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Abstract

Supervised classification techniques use training samples to learn a classification rule with
small expected 0-1 loss (error probability). Conventional methods enable tractable learning
and provide out-of-sample generalization by using surrogate losses instead of the 0-1 loss
and considering specific families of rules (hypothesis classes). This paper presents minimax
risk classifiers (MRCs) that minimize the worst-case 0-1 loss with respect to uncertainty
sets of distributions that can include the underlying distribution, with a tunable confidence.
We show that MRCs can provide tight performance guarantees at learning and are strongly
universally consistent using feature mappings given by characteristic kernels. The paper also
proposes efficient optimization techniques for MRC learning and shows that the methods
presented can provide accurate classification together with tight performance guarantees in
practice.

Keywords: Supervised Classification, Robust Risk Minimization, Performance Guarantees,
Generalized Maximum Entropy

1. Introduction

Supervised classification techniques use training samples to learn a classification rule that
assigns labels to instances with small expected 0-1 loss (error probability). Conventional
methods enable tractable learning and provide out-of-sample generalization by using surrogate
losses instead of the 0-1 loss and considering specific families of rules (hypothesis classes).
The surrogate losses are usually taken to be convex upper bounds of the 0-1 loss such as
hinge loss, logistic loss, and exponential loss, see e.g., Bartlett et al. (2006). The families of
rules considered are usually given by parametric functions such as those defined by neural
networks (NNs) and those belonging to reproducing kernel Hilbert spaces (RKHSs), see e.g.,
Shalev-Shwartz and Ben-David (2014). Such techniques can result in strongly universally
consistent methods using surrogate losses that are classification calibrated and Lipschitz
(Bartlett et al., 2006; Tewari and Bartlett, 2007) together with rich families of rules such as

(©2023 Santiago Mazuelas, Mauricio Romero, and Peter Griinwald.

License: CC-BY 4.0, see https://creativecommons.org/licenses/by/4.0/. Attribution requirements are provided
at http://jmlr.org/papers/v24/22-0339.html.


https://creativecommons.org/licenses/by/4.0/
http://jmlr.org/papers/v24/22-0339.html

MAZUELAS, ROMERO, AND GRUNWALD

those given by functions in RKHSs corresponding with universal kernels (Micchelli et al.,
2006; Steinwart, 2005).

Most learning methods are based on the empirical risk minimization (ERM) approach
that minimizes the empirical expected loss of training samples (see e.g., Vapnik (1998); Mohri
et al. (2018); Shalev-Shwartz and Ben-David (2014)). Other methods are based on the robust
risk minimization (RRM) approach that minimizes the worst-case expected loss with respect
to an uncertainty set of distributions (see e.g., Asif et al. (2015); Shafieezadeh-Abadeh et al.
(2019); Duchi and Namkoong (2019)). These methods correspond with generalized maximum
entropy techniques as shown in Mazuelas et al. (2022) using the theoretical framework in
Griinwald and Dawid (2004).

RRM methods mainly differ in the type of uncertainty set considered. These sets are
determined by constraints over probability distributions given in terms of metrics such as
f-divergence (Duchi and Namkoong, 2019), Wasserstein distances (Shafieezadeh-Abadeh
et al., 2019), moments’ fits (Asif et al., 2015), and maximum mean discrepancies (Staib and
Jegelka, 2019). In addition, the uncertainty sets considered often only include probability
distributions with instances’ marginal that coincides with the empirical marginal of training
samples (Asif et al., 2015; Farnia and Tse, 2016; Fathony et al., 2016; Cortes et al., 2015).
An important advantage of RRM methods is that the function minimized at learning can
be an upper bound for the expected loss if the true underlying distribution is included in
the uncertainty set considered. In such cases, RRM techniques automatically ensure out-of-
sample generalization and provide performance guarantees at learning. The uncertainty sets
considered by existing techniques can include the true underlying distribution in methods that
address a transductive setting (Balsubramani and Freund, 2015, 2016) or utilize Wasserstein
distances (Shafieezadeh-Abadeh et al., 2019; Lee and Raginsky, 2018; Frogner et al., 2021)
and maximum mean discrepancies (Staib and Jegelka, 2019). However, uncertainty sets
formed by distributions with instances’ marginal that coincides with the empirical do not
include the true underlying distribution for finite sets of training samples.

The original 0-1 loss is utilized by certain RRM techniques (Asif et al., 2015; Farnia
and Tse, 2016; Fathony et al., 2016; Balsubramani and Freund, 2015) which provided
inspiration for the present work. Most of these pioneering techniques considered uncertainty
sets of distributions with instances’ marginal that coincides with the empirical of training
samples, and therefore they do not provide tight performance guarantees at learning. Such
performance guarantees are provided by PAC-Bayes methods (Ambroladze et al., 2007;
Germain et al., 2015; Mhammedi et al., 2019) and RRM techniques in transductive settings
(Balsubramani and Freund, 2015) or based on Wasserstein distances (Shafieezadeh-Abadeh
et al., 2019; Lee and Raginsky, 2018). PAC-Bayes methods consider specific classification
rules such as margin-based and ensemble-based classifiers. In addition, the tightness of their
performance bounds relies on that of multiple inequalities including Jensen’s, Markov’s,
and Donsker-Varadhan’s change of measure (Bégin et al., 2016). Wasserstein-based RRM
techniques utilize surrogate losses and consider specific families of rules. In addition, the
tightness of their performance bounds relies heavily on the adequacy of the Wasserstein
radius used (Shafieezadeh-Abadeh et al., 2019; Frogner et al., 2021).

This paper presents minimax risk classifiers (MRCs) that minimize the worst-case
0-1 loss over general classification rules and provide tight performance bounds at learning.
Specifically, the main results presented in the paper are as follows.
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o We develop learning methods that obtain classification rules with the smallest worst-
case expected 0-1 loss with respect to uncertainty sets that can include the underlying
distribution, with a tunable confidence (Section 2.2). In addition, we detail how to
determine uncertainty sets from training data by estimating the expectation of a
feature mapping and obtaining confidence vectors for such estimates (Section 3).

e We characterize the performance guarantees of MRCs in terms of tight upper and
lower bounds for the error probability and also in terms of generalization bounds
with respect to the smallest minimax risk (Sections 4.1 and 4.2). In addition, we
show that MRCs are strongly universally consistent using feature mappings given by
characteristic kernels (Section 4.3).

e We present efficient optimization techniques for MRC learning that obtain the classifiers’
parameters and the tight performance bounds using reduced sets of instances and
efficient accelerated subgradient methods (Section 5). In addition, we quantify MRCs’
performance with respect to existing techniques and show the suitability of the
performance bounds presented (Section 6).

