then, for any
e such that ne? > 1,

A ~

L(f) = Ln(f) Ly (f) — La(f) €
Pisup ——F—=>¢p <4P ( su > =7,
{feg VIn(f } jer JaEah) + L+ 2



where L,(f) = £ 370 1pixy2vr-

As for Theorem 3, we can derive a fast-rate risk bound from Lemma 2
using only standard concentration arguments, i.e., by following the proof of
Cortes et al. (2019) and introducing independent Rademacher variables, and
the symmetry of 1y, 4y, — 1 XDAY/ ensured by our ghost sample construc-
tion (detailed proof given in App. E).

Theorem 4 (General VC risk bound for dependent data). Let F be a class
of classifiers f : X — {—1,+1} with VC-dimension dyc and ¢ denote the
classification loss (4). Let Zy, = (Z;)i1<i<n denote a stationary sequence of

possibly dependent variables. Then, for any 6 € (0,1), with probability at least
1-96,

log T 7(2n) + log § N 4logl'[]:(2n) +log 3

VfEF, Lu(f) < La(f)+ 2\/ Ln(f)

n n
. . dyclog 2% 4 1og 2 dyc log 2¢% 4 og 4

Here again, the bounds of Theorem 4 provide the same guarantees as the
classical results of Vapnik (1998); Cortes et al. (2019), while holding more
generally for dependent data. In particular, for classifiers achieving a small
empirical error ﬁn( f), these are tighter than the ones of Theorem 3, with a
convergence rate in O(1/n) in the optimistic scenario where a perfect fit of
the data can be ensured.

Finally, we note that the fast-rate and margin-based risk bounds provided
in Cortes et al. (2021) and that involve covering numbers instead of the growth
function can also be proved to hold for dependent data using similar arguments
as above. However, we refrain from giving the details and will instead consider
margin classifiers when discussing Rademacher complexity-based bounds in
Sect. 4.

3.2 Regression bounds

When £ : Y? — [0, B] is a regression loss bounded by B, the VC theory for
classification applies thanks to Inequality (5.11) in Vapnik (1998):

P{Suan(f)!in(f)>e}§P{ sup i(f)in<f>>;}, (5)

fer feF,B€(0,B)

where L(f) and L,(f) are defined as in (1)~(2) with the classification loss
U(f(X;),Y;) = Los(x:),v;)—p>0- Interestingly, it can be checked that Inequal-
ity (5) holds irrespective of the independence of the Z;. Thus, the classification
bounds above can be applied to its right-hand side with the VC-dimension
of a function class that has one additional parameter 5 € (0,B), and this
yields bounds on the regression risk of models learned from dependent data
sequences.

Example 2 (VC bound for linear system identification). Consider a re-
gresston problem with data generated by a linear dynamical system as y; =



(0, x;) + v; with a random noise term v; and x; = (Yi—1,...,Yi—q). In this
case, the data collected from a single trajectory of the system clearly cannot be
assumed to be i.i.d., but the results above still yield performance guarantees.
Specifically, for the squared loss £(7),y) = (§ —y)? and a class of linear models
F={f:f(x)=(w,z), weRY} over ¥ C RY, the VC-dimension of the set
of functions 1y(f(z)4)—p>0 tnduced by F x (0, B) can be computed as follows.
Let ¢ be the function that maps x € X into a vector of all the d* monomi-
als of degree 2 over the components of x: ¢;y(j—1)a(x) = zizj, 1 = 1,...,d,
j=1,...,d. Let z = (z,y) and ¥(2) = (¢(x),yx,y?). Then, for any f € F
and € (0,B),

Uf(2),y) = B = ((w,a) —y)* = B = ((w,2))” = 2 (w,ya) +y* - B,

which is a quadratic function of z but a linear function of 1(z). Therefore, the
VC-dimension of the set of functions 1y(f(z).)—p>0 cannot be larger than the
VC-dimension of the set of linear classifiers of RP 4L 4o which all the P(2)
belong, i.e., dyc < d*> 4+ d + 2. Thus, Inequality (5) ensures with Theorem 3
that, with probability at least 1 — 6,

VieF, Lu(f) < La(f)+2B

. \/ (+d+2)log 2% +log }
n

4 Rademacher complexity-based bounds

We now consider the derivation of risk bounds based on Rademacher com-
plexities instead of VC-dimensions. This also relies on a symmetrization step,
which we conduct using a ghost sample defined as in Section 3. In addition,
we will also require a bounded difference inequality for dependent variables,
which we established in Theorem 1.

Let us first define the relevant capacity measures.

Definition 3 (Rademacher complexities). Let T, = (1)1,<i<n be a sequence
of (not necessarily independent nor identically distributed) random variables
T; € T and oy, = (0i)1<i<n an i.i.d. sequence of uniformly distributed o; €
{=1,4+1}. Let F be a class of real-valued functions over T. The empirical
Rademacher complexity of F given T, s

ﬁTn (F) = [sup Z o f(T, | ]

fefnZ 1

and the Rademacher complexity of F is

R, (F :EﬁTn =Esup — oif
(F) () Sup Z

Note that we keep the subscript T, in the notation of the Rademacher
complexity to emphasize that its definition depends on the distribution of
T,. For a sequence of values t,, = (t;)1<i<n € T", we will also occasionally
write Ry, (F) with a lowercase t,, in the subscript to refer to the value of the
empirical Rademacher complexity computed given T',, = ¢,,.

We can now state the first result of this section (proved in App. F).



Theorem 5 (Rademacher complexity-based bound). Let Z,, denote a se-
quence of possibly dependent variables and consider the ghost sample Z!, =
(Z)1<i<n with each Z! = (X[,Y/) built as an independent copy of Z; =

(Xi,Y;). Let £:Y x Y — [0,B] be a loss function. Then, for any § € (0,1),
with probability at least 1 — ¢,

log %

VfE€F, Ln(f) < La(f) + Rz, (L) + Ry, (£) + By -2,

where L = {ly : Ly(2) = L(f(z),y), [ € F}, and Rz (L) is the Rademacher
complexity of L defined over the ghost sample Z!, instead of Z,.

The main difference with classical Rademacher complexity-based bounds
of, e.g., Bartlett and Mendelson (2002), is due to the possibility of having
different joint distributions for Z,, and Z/,, which prevents us from collapsing
Rz,(L) + Rz (L) into 2Rz, (L). In particular, this compromises the possi-
bility to obtain data-dependent bounds based on the empirical Rademacher
complexities, since the ghost sample is not really available to compute R z, (L).

However, even in the standard i.i.d. case where we can perform such a
simplification, it is common practice to upper bound the Rademacher com-
plexity by its empirical version in a worst-case manner, which we reproduce
here:

Rz, (L) < sup R, (L) and Rz (L) < sup R, (L).

zZpn€EZM ZpnEX™

Therefore, we can obtain a risk bound that does not depend on the ghost
sample anymore, and which coincides with common bounds for the i.i.d. case:

Corollary 1. For any ¢ € (0,1), with probability at least 1 — 9,

log %

VEEF, Ln(f)<Ln(f)+2 sup R, (L)+ B
2ZpEZN 2n

Example 3 (Linear and kernel regression). Consider the squared loss,
09,y) = (y — )%, computed from a bounded output Y € [—M,M] and a
clipped prediction § = min(M, max(—M, 7)) given by a linear model §j = f(x)
from Fup = {f : f(x) = (w,x), ||w|| < A}. Then, standard computations
(detailed in App. G) yield

- AMA
sup Rzn (,C) S SuprX H.TH ,
zZp€Z" \/,Fl’

which can only be improved in data-dependent bounds through the substitution

of /iy || Xil|?/m for sup,ex ||| If we now consider F as the ball of radius
A in the Reproducing Kernel Hilbert Space (RKHS) H induced by the Gaussian

kernel, K (z,2') = exp(—||z — 2'||/202), we have instead

(6)

. AMA
sup R, (L) < ———,
zZp€Z™ © ( ) \/ﬁ

which is exactly what the corresponding data-dependent bound would give in
an i.1.d. setling.

10



Instead of relying on worst-case estimates, another possibility is to use
an upper bound on the Rademacher complexity expressed in terms of the
marginal distributions of the variables Z;, which coincide with those of the
Z!.

Theorem 6. Let Z, denote a sequence of possibly dependent variables Z; =
(X:,Y;) € X x Y. For a bounded loss function ¢ :Y x Y — [0, B] and a class
F of functions from X to Y, let L= {l; : ly(2) = L(f(x),y), feF}. If

Rz,(L) < Rn(L) (7)

with an upper bound R, (L) on the Rademacher complezity of L expressed in
terms of the marginal distributions of the Z;’s, then, for any § € (0,1), with
probability at least 1 — 4§,

log %
2n

VfeF, Lu(f)<Ln(f)+2Rn(L)+ B

Proof. Since R, (£) only involves the marginal distributions of the Z;, which
are identical to the ones of the Z! by construction of the ghost sample in
Theorem 5, the bound in (7) also implies Rz (£) < Rn(L). Then, both
Rademacher complexities in the bound of Theorem 5 can be upper bounded
by R, (L), which yields the desired result. O

Example 4 (Linear and kernel regression—continued). Consider again the
squared loss with the class Fy, for linear regression. Then, the classically used
upper bound on the Rademacher complexity is precisely of a form suitable for

Theorem 6:
AMALV/DS T EIIXG12 —

n

and, since X[ ~ X,

AMAVSTT EIXIZ  4MAYS T E[XZ -
L AMAYSTEIXE _ aMAVSTEINE o

Rz (L)

Thus, we obtain that, with probability at least 1 — 6,

. SMA\/ET)Q2 log 1
Vf € Fum La(f) < In(f) + L FIIE gy 1085

on ’

which coincides with the standard result for linear regression with i.i.d. data.
In addition, similar results can also be derived for classes of kernel models
with E||X;||? replaced by EK(X;, X;), which only depends on the marginal
distribution of X;.

Example 5 (Margin classifiers). Binary margin classifiers are classifiers that
implement f(x) = sign(g(x)) with a real-valued function g € G. For those,
the piecewise linear margin loss function is usually considered: for a margin
v >0,

ly(9(x),y) = min{y, max{0, (1 —yg(x))/~}.
Then, the contraction principle (Ledour and Talagrand, 1991) wyields
Rz, (L) <Rz, (G)/y and an upper bound on Rz, (G) in terms of the marginal
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distributions also leads to a bound on Rz, (L) suitable for Theorem 6. For
linear classifiers, G = {g : g(x) = (w,x), ||w| < A}, we can use the bound of
Ezxzample 4 to obtain

_ AT EX2
Rn(£>: Zz—l H H
n
and a bound on the probability of misclassification via P(f(X) # Y) =
Elfx)zy < Ely(9(X),Y) = Ln(f), where Ly(f) is bounded by Theorem 6.

Of course, similar results hold for kernel machines by exchanging E|| X;||? with
EK(X;, X;).

)

Theorem 6 applies also more broadly to other nonconvex loss functions for
which the contraction principle does not apply as directly as in Example 5.
Note that, for such losses, the empirical risk minimizer remains most often
elusive and the obtention of uniform risk bounds is critical to allow for their
application to the model returned by a training algorithm.