Some of the results presented in this paper have appeared before in Mazuelas et al.
(2020). The main new results presented in this paper include: extension to instances’ sets
that are general Borel subsets; analysis of the generalization capabilities of the approach
presented even in cases where the underlying distribution is not included in the uncertainty
set considered; universal consistency of the methods proposed using rich feature mappings;
and efficient optimization techniques based on accelerated subgradient methods. Specifically,
the proofs of the theoretical results are extended to allow for infinite sets of instances instead
of finite sets by using Fenchel duality instead of Lagrange duality. The MRCs’ generalization
bounds are extended in new Theorem 7 to cases when the uncertainty set does not include
the underlying distribution, and new Theorem 8 shows the universal consistency of MRCs
that use feature mappings given by characteristic kernels. In addition, new Theorems 9
and 10 show that MRC learning can be efficiently addressed using reduced sets of instances
and subgradient methods that exploit the specific structure of the optimization problems in
MRC learning.

Notation: calligraphic upper case letters denote sets, e.g., Z; | Z| denotes de cardinality
of set Z; vectors and matrices are denoted by bold lower and upper case letters, respectively,
e.g., v and M; for a vector v, ||v||, [|[v]|1, and ||v||oc denote its L2-, L1-, and L-infinity norms,
respectively, v1 denotes its transpose, v(® denotes its i-th component, |v| and v, denote the
vector given by the component-wise absolute value and positive part of v, respectively, and
diag(v) denotes the diagonal matrix with diagonal given by v; probability distributions and
classification rules are denoted by upright fonts, e.g., p and h; E.., or simply E, denotes
the expectation w.r.t. probability distribution p of random variable z; for a probability
distribution p over & x Y, we denote by p,, py its corresponding marginals over X and ),
respectively, and by p, the corresponding conditional distribution given y € Y; < and
> denote vector (component-wise) inequalities; 1 denotes a vector with all components
equal to 1 and I{-} denotes the indicator function; finally, for a function of two variables
f:AXxY— Z, f(z,-) denotes the function f(x,-):) — Z obtained by fixing x € X.
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2. Minimax risk classifiers

This section first states the problem of supervised classification and summarizes different
learning approaches, then we describe MRCs with 0-1 loss and their relationship with
existing techniques.

2.1 Problem formulation and learning approaches

Classification techniques assign instances in a set X to labels in a set ), where X is a
Borel subset of R? and ) is a finite set represented by {1,2,...,|Y|}. We denote by
A(X x Y) the set of Borel probability measures p on X x ), also referred to as probability
distributions. Both randomized and deterministic classification rules are given by functions
from instances to probability distributions on labels (Markov transitions). We denote the
set of all classification rules by T(X,Y), and for h € T(X,)) we denote by h(y|z) the
probability with which instance xz € X is classified by label y € Y (h(y|z) € {0,1} if labels
are deterministically assigned to instances).

Supervised classification techniques wuse n training instance-label pairs
(x1,11), (2,Y2), .., (Tn,yn) from the underlying distribution p* to find classifica-
tion rules that assign labels to instances with small error probability. If p* € A(X x ) is the
true underlying distribution of instance-label pairs, the error probability of a classification
rule h € T(X,)) is its expected 0-1 loss denoted by R(h), that is

R(h) = Ep- {£(h, (x,y))}

with £(h, (z,y)) = 1 — h(y|z) the 0-1 loss of rule h at instance-label pair (z,y). In the
following, we overload the notation for the loss function and denote the expected loss of h
with respect to probability distribution p as ¢(h, p) == E,{¢(h, (z,v))}.
The optimal classification rule is the solution of the optimization problem
A inf  £4(h,p"). 1

wertd 1, U ) (1)
This solution is known as Bayes classification rule and the minimum value above is known as
Bayes risk. Optimization problem &?* cannot be addressed in practice since the underlying
distribution p* is unknown and only training samples (z1,¥1), (x2,y2), .-, (Zn, yn) from p*
are available.

Existing supervised classification techniques can be interpreted as approximations of 42*
by an optimization problem of the form

& . inf sup L(h,p) (2)
heF peu

for F a family of classification rules, i an uncertainty set of distributions, and L a surrogate
loss function.

The ERM approach considers uncertainty sets of distributions that contain only the
empirical distribution of training samples. In such an approach, the approximation of &2*
by & is controlled by the choice of the family F C T(X,)) through a bias-complexity
trade-off addressed by structural risk minimization (SRM) (Vapnik, 1998). Families of
rules reduced enough to provide uniform convergence of empirical averages can ensure that
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the objective function in & uniformly approximates that of &7*, i.e., empirically averaged
losses accurately approximate expected losses for all the rules considered. If the family of
rules is also general enough to contain a classification rule near the Bayes rule, then the
minimum value of &2 is similar to the minimum value of &2* and the ERM approach leads to
near-optimal performance. This trade-off for the generality of the family of rules considered
is usually controlled by selecting a parameter that determines the size of the family of rules,
e.g., the radius of the RKHS ball of functions that defines the family of rules.

The RRM approach considers uncertainty sets of distributions determined by constraints
obtained from training samples. In such an approach, the approximation of &* by & is
controlled by the choice of the uncertainty set 4 C A(X x V). Uncertainty sets general
enough to contain the underlying distribution can ensure that the objective function in
& upper bounds that of &%, i.e., the worst-case expected loss upper bounds the actual
expected loss for any classification rule. If the uncertainty set is also reduced enough to
provide a tight upper bound, then the minimum value of & is similar to the minimum value
of &7* and the RRM approach leads to near-optimal performance. This trade-off for the
generality of the uncertainty set considered is usually controlled by selecting a parameter
that determines the size of the uncertainty set, e.g., the radius of the Wasserstein ball that
defines the uncertainty set.

An important advantage of the RRM approach with respect to ERM is that the former
does not require to constrain the classification rules considered in order to provide provable
out-of-sample generalization. Such property is due to the fact that the optimum of & for
RRM upper bounds the expected loss with respect to any distribution in the uncertainty
set, independently of the family of rules considered. On the other hand, the optimum of &
for ERM is ensured to be near the out-of-sample risk only if the family of classification rules
considered provides uniform convergence of empirical averages.

Optimization problem & not only has to reliably approximate &* but also has to be
tractable computationally. Such tractability is commonly achieved by 1) considering families
of classification rules determined by certain parameters (e.g., weights of neurons in NNs
or coefficients of linear classifiers), and 2) substituting the 0-1 loss ¢ by a surrogate loss L
(e.g., hinge-loss or logistic-loss). The usage of non-parametric classification rules can lead
to huge-scale optimization problems (a general rule h € T(X,)) is determined by |X||Y|
values), and the minimization of 0-1 loss is often NP-hard (see e.g., Ben-David et al. (2003);
Feldman et al. (2012)).

In the following we show how the proposed MRCs approximate the optimization problem
Z* in (1) by an optimization problem of the form

Pyre . inf sup £(h,p) (3)
heT(X,Y) peU

for an uncertainty set I/ that can include the underlying distribution with a tunable confidence.
MRCs do not rely on a choice of surrogate loss and family of rules. The only change in
Pyre with respect to Z2* consists on using an uncertainty set U instead of the underlying
distribution p*.

Certain previous RRMs methods also address an optimization problem of the form
(3) (Asif et al., 2015; Fathony et al., 2016). However, the uncertainty sets considered by
such methods only include distributions with instances’ marginals that coincide with the
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empirical. With such an additional constraint for the uncertainty set, these approaches
become equivalent to ERM with a surrogate loss referred to as adversarial zero-one loss.
Therefore, their out-of-sample generalization properties are akin to those of other ERM
methods and cannot exploit the RRM’s benefits of approximating &2* by an upper bound.

2.2 MRCs with 0-1 loss

The classification loss £(h, (z,y)) of rule h at instance-label pair (z, y) quantifies the loss of the
rule evaluated at instance z € X when the label is y € ). In this paper we consider 0-1 loss
that is given by £(h, (x,y)) = 1 —h(y|z), while MRCs for general loss functions are described
in (Mazuelas et al., 2022). The usage of 0-1 loss is specially suitable for discriminative
approaches since it quantifies the classification error, while other loss functions such as
logistic loss can be more suitable for conditional probability estimation since they score
probability assessments. Specifically, if p* is the true underlying distribution of instance-label
pairs, the expected 0-1 loss £(h,p*), also referred to as the risk R(h), coincides with the
error probability of classification rule h.

The proposed MRCs minimize the worst-case expected 0-1 loss with respect to dis-
tributions in uncertainty sets that can contain the true underlying distribution with a
tunable confidence. These uncertainty sets are given by constraints on the expectations of a
vector-valued bounded and Borel measurable function ® : X x Y — R™ referred to as feature
mapping, e.g., multiple polynomials on x and y or one-hot encodings of the last layers in
an NN. Such mappings are commonly used in machine learning to represent instance-label
pairs as real vectors (see e.g., Mohri et al. (2018); Bengio et al. (2013) and next Section 3.1).

In the following we consider uncertainty sets

U= {p eAX,Y): [E{d} — 7] = )\} (4)

given by a feature mapping ® together with mean and confidence vectors 7 € R™ and
A € R™, and satisfying one of the following regularity conditions.

R1 The set X is finite and there exists a probability measure p in U.

R2 There exists a probability measure p in U such that [E,{®(z,y)®} — 7| < X\ for
any i € {1,2,...,m} with A(®) > 0 and

R2.1 A® >0 forallie {1,2,...,m} or
R2.2 the support of the r.v. ®(z,y) for (x,y) ~ p is not contained in a proper affine
subspace of R™.

These regularity conditions are utilized to ensure strong duality holds for the inner
maximization in the minimax problems, and they are satisfied with wide generality. For
instance, such conditions are satisfied if there exists a probability measure p such that
E,{®} = 7 and {®(z;,vi),i = 1,2,...,n} is not contained in a proper subspace of R™.
In addition, if those n points are contained in a proper affine subspace I' € R™ with
dimT = m’ < m the feature mapping could be easily modified so that R2.2 is satisfied for
instance by using

<I>’(:c, y) = ((@(x,y) — Z())TV1, (P(z,y) — zo)TvQ, coy (P(z,y) — zo)Tvm/) c R™
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where I' = {zg + auvi + aave + ... + apy Vs a1, a0, . ., oy € R}

The mean vector 7 € R™ in (4) is an estimate of the feature mapping expectation
E,«{®} with respect to the underlying distribution. In this paper, we consider expectation
estimates obtained as the sample average

Th = % > (i, i) (5)
=1

obtained from the n training samples (z1,y1), (x2,v2), ..., (Tn, yn) that are assumed to be
independent samples from the underlying distribution p*. Nevertheless, it is important to
note that most of the results presented in the paper as well as the general methodology
proposed can be utilized with general types of expectation estimates. Alternative estimators
for the expectation can be preferred in several practical scenarios including cases with
different distributions at training and test (Mohri and Medina, 2012; Mazuelas and Perez,
2020; Alvarez et al., 2022) and cases where the distribution of features has heavy tails (Lugosi
and Mendelson, 2019; Hsu and Sabato, 2016).

The confidence vector A € R™ in (4) is an estimate of the mean vector component-wise
accuracy |Ep-{®} — 7|, and controls the size of the uncertainty set considered. In particular,
if A corresponds to the length of confidence intervals at level 1 — § centered at 7, then
the true underlying distribution is included in the uncertainty set (4) with probability at
least 1 — . Section 3.2 describes how to choose such confidence vectors for different feature
mappings.

Classification rules that minimize the worst-case error probability over uncertainty sets
U given by (4) are referred to as MRCs.

Definition 1 We say that a classification rule i is a 0-1 MRC for uncertainty set U if

h* € arg inf sup £(h,p)
he T(X,Y) peU

and we denote by R(U) the minimaz risk against U, i.e.,

R(U)= inf sup £4(h,p).
he T(Xx,Y) peU

The following result shows how 0-1 MRCs can be determined by a linear-affine com-
bination of the feature mapping. The coefficients of such combination can be obtained at
learning by solving the convex optimization problem

Prxt min 1—7Tpt () + ATl (6)

where!

Syee @@, y) T —1
p(p) = sup
zeX,CCY ‘C’

(7)

1. Here, as in the sequel, we implicitly assume that the set C C ) over which we take the maximum excludes
the empty set.
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Theorem 2 Let U be an uncertainty set as in (4) that satisfies R1 or R2 and p* be a
solution of optimization problem P, x. If a classification rule h € T(X,Y) satisfies

W (ylz) > d(z,y) "W — p(p*), Ve e X,y eV (8)

then W is a 0-1 MRC for U. In addition, we have that
RU) =1 - 770" + o(u) + AT)"|. (9)
Proof See Appendix B. [ ]

A classification rule satisfying (8) always exists because for every x € X the sum over
y € Y of the positive part of the right hand side of (8) is not larger than one. Specifically,
for any = € X, the number

o= () 1w —o(u")), (10)

yey
is zero or equal to

max ) (=, y) = [Clo(u”)
yeC

that is not larger than one by definition of ¢(-) in (7).

The characterization of MRCs in terms of the inequality in (8) may seem counter-intuitive
because for some pairs (x,y) such classification rules are not uniquely determined. However,
such pairs do not affect the worst-case error probability. Specifically, the set of pairs (x,y)
where (8) is not satisfied with equality has zero probability under a worst-case distribution
in U because for p¥ € U

inf  sup £(h,p) =¢(h",p*)
heT(X,Y) peU

~1- / W () dp (2, y) = 1 — 77" + AT|] + ()
= /h“(ylx) — (@, y)Tu — () dp" (2, y) = (T — Egu®(z,y))  p* — AT|u*]
= [ wyle) - Tt — o)) dp (2, ) = 0.

since p“ € U = (1 — Eme)(:x,y)) p = AT|p| <o.