Example 6 (Vector quantization). Consider the problem of vector quantiza-
tion in X C H for some Hilbert space H as discussed in Bartlett et al. (1998);
Biau et al. (2008), where one aims at finding a collection f = (fi)1<k<c € HC
of C codepoints fi. that can well approrimate the observations of X; € X. The
framework of Sect. 2.1 can be modified in the obvious manner to account for
this setting by letting Z; = X; and computing the loss from X? — [0, B] in-
stead of Y? — [0, B]. For nearest neighbors quantizers, the error of the model
f is computed by the loss function

E ) = . - 27
(frw) = in e = fil
and the risk (1) is the so-called distortion of f. Risk bounds in this setting
were derived for the i.i.d. scenario via the Rademacher complexity in Biau
et al. (2008); Lauer (2020b), and their computations led to bounds in terms

of the marginals. For instance, for F = FS, Fo = {fo € H : || follz < A}, we
have

200> B[ Xi]2  CA%2
< = fd
< + NG Rn(L)

and therefore a risk bound that applies in the non-i.i.d. setting via Theorem 6.

Rx., (L)

Other examples, such as in switching regression or subspace clustering
(Lauer, 2020a,b), can be found and lead to the same conclusion: in all these
settings, common bounds on the Rademacher complexity is expressed in terms
of the marginal distributions, and can thus be used verbatim to produce risk
bounds with dependent data. For switching regression, this leads to guaran-
tees on the accuracy of models in switched system identification (Lauer and
Bloch, 2019) that are tighter than those derived in Massucci et al. (2022) with
mixing arguments.

More generally, Theorem 6 can be compared with the results of Mohri and
Rostamizadeh (2009) that provide generic risk bounds based on Rademacher
complexities and mixing arguments, used for instance by Massucci et al.
(2022). For a training sequence Z,, generated by a [-mixing process of mix-
ing coefficient (a) that measures the degree of dependence between data
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points separated by a time steps (see Bradley (2005) for proper definitions
of these terms), and in a setting otherwise similar to Theorem 6, Mohri and
Rostamizadeh (2009) provides the bound:

1 1
VfEF, La(f) < La(f) +2Ru(L) + B\/ o8 5*42(2*”5‘“) , (8)

where a and u are positive integers such that n = 2au, and 6 must satisfy § >
4(p—1)B(a). Theorem 6 offers several advantages over the mixing bound (8).
First, the mixing bound involves the so-called “effective sample size” u =
n/2a < n instead of n itself, which makes it less tight, even when focusing only
on the complexity term of the bound and R, (L) that is computed on a subset
of u points. Second, it is only applicable with values of the confidence index ¢
larger than a quantity that grows with u, which prevents us from reaching the
“practical certainty” of § ~ 107 that is often needed in applications such as
scenario-based optimization. Finally, the last term of (8) involves the mixing
coefficient #(a) that is often unknown and difficult to estimate from the data
itself (see McDonald et al. (2015) for a discussion of this topic).

4.1 Chaining and covering numbers

Chaining (Talagrand, 2014) is a generic method for estimating the empirical
Rademacher complexity of a function class from its covering numbers, defined
in terms of an empirical pseudo-metric.

Definition 4 (Pseudo-metric). Given a sequence t, € T", day, is the empir-
ical pseudo-metric over the set of functions from T to R defined by

n

da, (f. 1) = (1 Z | f(ti) — f,(ti)|2) .

n
i=1

Definition 5 (Covering numbers). Given a class F of functions of T — R
and a pseudo-metric p, the covering number N (e, F, p) at scale € of F for the
distance p is the smallest cardinality of the proper e-net H C F of F such
that Vf € F, p(f,H) < e. Uniform covering numbers are defined for the
pseudo-metric of Definition 4 by

No(e, Fyn) = sup N(e, F,dag,).
tnheT"

Theorem 7 (Chaining). Let F be a real-valued function class over T and,
forany t, € T", let Dy = supy pryer2 dat, (f, 1) denote its diameter. Then,
for any integer N > 0,

D N -
Re (F ! Dr2-3, F
tn ( )ST;JFGDJEE :2—]\/0gN( 7279, Fda)

. n
J=1

As we have seen in the examples above, the Rademacher complexity of the
loss class £ can usually be bounded in terms of the one of the function class
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F via contraction arguments that merely introduce a factor LSO.3 Thus, if
we let C'(X,,,F) denote the bound on the empirical Rademacher complexity
of F given by Theorem 7, then after taking expectation and using Jensen’s
inequality, we obtain

RZ7L(£) S L@EC(XTM]:)

N B
LS(,D]: s logEN(D;2_J,]:, d27zn)

)

=1

and a bound on the Rademacher complexity given in terms of expected cover-
ing numbers. This bound thus depends on the distribution of Z,, and would
differ on the ghost sample Z/,. However, in many cases, the covering numbers
are merely bounded by their uniform (worst-case) counterpart, i.e.,

EN(D#27, F,do x,) < sup N(Dr277, F dog,) = No(Dr279, F,n),

T EXT

which are themselves bounded in terms of the fat-shattering dimension (see,
e.g., Alon et al. (1997); Mendelson (2002); Mendelson and Vershynin (2003)).
Then, the resulting bound,

N =
R(F) = L“;ef + 6L¢D;22ﬂ\/logN2(D22 Fon),
7j=1
on the Rademacher complexity on the training sample applies similarly to the
one on the ghost sample, Rz (F), and this leads, with Theorem 6, to the
same result one would have obtained under an i.i.d. assumption.

In addition, if one is reluctant to use the uniform (worst-case) covering
numbers, many bounds in the literature on the expected covering numbers
are given in terms of the marginal distributions.

For instance, in the multi-category classification setting, Bartlett et al.
(2017) derived a covering numbers bound for a class £ of margin loss functions
induced by a class of spectrally-regularized deep neural networks, which is of

the form A5 )
c X
1OgN(6,ﬁ,d2,zn) < w
€
This directly yields a bound on the expected log covering numbers that could
be used in (9) and that is expressed in terms of the marginal distributions,

and thus is valid for both the training and the ghost samples.*

3The factor L, is the Lipschitz constant of the univariate function ¢ used to compute the loss
(f(x),y) = ¢(u), where u is for instance yg(x) for margin classification or f(x) — y for regression.

“Note that when formulating (9), we could have applied Jensen’s inequality only to the square
root and express the bound in terms of expected log coverging numbers.
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5 Application to scenario-based optimiza-
tion
A robust optimization program can typically be written as

rgréiél J(0) (10)

s.t. f(x,0) <0, VrelX,

with an infinite number of constraints induced by the set X that accounts for
the uncertainties in the parameters of the problem. Scenario-based optimiza-
tion computes solutions to (10) with probabilistic guarantees of feasibility by
solving random programs of the form

0 € argmin J(6) (11)
0O

st f(X;,0) <0, i=1,...,n,

where the uncertainties are sampled in order to yield a finite number of con-
straints. Note that in order to avoid confusion, we kept the notations of the
rest of the paper and denote the random quantity as X and the optimization
variable as 6 (instead of x as is usually done in the robust optimization liter-
ature). Here, X,, = (X;)1<i<n is a random sample of “scenarios” X; € X and
O is a general and deterministic feasible set (think of © = R? for instance).

The two critical issues in scenario-based optimization are to estimate the
probability of violation of the computed solution,

Ln(0) = P{f(X1,0) > 0},

where we assume stationarity of X,,, and the number of scenarios one should
sample to guarantee a certain reliability, i.e., the sample complexity of (11),
defined for given €, § € (0, 1) as the smallest n such that

A~

P{L,(0) > ¢} <6 (12)

holds.

For independent scenarios, Alamo et al. (2009) proposed upper bounds
on the probability of violation and sample complexity estimates based on the
VC-dimension of the set of indicator functions

T ={ly € {0,1}" : I(x) = 1f(4.9)50, 0 € O} (13)

Random programs for which the VC-dimension cannot be bounded can be
handled with other results from Lauer (2023) that are instead based on the
Rademacher complexity of the class of margin loss functions,

Lo =1{l€[0,1]" : ly(x) = min{l, max{0,1 + f(x,0)/7}}, 6 € O}, (14)

for a margin v > 0.
We generalize these results to the case of dependent scenarios below.
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5.1 Sample complexity of random programs with
dependent scenarios and finite VC-dimension

We now consider the case of dependent scenarios, i.e., when X, is a sample
of dependent variables. Building on the results of Section 3, we obtain the
following sample complexity, which we only state for the zero-error case that
is rather standard in the framework of scenario optimization.

Theorem 8. Let X, denote a stationary sequence of random wvariables of
values in X™. Let dyc denote the VC-dimension of the set (13). Assume that,
for any x,, € X", the random program (11) is feasible and that an algorithm
computes a feasible point 6. Then, for any 6 € (0,1), with probability at least
1-9,

R 4logTI7(2n) + log 4 4dyclog(222) 4 log 4
P{A(Xy,0) > 0} < Hlosllz(n) Flog5 live) 2
n n

and, for any e € (0,1), 0 € (0,1), the sample complexity of (11) is no more
than

9 40 4
n(e, ) = - <dvc log - + log 5) )

Proof. Theorem 4 can be reformulated for the loss £(0,7) = 15, 4)>0 Where
f € F is identified with # € © and the growth function and VC-dimension of
F are replaced by those of Z (13). This yields the bound on the probability of
violation above under the assumption that 6 is a feasible point for (11), i.e.,
Ln(6) = 0.

Then, (12) holds as soon as

41og TI7(2 log 4
0g z(n)+0g5§€’
n

which is implied by

dyc
4 <2en> exp(—ne/4) < 0.
dvc

Using Theorem 6 in Alamo et al. (2009), this can be ensured by setting

4 4 8
n > inf B logf—|—dv(;10gf'u ,
p>lep—1 ) €

in which the suboptimal choice p = 5 suffices to conclude. O

Here, Theorem 8 yields the same guarantees as Alamo et al. (2009) for
scenario optimization, but applies more broadly to dependent scenarios.

5.2 Margin-based sample complexity of pseudo-
linear random programs

For random programs with infinite (or merely too large) VC-dimension, we in-
stead follow the margin-based approach of Lauer (2023) which, given a margin
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parameter v > 0, implements the following random program instead of (11):
0 € argmin J(6) (15)
0cO
sit. f(X;,0)<—v, i=1,...,n.

More specifically, we focus here on problems in which the constraint function
is of the form

f(xz,0) = max fir(x,0) (16)

ke{1,...,C}

for a collection of C functions

fk(xve) = ¢k(x)—r¢k(9) + nk($)v k=1,... 7Ca (17)

based on functions ¢, : X — R™ ¢ : © — R™ and 7, : X — R.5 Then,
combining the contraction principle (with Lipschitz constant 1/v) and Theo-
rem 2 in Lauer (2023) yields

C
= 1 TkAk
Rx,(Ly0) < Rn(Lyo) == ) (18)
Vi Vn

where £, g is as in (14), 7, = sup,cy ||¥x(2)|, and Ay = supyce ||k(8)]].
Note that this bound holds similarly for any ghost sample X, € X™, which
leads to the following.

Theorem 9. Let X, denote a stationary sequence of random wvariables of
values in X™. Let 1, = sup,cy [|[Vx(2)|| and Ap = supgeg ||@(8)||. Fiz the
margin parameter v > 0 and assume that, for any x, € X", the random
program (15) is feasible and that an algorithm computes a feasible point 6
satisfying the margin condition f(xi,éi) < —=v,1=1,...,n. Then, for any
0 € (0,1), with probability at least 1 — 4,

TkAk log%

N

and, for any € € (0,1), 6 € (0,1), the sample complexity of (11) is no more

than )
1
n(e,8) = 62( ZTkAk—i—\/logé) .

k=1
Proof. Apply Theorem 5 to the loss class (14) and use (18) to bound the two
Rademacher complexities. Then, the bound on the probability of violation
follows from the feasibility of 0, that ensures that L, (6) computed with the
margin loss £,(0,z) = mm{l max{0, 1 —|—f(x 0)/~v}} is zero, and the fact that
PA(X,0) > 0} < PLS(X,6) > —1} = Ln(d).
Then, (12) holds as soon as

P{f(X,0) >0} <= Z

4 Z TkAk log 3 <
2n

which is ensured whenever n > n(e, ). O

5The results actually hold for a more general form of composition in (16), as detailed in Lauer
(2023).
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Again, the proposed method yields with Theorem 9 the same guarantees
as Lauer (2023) for scenario optimization, but in a more general setting that
allows the sampling of dependent scenarios.