In order to avoid ambiguities, we will refer to 0-1 MRC for uncertainty set U as the
classification rule h* obtained by normalizing the positive part of the right hand side of (8).
Specifically, let for z € X

oy [ (@@ )T — () /o i #0
h (y\x){ “1/!3279 B o Z0 (11)

with ¢, given by (10). Such classification rule is univocally determined by p* and satisfies (8)
because ¢, < 1 for any x € X'. In addition, we denote by h{ the deterministic classification
rule corresponding to h¥, that is

hY(y|z) = I{y € argmaxh¥(-|z)} = I{y € argmax ®(z, -) T pu*} (12)
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where a tie in the arg max above can be resolved arbitrarily. In the following, we will refer
to such classification rule hY as the deterministic 0-1 MRC for U.

The above Theorem 2 provides a representer theorem for MRCs. The classical representer
theorem for ERM over RKHSs (see e.g., Mohri et al. (2018); Evgeniou et al. (2000)) states
that the solution of ERM over the set of classification rules given by functions in an RKHS
ball is determined by a linear combination of n functions corresponding with the training
samples. Such result enables to address the minimization of empirical loss over an infinite-
dimensional RKHS because it becomes equivalent to a minimization over n parameters.
Analogously, Theorem 2 states that the solution of Z\rc over the set of all classification
rules is determined by a linear-affine combination of the m components of the feature
mapping. Even if the optimization problem addressed by MRCs does not impose constraints
on the classification rules considered, the feature mapping utilized determines the parametric
form of its solutions. Theorem 2 enables to address the minimization of the worst-case error
probability over general classification rules since it becomes equivalent to a minimization
over the m parameters p. As shown in Section 5 below, optimization (6) can be efficiently
addressed in practice. In particular, Theorem 9 shows that the set X’ in (7) can be substituted
by a reduced set of instances such as that formed by the instances at training.

Note also that MRCs are often given by sparse combinations of the components of
the feature mapping since the last term in optimization problem (6) imposes an L1l-type
regularization for parameters. L1-norm regularization is broadly used in machine learning
(see e.g., Hastie et al. (2019); Mohri et al. (2018); Mol et al. (2009)) and the regularization
parameter used to weight the L1-norm is commonly obtained by cross-validation methods.
The result in Theorem 2 can directly provide appropriate regularization parameters from
the length of the expectations’ interval estimates. In addition, the regularization term
A p) =327 XD in (6) allows to penalize differently each component of p. Such type
of L1-norm regularization is usually referred to as adaptive or weighted, and has shown
to significantly improve performance (Zou, 2006; Candes et al., 2008). For MRCs, the
regularization term causes that feature components with poorly estimated expectations (i.e.,
components () with large /\(i)) have a reduced or null influence on the final classification
rule.

2.3 MRCs with 0-1 loss and fixed marginals

The following result shows how existing RRM methods that utilize 0-1 loss correspond
to MRCs that use uncertainty sets of distributions with instances’ marginal given by the
empirical distribution. In particular, such MRCs correspond to Ll-regularized ERM with
a loss referred to as adversarial zero-one in Fathony et al. (2016) or as minimax hinge in
Farnia and Tse (2016).

For the following result we consider uncertainty sets of the form
V={pe A ¥): {0} 7| = Aandp, =p} (13)

where p? is the uniform distribution over instances with support {z1,xo,...,2,} C X for n
specific instances.
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Theorem 3 Let 7, € R™ be such that the uncertainty set V in (13) is not empty. If pu*
s a solution of the optimization problem

1 n
minl — 77+ =" @(u, ;) + ATyl (14)
m n
where
(1,7) = e e 20

and hY is the classification rule

WY (ylz) = (®(x,y) 0" — @(u*,2)) , Ve e X,y e (15)
then, hY is a 0-1 MRC for V, that is

hY earg inf sup ¢(h,p).
heT(Xx,Y) peV

Proof See Appendix C. u

If the instances {x1,z2,...,2,} are those obtained at training, the 0-1 MRCs for
uncertainty sets given by both expectations and marginals constrains as in (13) correspond
to existing techniques known as maximum entropy machines (Farnia and Tse, 2016) or
zero-one adversarial (Fathony et al., 2016). Specifically, if {(z;,v;)};", are training samples
and 7 is given by (5), then optimization problem (14) becomes

1< O(x;,y) — P(ai,y:)) T+ |Cl -1
i LS Soe(@riy) = Blray) a1
Bon=ccy IC]|

1=

that corresponds to Ll-regularized ERM with a loss referred to as minimax hinge in Farnia
and Tse (2016) or as adversarial zero-one in Fathony et al. (2016).

Uncertainty sets V given by (13) do not contain the true underlying distribution for a
finite number of training samples since such sets only contain distributions with instances’
marginal that is uniform over the training instances. Hence, the usage of such uncertainty
sets does not allow to obtain the performance guarantees shown in Section 4 below for
uncertainty sets given by (4).

3. Uncertainty sets of distributions

As described above, MRC classification rules have the smallest worst-case error probability
over distributions in an uncertainty set. This set is determined by expectations estimates
of a feature mapping. In this section we first describe common feature mappings and then
characterize the accuracy of expectation estimates obtained from training samples.

10
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3.1 Feature mappings

Most of the results presented in the paper are valid for general feature mappings
®: X x)Y—R"™ In this section we describe feature mappings that are common in
supervised classification and will be used later in the paper. Such feature mappings are
given by real-valued functions over the set of instances ¥ : X — R, referred to as scalar
features. The most common and simple way to define feature mappings over X and ) is to
use multiple scalar features over X’ together with a one-hot encoding of the elements of )
(Tsochantaridis et al., 2005; Crammer et al., 2006; Mohri et al., 2018) as follows

®(z,y) = My = 1}¥(x) " Hy = 2}¥(2)",....I{y = Y}¥(2)']" =e, @ U(z)  (16)

where U(z) = [th1(2), ¥2(x), ..., p(x)]T for D scalar features ¢y,9,...,%p, €, is the y-th
vector in the standard basis of RY!, and @ denotes the Kronecker product. The feature
mapping ® represents each instance-label pair (z,y) by an m-dimensional real vector with
m = |Y|D, so that ®(x,y) is composed by |Y| D-dimensional blocks with values ¥(x)
in the block corresponding to y and zero otherwise. Other feature mappings can exploit
relationships among classes as described for instance in Bakir et al. (2007); Caponnetto et al.
(2008).

Multiple types of scalar features are commonly used in supervised classification including
those given by thresholds/decision stumps (Lebanon and Lafferty, 2001), last layers in an
NN (Bengio et al., 2013), and random features corresponding to a RKHS (Rahimi and Recht,
2008). Most of the results shown in this paper are valid for general features, while for those
showing the universal consistency of MRCs we use random features that embed instances
into rich feature spaces corresponding to RKHSs.

3.2 Confidence vectors for expectation estimates

In this section, we describe conditions for confidence vectors A that lead to uncertainty sets
given by (4) that contain the true underlying distribution with high probability. Specifically,
we consider uncertainty sets U given by feature mappings defined by (16) using scalar
features in a family F together with mean vectors obtained as in (5) using the sample
average of n independent samples from the underlying distribution p*.