6 Conclusions

This paper explored the possible extensions of standard risk bounds to depen-
dent data. This resulted in a number of uniform risk bounds applicable to a
wide range of problems. Compared with other approaches from the literature
for deriving uniform bounds without assuming independence, the proposed
method provides tighter bounds and does not rely on a mixing condition dif-
ficult to verify in practice.

Yet, one drawback of the proposed approach is the lack of data-dependent
counterparts of the bounds. However, as seen on a number of examples,
data-dependent bounds do not offer improved guarantees in several classical
cases. In addition, regarding the motivating application of scenario-based
optimization, where the focus is on the sample complexity, data-dependent
bounds are irrelevant. In this context, we showed that standard results so far
limited to the i.i.d. case also hold with dependent scenarios. This provides
the basis for a refined analysis of several problems in control theory such as
that of Wang et al. (2021), and the basic tool for investigating new sampling
strategies in robust optimization.

Another open issue arises in scenario-based optimization, where the
standard bounds for conver random programs (Campi and Garatti, 2008;
Calafiore, 2010) heavily rely on a binomial tail bound and independence.
As these follow a proof scheme rather different than that of learning theory
bounds, the current work does not allow their extension to dependent scenar-
ios, which would allow for a straightforward strengthening of the results of
Wang et al. (2021).

A  Proof of Theorem 1

Let (Wi)i<i<n be a random sequence adapted to (A;), i.e., a sequence of
real-valued A;-measurable random variables. Recall that an A;_1-measurable
variable is said to be predictable. Define

oS
=1

We will first state a few intermediate results on generic variables W; that
are necessary for the proof of Theorem 1.

Lemma 3 (Hoeffding’s lemma, slightly extended). For predictable random
variables L; < W; < U; with E[W; | A;—1] =0,

E[e/BWi | Aiq] < eBQ(Ui_Li)Q/S.

Proof. Replace the constant bounds by L;, U; and the expectation by the con-
ditional expectation in the standard proof of Hoeffding (1963): by convexity
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of the exponential,
65Wi < Ui — Wi eﬁLi + Wi— Li eﬁUi
Ui — Li Ui - Li
and
U,— L,
Then, use the fact that the L; and U; are predictable and E[W; | A;_1] = 0:
| Ui —EWi | A1) o EIWi | Aima] — Li a0
E 6W1 - < ? L (4 BLZ ? ? L] ﬂUl
e Aima] < UL e 4 U1, e

) L
— 7t BLi v BU;
U-Li¢ UL
— MBUi—Li))

]E[eﬂwi | Ai—1] <E [[[]]Z__WZ eBLi

[ 7

Aia| +E |

A

with h(u) = uLl;/(U; — L;) + log(1 + L;[(1 — €")/(U; — L;)]). By comput-
ing derivatives and the Taylor expansion, we know that h(u) < u?/8, which
completes the proof. ]

Lemma 4 (Lemma 2.4 in van De Geer (2007)). Assume E[W; | A;_1] =0
and L; < W; < U; with L; and U; that are predictable (i.e., A;—1-measurable).
For any B > 0, the sequence of random variables

Cn(B) = exp (,Bsn—,@ZZ(Ui—LZ‘)Z/8> , n=12...,

i=1

is a supermartingale, i.e., E[G,(8) | Ap—1] < Gu—1(8).

Proof.
E[Cn(ﬁ) | -An—l]
=E |exp (6 > (Wi - B(U; - Li)2/8)> | An—l]
=1
n—1
=E |exp (B(Wn = B(Un — Ln)?/8)) [ exp (BWi = B(U; — Li)*/®)) | -An1]
=1

Here, the assumed predictability of L;, U; implies that, for any function f,
Vi <n-— 1, E[f(WZ, Li, UZ) | -An—l] = f(WZ, Li, Uz) Thus,

n—1
E[¢n(B) | An-1] = (H exp (B(W; — B(U; — Li)2/8))>

i=1
x E [exp (B(W,, — B(U, — Ln)2/8)) | Ap—1]
n—1
< H exp (B(Wz — B(U; — Lz‘)2/8))
i=1
n—1
_exp (5 S (W - (U Lz->2/8>>

=1
= Cn—l(/B)7

where we used Lemma 3 for the inequality. O
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Theorem 10 (Hoeffding inequality for sums—simplified version of Theorem
2.5 in van De Geer (2007) with fixed n). Assume that L; < W; < U; for
predictable random variables L; and U;, i.e., they are A;_1-measurable. Also
assume that E[W; | A;_1] = 0. Then, for anyt >0 and ¢ > 0,

=1

P {Sn >t and Z(Uz —L)*< 02} < exp(—2t3/c?).

Proof. By Lemma 4, (,(5) is a supermartingale. Thus, for any n,

ECn(ﬁ) = EE[gn(ﬂ) | 'Anfl] < Egnfl(ﬁ)

and, by induction,

Eu(8) < ECi(B8) = Eexp(8S) — 2(Ur — L1)*/8) = Eexp(BW1 — 8*(Ur — L1)*/8)
= Elexp(W; — 82Uy — L1)?/8) | Ag] (since Ag =)
<1,

where we used Lemma 3 for the last inequality.
Now consider the event

A= {Sn >t and Z(UZ — L1)2 < 62} .
i=1
Then, since ¢, ()14 < (u(B),

El¢n(8)14] < E[Gn(8)] < 1.

But on A, we have

n

(a(B) = exp <6Sn — B> (Ui - Li>2/8> > exp(Bt — B22/8),

i=1
so that
E[Cn(8)1a] > Elexp(St — 52 /8)14] = exp(Bt — 5°c? /8)E[1.4]
— exp(Bt — B2 [8)P(A).

Thus,

1
PA < o)

Now set 3 = 4t/c?, this yields

= exp(—ft + 5%c*/8).

P(A) < exp(—4t?/c® +16t2/8¢%) = exp(—2t*/c?).

Now, we are ready to state the proof of Theorem 1.
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Let us define the random variables G = g(Z1,...,Z,) and W; = E[G | A;]—
E[G | Ai-1]. Then,

9(Zy,...,Zy) —Bg(Zy,...,Z) = G —EG
E

Therefore, the theorem is just an application of Theorem 10 to S, = > ;| Wi,
after checking that

EW; [ Ai-1] = E[E[G | Aj] [Ai—1] — E[E[G | Ai1] | Ai—1]
—E[G | A1) —E[G | Ai1] = 0

(due to the tower property, since A;_1 C A;). Actually, to apply Theorem 10,
we also need predictable (A;_1-measurable) bounds on W;. First note that

Li = Hzle[g(Zb .. 'aZithinJrl?' . aZn) ‘ A’L]

and
U’i = SUPE[Q(ZL .- '7Z’i—1az7 Zi+17 .. 7Zn) | AZ]
z

are A;_j-measurable (since Z; is replaced by an arbitrary z in their definition)
and satisfy
L; <E[G | A] < U,

while the bounded difference assumption ensures that U; — L; < ¢;. So, since
W; = E[G | Ai] — E[G | A;_1], we have the following predictable bounds:

Li=L,—E[G| A1) <W; <U; —E[G| A] =U;

with U; — L; < ¢;. Thus, with ¢ = 3.7, ¢2 ?:l(Ui — L;)? < ¢ always holds

i=1 "1

and, by Theorem 10: for any ¢ > 0,

P(S,>t)=P {Sn >t and Z:(UZ — L)< 02} < exp(—2t?/c?).
i=1

Recalling that S, = g(Z1,...,Z,) —Eg(Z1,...,Z,) and choosing t = € com-
pletes the proof.

B Proof of Lemma 1

Define the events

feF

A(f):{Ln(f)_fanC)Zﬁ}y A:{SUPLn(f)_fanC)Zf}
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B() ={L(H L) 2 5}, B= {sup ()~ La(h)

~2 feF

N o

Let f* € F denote the function that depends solely on Z,, and such that®

A

Lo(f*) = Lu(f*) = sup Lo (f) — La(f).

feF

Then, since f* € F, we have
P(B) = P{B(f")}.
For any real numbers a, b, c,

= b—a>

Y

N

and thus
Pb—a>e€/2)>Plc—a>¢, b—c>—¢/2).

Applied with a = L, (f*), b= L. (f*) and ¢ = Ly(f*), this gives:

PUB) 2 P{Lu) - L) 2 & E07) ~ La(£) 2 5 )
=P LA, L) - L) 2 5

= Elar) ig (- La(r)> 5

= BE [ La() iy 50y Loz
= El,(E |1

LI, (f*)=Ln(f*)>5

~ELa P{ () = Ll 2 5

The probability in the latter can be bounded as

P{mf*) ~Lufz 5 Zn} —p{|in) - L) < £ 2.)
+ P{LL(f") = Lalf") > 5| 2}
> P{|E() L) < | 2.}
>1- P{|LL(F) — Lalf)] > 5| 20}
=

where the last inequality is obtained from (a conditional form of) Bienaymé-
Chebyshev’s inequality applied to the random variable L/,(f*) whose expec-
tation is L, (f*) by construction of the ghost sample (Z] ~ Z;):

n

BEL () = - DB (X, YY) = - S BUS(X0), Vi) = La(f).
=1 =1

6Tn case this is not possible, choose f* as the function for which the difference is n-close to the
supremum and take the limit n — 0 to conclude as in Cortes et al. (2019).

22



Note that we can apply this inequality here since given Z,, f* is fixed and
independent of Z/,. Moreover, by the independence of Z,, and Z/,:

E[(Ln(f*) = La()? | Zn| < s0pE[(L1(f) = La(f))?]

feFr

where the two last lines are due to the independence of the Z; and the fact
that, for any f, ¢(f(X]),Y/) € [0, B]. Thus,

4B [(L4(F*) = La(f*)? | Za]

€2

V
|
N
3
——
IN

< <

)

BQ
ne?

| =

since, by assumption, ne? > 2B2.
Therefore, we have shown that

P(B)> P{B(/")} > 3ELys) = s PIA()) = 3P(4)

and this concludes the proof.

C Proof of Theorem 3

We will prove that

P {;22 Lo(f) = Ln(f) = e} < 2007 (2n) exp(—ne’/8), (19)

which implies the first inequality of Theorem 3 if we let 6§ =
2117 (2n) exp(—ne?/8) and solve this equation for e. The second inequality
is then obtained by bounding the growth function by the VC-dimension with
Sauer’s lemma (Sauer, 1972; Vapnik, 1998), as usual.