We denote by As any confidence vector that has coverage probability at least 1 — 4,
ie, P{{Ep{®} — 7| < As} > 1 — 6, so that the underlying distribution p* is included with
probability at least 1 — ¢ in the uncertainty set given by As. The following result describes
such confidence vectors in terms of the cardinality |F|, the empirical variance of the feature
mapping, and the Rademacher complexity R, (F). In most of the results in the paper, we
utilize feature mappings given by scalar features chosen before the training samples are
observed. In such cases, appropriate confidence vectors are given in terms of the cardinality
|F], i.e., the number of scalar features used. However, the methods proposed can also be
used with data-dependent feature mappings. In such cases, appropriate confidence vectors
are given in terms of the Rademacher complexity R, (F) where F is the family of candidate
scalar features. For instance, F can be family of all decision stumps and the feature mapping
can be defined using the decision stumps found by one-dimensional decision trees learned
using the training samples, as in Mazuelas et al. (2020).

11
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Theorem 4 Let the mean vector be given by T = T, as in (5) for n training samples, and
F be a family of bounded scalar features, that is |(x)| < C for allp € F and x € X.

If | F| < oo, )\((Si) fori=1,2,...,m can be taken as

i 2log2 1)
)\((s) — Oy /0g|‘:||y]/. (17)

In addition, if Uff) is the sample variance of the i-th component of ®, )\((Si) fori=1,2,....m
can be taken as

, (i)
)\((;) _ 20\/2vn log 4|F||Y|/0 N 14C'log 4| F|| Y|/ (18)

n 3(n—1)

If the Rademacher complexity of F satisfies Rn(F) < R/\/n, /\((;i) fori=1,2,...,m can

be taken as
G0 _ o M@ R (i) log 4[))|/0
A =22 \/ﬁ+c<1+2 p ) . (19)

where j(i) denotes the label for which the i-th component of ® is non-zero, and nj denotes
the number of samples with label j € Y.

Proof See Appendix D. |

The previous result shows how to obtain uncertainty sets U as in (4) that contain the
true underlying distribution with high probability. Data-based tight confidence vectors can
be obtained using sample standard deviations as shown in (18). Note that sample standard
deviations can also be used to determine confidence vectors for infinite families of scalar
features by using their growth function (Maurer and Pontil, 2009).

Theorem 4 shows that confidence vectors A can decrease at a rate O(1/y/n) using
general bounded features. Such rate can be obtained similarly with unbounded sub-Gaussian
features (Wainwright, 2019) and also with heavy-tailed features by using robust estimators
for expectations (Lugosi and Mendelson, 2019). In addition, the order O(/log(|F])/n) for
A in the above result is consistent with that shown to provide consistent estimators using
Ll-regularization (Biihlmann and van de Geer, 2011).

4. Performance guarantees

This section characterizes the out-of-sample performance of 0-1 MRCs. We first present
techniques that provide tight performance bounds at learning, then we show finite-sample
generalization bounds for MRCs. In particular, we show that the proposed techniques can
provide strong universal consistency using rich feature representations.

4.1 Tight performance bounds

The following result shows that the proposed approach allows to obtain upper and lower
bounds for expected losses by solving convex optimization problems.

12
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Theorem 5 Let U be an uncertainty set given by (4), h be any classification rule, and
R(U,h) and R(U,h) be given by

RUh) =sup 1 =77+ inf {®(z,y)"w—h(ylz)} — ATy (20)
m reX yey

RU,h)=inf 1—7"p+ sup {@(x,y)"p—h(yle)} +A"|pl. (21)
® TEX,YEY

Then, for any p € U we have that R(U,h) < £(h,p) < R(U,h). In addition, if U satisfies R1
or R2 the optimal values in (20) and (21) are attained.

Proof See Appendix E. |

The techniques proposed in (Duchi et al., 2021; Shafieezadeh-Abadeh et al., 2015, 2019)
obtain upper and lower bounds corresponding with RRM methods that use uncertainty
sets defined in terms of f-divergences and Wasserstein distances. Such methods obtain
classification rules by minimizing the upper bound of a surrogate expected loss while MRCs
minimize the upper bound of the 0-1 expected loss (error probability). The bounds in
(Duchi et al., 2021; Shafieezadeh-Abadeh et al., 2015, 2019) as well as those in Theorem 5
become bounds for the true expected loss (risk) if the uncertainty set considered includes the
true underlying distribution. Such situation can be attained with a tunable confidence using
uncertainty sets defined by Wasserstein distances as in (Shafieezadeh-Abadeh et al., 2015,
2019) or using the proposed uncertainty sets in (4) with expectation confidence intervals.

The above theorem provides lower and upper bounds for the error probability of any
classification rule. These bounds can be determined by solving the two convex optimization
problems (20) and (21). As shown below, the upper bound for MRCs is obtained as a
by-product of the learning process that solves optimization (6).

Corollary 6 Let h" be a 0-1 MRC for an uncertainty set U that satisfies R1 or R2, then

R(U,h") = R(U) given by (9).

Proof Straightforward consequence of the above results since

RU,h") =supl(h”,p) = inf sup £(h,p) = R(U)
peU heT(X,Y) peld

In order to simplify notation, we will denote R(U) = R(U,h") for an MRC h¥ given by (11).
Tight performance bounds can also be obtained at learning for deterministic 0-1 MRCs.
Specifically, such bounds are given by R(U,h¥) and R(U,hY) that are obtained by solving
the two optimization problems (20) and (21).

The next section provides generalization bounds for 0-1 MRCs. Such bounds also ensure
generalization for deterministic 0-1 MRCs because R(hY) < 2R(h") as a direct consequence
of the fact that

1—hi(ylr) <2(1 —h¥(yl)), Yo,y € X' x V.

13



MAZUELAS, ROMERO, AND GRUNWALD

4.2 Finite-sample generalization bounds

This section provides MRCs’ generalization bounds in terms of optimal minimax rules, i.e.,
MRCs with the smallest minimax risk. Such rules correspond with uncertainty sets given by
the true expectation of the feature mapping ®, that is

U ={p € AX xY): E{P(z,9)} = Too} (22)

where the mean vector 7o, = E,«{®(x,y)} is the exact expectation with respect to the
underlying distribution. The minimum wost-case error probability (minimax risk) over
distributions in Uy, is given by

Ry = minl - Topt+op) =1— 71 pe +o(to)

corresponding with the MRC given by parameters pt.,. Such classification rule is referred
to as the optimal minimax rule for feature mapping ® because for any uncertainty set
given by (4) that contains the underlying distribution p*, we have that U, C U and hence
Rs < R(U). The optimal minimax rule could only be obtained by an exact estimation of
the expectation of the feature mapping ® that in turn would require an infinite amount of
training samples.

The following result provides generalization bounds for MRCs in terms of excess error
probability with respect to the minimax risk at learning and the smallest minimax risk for
the feature mapping used.