By Lemma 1, we only have to bound the deviation between the empirical
risk on the training sample and the one on the ghost sample. Let o, =
(04)1<i<n denote a sequence of independent Rademacher variables uniformly
distributed in {+1, —1}. Then, this random quantity,

. . 1 &
D=L, (f) = La(f) = - > Lixney — Lisy
i=1

is identically distributed to
1 n
D==3 oLy = Lexpev),
i=1
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since (X;,Y;) and (X/,Y/) are independent and identically distributed, which
makes (1 Fxhzy, —Lg( Xi#yi) a symmetric random variable whose distribution

remains unchanged after multiplication by a random sign o;. Thus,

P {sup L) = La(F) > 2}
feFr

1o .
=[E1 ¢ sup — oi(Leixnay: — Lexawy ) > —
{fefn; i(Lroepavy = Lpxoev) 2}

=EE

1 & €
1 ¢ sup — oi(1 ’ +—1 X)AY;) > 5
{fe]-‘n; i(Xpoxnzyy = Lroevi) 2}

1 & €
=K P{an :sup — Zai(lf(xf)?éyi' — 1y(x)2y;) > 5

feF i
ZmZ%},

where we let D, = (D;)1<i<pn and D; = O',L'(]_f(XZ{)#yi/ — 1¢(x,)2y;). For any

1 & €
=EPJ{ D, :sup— D; > -
{ a2t

fixed f and Z,, Z,, the conditional expectation of these variables is zero:
ED; | Z,, Z]] = (Lyxnzvy — Lp(x,)#v;)Eo; = 0. Thus, by applying Hoeffd-
ing inequality (Theorem 2) on the sequence of independent variables D,,, we

obtain
1 — € —n2e?
P< - D;>-\Z, Z Sexp(),
L gme) <o (g
where ¢; = b; — a; with a; < D; < b; and a; = —1, b; = 1. This gives c? =4

and
1 < € , —ne?
vfeF, P ni§1D¢>2 Zn, 72, §exp< 5 )

Therefore, with Fx xr = {(f(X1),..., f(Xn), fF(X1),.... f(X})) : f € F},
by the union bound,

1 n
P{Dn:supZDi>;

n
fer i3

2
—ne
vazln} < I]:angllexp< 5 )

and the conclusion stems from Lemma 1 and Definition 1.

D Proof of Lemma 2

The proof follows the lines of that of Lemma 2 in Cortes et al. (2019) and
makes use of the following.

Lemma 5 (Theorem 1 in Greenberg and Mohri (2014)). For any positive
integer m and any probability p such thatp > 1/m, let X be a random variable
distributed according to the binomial distribution with m trials and probability
of success of each trial p. Then, EX = mp and

P(X >EX) >

o |
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For any f € F, consider the events

mﬂ:{uﬁ%%dﬁ

Tolh) >>€} and  B(f) = {L4(f) > La(/)}.

Then

APNB) © COf) = Ln(f) = Euld) )/2>e}.

{W%m+%m+i
To see this, first note that
Af) = La(f) < Lu(f) = eVIa(h),

which also implies € < /Ly( Then, also note that, for all a,b > 0, the
function a— is 1ncreasmg in a and decreasing in b (the derivatives are

D)2
positive and negative). Thus,
A(f) = Li,(f) = Lu(f) > L;L(f)—Ln(f)—i-e\/T(f) ’

V@D + L+ /2 JELWD + Lalf) — e/Tnlf) + 1)/2
where, on B(f),

L) —LuD+ eVl VIn(f)
\/(ﬁil(f)Jan(f)*e‘ Ln(f) + 3£)/2 \/(2L (f) = e/Iu(f) + 1)/2
CJeLan -+t

(because € < m) Since we assume ne? > 1 and thus €2 > 1/n, we have
—€% + % < 0 and
Ly(f) = La(f) + e/La(f) _ eVIalf) _
W%m+mm—emm b2 VI

Now, let f* € F denote the function that depends solely on Z,, and such

that” . .
Ln(f*) — Ln(f*) = sup Ln(f) — Lnn(f)
Ln(f) feF Ln(f)

Then, by the discussion above,

P{C(f")} = P{A(f") N B(f")}
=Ela1ps)
=EE [La(p)1p()| Zn]
=E1y(sE [1p()| Z0]
= Bl P{B(f*) | Zn}.

"In case this is not possible, choose f* as the function for which the ratio is n-close to the
supremum and take the limit n — 0 to conclude as in Cortes et al. (2019).
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Moreover, given Z,,, f* is fixed and if L, (f*) > €2, then under the assumption
ne > 1, L,(f) > 1/n. Then, by stationarity and the construction of the ghost
sample, the Z] are i.i.d., which makes the quantity

=1

distributed according to a binomial distribution with m = n trials and prob-
ability of success p = P(f*(X]) # Y/) = P(f*(Xi) # Y;) = Lp,(f*) > 1/m.
Thus, by Lemma 5, P{B(f*) | Z,} > 1/4 and, in the case L,(f*) > €,
P{C(f*)} = E1,(+)/4 and P{A(f*)} < 4P{C(f*)}. In the other case, if
Ln(f*) < €%, then A(f*) cannot hold and P{A(f*)} = 0 < 4P{C(f*)}. So,

in any case:

L (f) = Lu(f) _ .

<4P{C(f")}

< 4P sup Liy(f) = La(f) Sl

17\ (L) + Ly (f) + 2)/2

where the first equality is due to the choice of f* and the last inequality is
due to f* € F.

E Proof of Theorem 4

We proceed as in the proof of Theorem 3 (see App. C) with a sequence
on = (0i)1<i<n of independent Rademacher variables uniformly distributed
in {+1,—1} and by taking advantage of the symmetry of the (1yxnzys —
Li(xevi):
L(f)—L
plap_ BB
PPN\ (Ln(f) + L (f) + 3)/2

1
_E1dsup® >oim1 (L xnyy = Lyxo#vi)

15\ JEalh) + E4(F) + 172

1 n
= o1 ! ’ 1 . .
_EE |1 sup n 2im1 Oi(Lpxnzyy = Ly(x)#v:) 2 Mz 2

165\ JLalh) + L)+ 1)/2

i1 Oi(Lpxnayy — Lpx)2v)

=E P o, :sup > €| Zn, Z),

ST L)+ L) + 1)/2
:EP{Dn : suplZDi > € Znaziz}v

fer i
o-i(lf(XZ{);ﬁYi’_lf(Xi)¢Yi)