Theorem 7 Let U and Uy, be uncertainty sets given by (4) and (22), respectively, that
satisfy R1 or R2. Ifh" is a 0-1 MRC for uncertainty set U, we have that

R(W) < RU) + (IToc — 7| = X)p| (23)
R(h) > RU) — (IToc — 7| = X) || (24)
R(h) < Ro + |Too = 7| poe — 1|+ X ([pto| = |127)) (25)

with p* and p solutions to (6) and (20), respectively. In particular, if X is a confidence
vector with coverage probability 1 — 6, i.e., P{|To — 7| 2 A} > 1 =4, then, we have that

RU) < R(b") < R(U) (26)
R(h) < Ro + 27 |poo| < Ra + 2| Mlloo| oo 13- (27)

with probability at least 1 — 4.

Proof See Appendix F. |

Inequalities (23), (24), and (26) bound MRCs’ probabilities of error w.r.t. the corre-
sponding minimax error probability R(I) and lower bound R(I). Such quantities can
be obtained at learning, R(U) is given as a byproduct of the learning process that solves
optimization &, y in (6) while R(U) requires to solve an additional convex optimization
problem given by (20). Inequalities (25) and (27) bound MRCs’ probabilities of error w.r.t.
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the smallest minimax risk Rg. As shown in the next section, this smallest minimax risk
becomes the Bayes risk using rich feature mappings so that such generalization bounds
enable to prove universal consistency results for MRCs.

The generalization bounds in the above result depend on the accuracy of mean vector
estimates and on the confidence vector used. Several important conclusions can be drawn
from such bounds:

e The excess error probability with respect to minimax risks decreases at the same
rate as the error of the mean vector estimates. As shown in Theorem 4, with wide
generality the bounds in the above theorem show differences that decrease with n
at a rate O(1/4/n) using mean vector estimates given by sample averages as in (5).
Methods that utilize 0-1 loss but consider uncertainty sets with fixed marginals provide
significantly coarser performance guarantees. In particular, the bounds in Theorem 3 of
Farnia and Tse (2016) are O(1/ey/n) where e describes the norm of the error in sample
mean estimates, which is commonly ¢ = O(1/4/n). In addition, RRM methods based
on Wasserstein distances achieve generalization bounds that decrease with n at a rate
O(1/n/?) that deteriorates with the instances’ dimensionality d (Shafieezadeh-Abadeh
et al., 2019; Frogner et al., 2021).

e MRCs do not heavily rely on the choice of confidence vectors. For a given mean vector
7, the upper bound in (23) takes its smallest value for the MRC corresponding with
the confidence vector A given by the error |74 — 7| in the mean vector estimate.
Specifically, if U, is the uncertainty set given by (4) with mean vector 7 and confidence
vector A = |T — 7|, the upper bound in (23) becomes R(U,), and, for any uncertainty
set U given by (4) with mean vector 7, we have that

R(Ue) = minl — T A+ () + [ Too — T[T k|
<17 +o(p") + AT | + (7o = 7 = X) ]
= RU) + (IToc = 7| = N) T ||
with p* solution of (6) for uncertainty set U.

Near-optimal generalization bounds can be obtained using confidence vectors that
approximate |7, — T|. Specifically, for any uncertainty set U as above, we have that

R(Ue) < RU) + (|Toc — 7| = X) 1"
=17t + () + [Too — [T |17]
<=7+ () + A pf] 4 (1Toe — 7] = A) |1
= R(Ue) + (IToc — 7| = X) " (I1"| = |1°])
with p® solution of (6) for uncertainty set U,. Therefore, the difference between the
upper bound in (23) for uncertainty set U and the smallest upper bound R(U,) is

bounded by (|Teo — 7| — A)T(|pe*| — |1¢|), and both terms in such scalar product are
small when A = |75, — 7.

e The minimax risk optimized at learning can offer an adequate assessment of the MRC’s
error probability even if the uncertainty set used does not include the underlying
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distribution. Such minimax risk R(U) obtained as a byproduct of the learning pro-
cess provides valid upper bounds for the error probability of MRCs in cases where
|Too — T| < A, ie., p* €U. As shown in (23) and (24), R(U) and R(U) still provide
approximate bounds in other cases as long as the confidence vector is not significantly
smaller than the error in the mean vector estimates.

e High-confidence upper and lower bounds for error probabilities can be obtained using
confidence vectors with high coverage probability. Such confidence vectors can be
obtained using the expressions in Theorem 4 or numerical methods such as those
proposed in Waudby-Smith and Ramdas (2023). Those vectors may not be adequate
for MRC learning since they are often much larger than |7+ — 7|. Notice that a
confidence vector As that ensures {As = |To — 7|} occurs with high probability for
any underlying distribution is likely to be much larger than |7, — 7| for a particular
training set drawn from a specific underlying distribution. However, confidence vectors
with high coverage probability can be used to obtain error probability bounds for
general MRCs that are valid with probability at least 1 — . A simple way to get
such bounds from R(U) and R(U) corresponding with a confidence vector X follows by
noticing that (23) and (24) imply that

RU) = (Xs = N)'p| < RO < RU) + (X5 = N) T[] (28)

with probability at least 1 — § because A\s = |7 — 7| with that probability. Another
way to obtain high-confidence bounds follows by solving the convex optimization
problems in Theorem 5 for the MRC corresponding to A and the uncertainty set
corresponding to Ag.

Theorem 7 and the above discussion exhibit the different roles played by confidence
vectors that aim to bound the error in mean vector estimates with high probability for any
probability distribution versus those that only aim to approximate such error. The former
can be used to obtain provably valid performance guarantees while the later can be used to
obtain small error probability and approximate performance bounds. Such roles are further
studied numerically in Section 6 using multiple real datasets.

The improved performance of methods that use aggressively chosen parameters has been
observed in multiple fields of machine learning. For instance, in on-line learning methods,
the theoretical prescriptions for learning rates that lead to valid prediction guarantees are
routinely outperformed by choices that minimize prediction error on the data seen so far but
have worse guarantees (see e.g., Devaine et al. (2013)). This phenomenon is related to the
fact that in-expectation generalization bounds can be significantly better than in-probability
generalization bounds, and it is further explored in a PAC-Bayes setting by Griinwald et al.
(2021). The generalization bounds in Theorem 7 shed light on such phenomenon for the
proposed MRCs.

4.3 Universal consistency

We show next that MRCs can be strongly universally consistent using rich feature mappings,
that is, as the training size grows, the MRC’s error probability tends to the Bayes risk with
probability one for any underlying distribution.
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The theorem below shows universal consistency for MRCs given by feature mappings
determined by random features corresponding with rich RKHSs (see e.g., Rahimi and
Recht (2008); Bach (2017)). Specifically, let vy, vs,... be a sequence of i.i.d. samples from
distribution p(v) generating random features ¢, : X — R for kernel k£ : X x X — R, that is

Ep){¥o(2)tu(2")} = k(z,2'), Vz,2" € X.

In addition, for n = 1,2,... the feature map ®, is defined by the D, random features
7%1,1%2, cee 7¢an as

én(‘ra y) = ey ® [1a w’m (:E)a ,QDUQ (CL'), cee ﬂvvan (x)]T (29)
Using such feature mappings, we have the following result.