VEn(DHEL () +E)/2
for any fixed f and Z,,, Z),, we have E[D; | Z,, Z!] = 0. Thus, by applying

where we let D,, = (Di)lgign and D; = . Since Eo; = 0,
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Hoeffding inequality (Theorem 2) on the sequence of independent variables

D,,, we obtain
—2n2e?
Z,,Z + <exp <> ,
n} > ¢

1n
P{E D; > ¢
n
=1

where ¢; = b; — a; with a; < D; < b;. In particular, we have

—Lpxnzvy = Lpxoyl —[Lpxnpvy — Ly(xevi]
\/(Ln(f)JrLéL( D02 JH+ S Lo + L)/
—[1pepeyvy = Lxpev V2
\/1+Zz 1 Lpx)2ys + Lpxnzyy

a; =

and, similarly:
’]_f X' ;éyl—]_f 7éy|\/2’l7,

" \/1+Zz ! #Y"‘lf(X)?fY”
which gives
cf = 21 pxpvy — Lycxopvil V20 2 _ 8n(1nf(xg>ﬂ; — Lxzv)’
VU S Lo + Loy ) i o Loy
8”(1f(X’)¢Y’ — Lixen)®
T it Lxo#y + Ly
and

< 8n,

Z 2 8”21 1(1f XD#Y! — 1f(Xi)7£Yi)2
S T T pin e + L
where the last inequality is due to

2 2 2
(Xrexenzyy = Lixoen)™ = Yioxnavy + 1poa)2v — 2L zvi a2y,

S Lroxpzyy T Lrxozye

Thus, for any f € F,

Pl o,:

n S Tilepeyy — Liccsv) > el Zn, Z! % <exp (_n62>
V@) + L) + 1)/2

and) with anX;, = {(f(Xl)a .- 7f(Xn)7f(Xi)7 s 7f(X7/L)) : f € f}? by the

union bound,

w i Oi(Lpy vy — Ly v,)
P< o, :sup

= = e\Z,,Z
1€ JLn(F) + L) + 1)/2

n

2
—ne
< |fxnxg|eXp< 1 > :
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Gathering it all and using Lemma 2:

p{ L) = Lo(f) } Cap L(f) = Lu(f)

sup sup > €

se7 VL) ST S ) + L) + 22

2

2
< 4I1£(2n) exp ( Ze > .

By setting § = 4I17(2n) exp(—ne?/4), we obtain that, with probability at least
1-4,

2 4
e HH-L) <2\/lognf<2n>+log5
L(f) n
and, using A < BVA+C=A<B2+BJVC+C yields

L(f) < ﬁn(f) + mQ\/logH;(zn) +1Og%

n

4 4
= L(f)<fxn(f)-|-2\/I:n(f)10gﬂ]—‘(2n)+10g5+410gHF(2n)+log§,

n n

in which the growth function IIz(2n) can be bounded in terms of the VC-
dimension dy ¢ by Sauer’s lemma (Sauer, 1972; Vapnik, 1998).

F Proof of Theorem 5

We will show that, with probability at least 1 — 4,

log %
2n

sup (Ln(f) = Ln(f)) < Rz, (£) + Ry (€) + B
feF

Let us first rewrite, with a slight abuse of notation, the loss as ¢(Z;) =
(f(X;),Y;). Then, we apply a bounded difference inequality to

9(Z1, Zn) = 50 (La(f) = La(f))
feF
If ¢(Z;) € [0, B], then the bounded difference condition with ¢; = B/n is
satisfied and we can apply Theorem 1. By setting § = exp(—2t%/ Y1 | ¢?) =
exp(—2nt?/B?), and thus t = By/log(1/6)/2n, we get that, with probability
at least 1 — 9,

oup (L0(f) = £0(9) < s (£a9) - L) + B B2, (a0

Then, introduce the ghost sample Z! and use its independence with Z,, and

Z! ~ Z; to write

1 n

ORI
=1

E Z,

— E% ZK(ZZ’) = %ZEE(Zl) = Ly (f),
i=1 i=1
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and thus

E sup (Ln(f) — fm(f)) = Esup (E [:L ZE(Z;)

fer

= E sup (E [1 En 0zl — 1 5" U Z;) Zn])
fer ni3 i=1
1 n

EE | su —E 0Wzh —0z))\ zZ,

< [fe};n - ( ( z) ( ))
1 n

= E sup — 0z —0(2Zy)),

By 3 (A7) ~ )

where we used Jensen’s inequality in the third line.

Then, we can introduce Rademacher variables as follows. As in the proof
of Theorem 3, the variables (¢(Z!) — ¢(Z;)) are symmetric by construction of
the ghost sample that ensures that Z; ~ Z/ and Z; is independent of Z.
Thus, for any o, = (04)1<i<n € {—1,+1}" chosen independently of Z; and
Z!, we can replace them by o; (¢(Z]) — ¢(Z;)) without changing the resulting
expectation. Furthermore, averaging over all the 2" sequences of ¢; does not
change the result either. This leads to

Esup — 3 (U(Z)) — €(2)) = Esuwp~ 3 o ((2)) — (Z)

feF i feF i

1o 1o
<Esup— Y ol(Z)+Esup— > —0l(Z;)
fef”; Az fef”; o

n

1< 1
= Esup — oil(Z]) + Esup — oil(Z;
up LY a(Z) + B LY (2

= Ra(L) + Ry, (L),

where we used 0; ~ —o; in the third line. Together with (20), this completes
the proof.

G Proof of (6)

For any z, € Z", by the contraction principle (Ledoux and Talagrand, 1991),
we have R, (L) < 4M7Rg4, (F). Then, the computations of Bartlett and
Mendelson (2002) give

%o (7)< WELTEP _ Asupycy o]
n vn

for linear models. For kernel models, the norms || X;|| are replaced by
| K (X5, )| = v/ K(Xi, X;), which is 1 for the Gaussian kernel.
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