Theorem 8 Forn =1,2,..., let hy, be an MRC for uncertainty set U, given by (4) with
=0, asin (29), T =1, asin (5) and A =X, = 0.
If we have that

(1) k: X x X — R is a characteristic kernel,

(2) scalar features are bounded, i.e., there exists C' > 0 such that |, (z)| < C for all v and
x}

(8) the number of random features D,, defining the feature mapping ®,, is non-decreasing
and tends to infinity, and

(4) any component of {A,} is non-increasing and tends to 0.

Then, the sequence of smallest minimaz risks {Re, } tends to the Bayes risk Rpayes with
probability one for any underlying distribution p*.
If, in addition to (1)-(4), we have that

(5) any component of {An\/n/logn} tends to co, and
(6) D,, = O(n¥) for some k > 0.

Then, the sequence of MRCs’ probabilities of error {R(hy)} tends to the Bayes risk Rpayes
with probability one for any underlying distribution p*.

Proof See Appendix G. |

The conditions under which MRCs are strongly universally consistent are analogous to
those corresponding to conventional ERM methods based on SRM and RKHSs (Steinwart,
2005; Zhang, 2004), e.g., regularization parameters that tend to zero not very quickly and
broad RKHSs. The universal consistency in ERM techniques is achieved using RKHSs given
by universal kernels while the theorem above uses characteristic kernels, which is in general
a slightly weaker condition (Muandet et al., 2017). In addition, the result above provides
MRCs’ universal consistency for binary and multiclass cases and does not rely on surrogate
losses.
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Notice that for ERM methods based on SRM, the decrease of the regularization parameter
for increasing number of samples corresponds to consider broader families of rules (balls
in the RKHS with increased radius). On the other hand, for the proposed approach, such
decrease corresponds to consider reduced uncertainty sets. This fact illustrates how the
bias-complexity trade-off addressed in the SRM approach by controlling the generality of
the family of classification rules is analogous to controlling the generality of the uncertainty
set of probability distributions in the proposed approach (see also discussion in Section 2.1
above). In paticular, the conditions (5) and (6) in Theorem 8 result in uncertainty sets that
shrink as we get more samples but contain the underlying distribution with high probability.

5. Efficient learning of MRCs

The learning stage for MRCs consists on solving optimization problem (6) that obtains the
parameters for h and h¥ as well as the minimax risk R(Y). This stage can be complemented
by solving optimization problems (20) and (21) that can provide tight performance guarantees.
In this section we first show that such optimization problems can be simplified by using a
reduced instances’ set given by instances’ samples. We then propose efficient subgradient
methods that take advantage of the specific structure of the above mentioned optimization
problems.

5.1 Reduced instances’ set

Solving the optimization problems that learn MRCs and obtain their performance bounds
can be inefficient in cases where the feature mapping range {®(z,y) : z € X,y € Y} has a
large cardinality, since the evaluation of objective functions in (6), (20) and (21) may require
to search over such a range. The next result shows that this difficulty can be avoided by
using instances’ samples instead of the whole set X, e.g., using the instances obtained at
training.

Theorem 9 Let X5 = {x1,22,...,25} be s i.i.d. instances from the underlying distribution
p*(z), hs, Rs(U), and R,(U) be the MRC' and bounds obtained by solving (6) and (20) using
X, instead of X. If Rs(U) is finite and p* € U with probability at least 1 — §, we have that

R,(U) = &5(2C|lm|lr + 1) < R(hs) < Re(U) +£5(2C ||l +1) < RU) +£5(2C] | o [l + 1)

with probability at least 1—25, where p; and p,, are the solutions of (20) and (21), respectively,
using Xs instead of X, [|®(x,y)||cc < C, Ve € X,y €Y, and e is given by

.= 6|y|\/4+ |V|(m + 1)10g8+10g|y|/5.

S

Proof See Appendix H. [ |

The above result shows that a sufficiently large set of instances’ samples X, can be safely
used instead of the whole set X in optimization problems (6) and (20) since the subsequent
approximation error is O(y/log(s)/s). An analogous result can be obtained for deterministic
MRCs and (21) using the same arguments as in Appendix H for the above result.
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The condition | Rs(U)| < oo can be easily satisfied in practice. Such condition is equivalent
to

Us = {p € A x D) [Ep{@) [ XA} 0

that is directly achieved if 7 is obtained as the sample mean of samples with instances X.
In other cases, it can be ensured that such uncertainty set is not empty by increasing the
confidence vector and shifting the mean vector. In particular, if AT and A3 are solutions of
the linear optimization problem

min 1T(A\; + X
o 1At )
S.t. T*Al j Z p(SE,y)q)(.'E,y) j T+)\2
rEXs,yeY

A1 EA7AQEA7PGA(XSXJ})

*7AI

with 2m + s|)Y| variables and 4m + s|)| + 1 constraints. Then, taking 7 = 7 + &T and
= # > X we have that

usgﬂsz{peA(szy): ]EP{QD}—ﬂjX};&@.

The numerical results of next Section 6 show that the optimization problems for MRC
learning can be accurately solved in practice using quite reduced sets of instances. In
particular, such results show that the set of instances X in optimization problems (6), (20),
and (21) can be taken as the set X, = {x1,z2,...,2,} of instances obtained at training.

5.2 Efficient optimization

This section presents efficient optimization techniques for MRC learning that comprises to
solve problems (6), (20) and (21). These three problems can be written as:

min f(p) i=a’p+ AT |p| +max{Fpu + b} (30)
with a € R™, b € RP and F € RP*™. The size of vector a and the number of columns of
matrix F, m, equals the number of components of the feature mapping ® : X x Y — R™,
while the size of vector b and the number of rows of matrix F, p, is given by the number of
instances X used to evaluate ¢, e.g., the number of instances at training. Specifically, p
equals s(2Y1 — 1) in problem (6), and s|)| in problems (20) and (21).

The optimization problem (30) can be reformulated as the linear program (LP)

min - aT(py — o) + AT (py + o) + v
Mo,k

st. Fu,—Fp,+b=<vl (31)
Ky, py = 0

by introducing new variables v € R and p, puy € R™ with p = p; — py. Such an LP
has p + 2m constraints and 2m + 1 variables, and can be solved with high accuracy by
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off-the-shelf solvers at the expenses of a high computational time in cases where p or m is
large.

Problem (30) belongs to the class of nondifferentiable convex optimization problems with
subgradients that are uniformly bounded. The subgradient methods (SMs) are often an
attractive option to solve this class of problems since they can efficiently provide solutions
with adequate accuracy (Bertsekas, 2015). A subgradient of the objective function f in (30)
at point p can be directly obtained from the maximum of vector v = Fu + b. Specifically,
if i(pu) € argmax v we have that a subgradient of f at p is given by

g(p) =a+ A ©sign(p) + coli(u)(FT) (32)

where ® denotes the Hadamard product, sign(u) denotes the vector given by the signs of
the components of u, and col;(-) denotes the i-th column of the argument.

Often, the main limitation of SMs is the large number of iterations required. The
accelerated subgradient methods (ASMs) (Nesterov and Shikhman, 2015; Tao et al., 2020)
have been developed to reduce the number of iterations by using the Nesterov’s extrapolation
strategy (Nesterov, 1983). In particular, Algorithm 1 describes the application of the ASM
proposed in Tao et al. (2020) to problem (30) for MRC learning.

Algorithm 1 — ASM for MRC learning

Output: approximate solution p*

1: Initialize p; and take ¢c; =601 =1, 71 =0
2 y1 < py, vi < Fpy + b, iy« argmax vy, p* — py, f* —atp + ATy Jrvgn)
3: for k=1,2,...do

4: g < a+ X©sign(py,) + col;, (FT)

5 Ykt1 < My — Ck8k, Mpi1 & (L+10)Yr41 — MYk
6:  Vigr — Fup +b, dpypg < argmaxvig
T e (kDT O < 2, e < Ok (é - 1)
8  fur1 < aTp + )‘T|#k+1| + Vz(jﬂl)
9: if fr41 < f* then
10: 5 Tot1, Y By
11: end if
12: end for

The time complexity per iteration of the SMs described above can be high in cases where
p or m is large. This computational cost is due to the fact that the subgradient g(u;) is
computed by evaluating vi = Fu;, + b that requires pm multiplications. Such computation
can be carried out in a significantly more efficient manner by exploiting the specific structure
of the subgradient. The vector v can be efficiently computed from vi_; because we have
that
Fg(p;—1) = Fa + Fdiag(N)sign(py_1) + coligy, ) (FF)

and Fa, FFT, and Fdiag(\) can be computed only once. In addition, the sequence of vectors
{dy = Fdiag(\)sign(p)} can be obtained as

dj, = dj_; + Fdiag(A) Ay, (33)
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where the vector Ay = sign(py,) — sign(p,_;) takes values +2 in the components where the
parameters p;,_; and p; change signs, takes value 0 in the components where they have the
same sign, and would take values +1 only if some of the components of such parameters
are exactly zero. Therefore, the computation vector di in (33) can be carried out very
efficiently in practice by adding or subtracting the columns of 2Fdiag(\) corresponding to
the components where the iterates change sign.

Algorithm 2 shows the efficient implementation of ASM that exploits the specific structure
of the subgradient as described above. The result below describes how such implementation
can result in significant computational savings.

Algorithm 2 — Efficient ASM for MRC learning

Output: approximate solution p*

1: Initialize g, and take ¢; =6, =1, 7, =0, « = Fa, G = FFT, H = 2Fdiag())
20 y1 < pq, V1 < Fpqy +b, wy < vy, 81+ sign(py), di < (1/2)Hs;
3: iy argmax vy, p* < py, f*—aTp + AT || + vgil)

4: for k=1,2,... do

5 gL < a+AOs; +col;, (FT)

6: Vi1 < Mg — Ck8hs Hpy1 < (L4 76)Ykt1 — MY

7. u + a+dg+col;, (G)

8 Wyl ¢ Vi — CxUk, Va1 ¢ (L4 1) Wra1 — MWk, fgt1 ¢ argmax viiq
9: Sy < sign(py ), Ag < Sp1 — Sk, dipg1 — di
10: fori=1,2,...m do
11: it A = 2 then
12: dgy1 ¢ dgy1 + col;(H)

13: else if A,(j) = —2 then

14: dj41 < dg41 — col;(H)

15: else if A,(:) € {—1,1} then

16: djs1 < dpyq + (1/2)sign(AY)col; (H)

17: end if

18:  end for

19 cppn (k4172 00— 25, M — Ot (a%. - 1)
200 frpr < atpyg + >\T|Hk+1| + V;(;ﬁl)
21:  if fr41 < f* then
22: 5 frovrs 05 By
23:  end if
24: end for

Theorem 10 The sequences {p} generated by Algorithms 1 and 2 are identical, while the
computational complexity of Algorithm 2 is significantly smaller at iterations k where sign(py,)
differs from sign(py_q) in few components. Specifically, if vk is the sparsity coefficient
given by the average fraction of non-zero components of Ay for k=1,2,...,K; then, the
computational complexity of Algorithm 2 after K iterations is O(Kpm~yk), while that of
Algorithm 1 is O(Kpm).
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Proof See Appendix I. |

The computation in step 6 of Algorithm 1 that has cost O(pm) is effectively replaced by
steps 7-18 in Algorithm 2 that have cost O(pm~y(Ay)) where v(Aj) denotes the fraction
of non-zero components of Ag. As the algorithm progresses and the subgradient steps
decrease to zero, it is expected to have few changes in the signs of p;, and therefore to have
a highly sparse vector Aj. The usage of an ASM also contributes to a reduced number
of sign changes since such method provides more stable iterations than basic subgradient
methods. The method in Nesterov (2014) also exploits the sparsity in subgradient methods
for piecewise linear functions but it considers problems given only by a term max{Fu + b}
and with a sparse matrix F.

In order to further decrease the number of iterations, we also use restarts similarly to
other methods for non-smooth optimization (Yang and Lin, 2018). Our numerical results
confirm the efficiency of the implementation described in Algorithm 2 which resulted in a
significant reduction (more than 90%) of the running time per iteration in comparison with
Algorithm 1.

6. Numerical results

This section shows four sets of numerical results that describe how the proposed techniques
can enable to learn MRCs efficiently and to obtain reliable and tight performance bounds at
learning. We utilize 12 common datasets from the UCI repository (Dua and Graff, 2017)
with characteristics given in Table 1. MRCs’ implementation is available in the open-source
Python library MRCpy (Bondugula et al., 2023) https://MachineLearningBCAM.github.
io/MRCpy/.

In this section, MRCs are implemented using a feature mapping given by random features
corresponding with a Gaussian kernel (Rahimi and Recht, 2008; Bach, 2017), that is

®(r,y) = e, ® ¥(z) = e, ® [cosu] z,sinu] z,cosuj x,sinuy z, ..., cosupz,sinupz| (34)
where z is a normalized instance and up, ug,...,up are i.i.d. samples from a zero-mean
Gaussian distribution with covariance (1/02)I for a scaling parameter . In addition, for n
training samples (z1,y1), (z2,92), ... (Zn, yn) We obtain confidence vectors as

A:)\Q\/’U/TL (35)

where v is the vector formed by the sample variances of the feature mapping components.
In all the numerical experiments, if not stated otherwise, we take A\g = 0.3 and use D = 500
random Fourier features corresponding with the scaling parameter o = m for d the
number of instances’ components. We compare MRCs performance and bounds with those
obtained by Wasserstein-based RRM and by PAC-Bayes methods. Specifically, we utilize
the distributionally robust logistic regression (DRLR) method as described in Shafieezadeh-
Abadeh et al. (2015) with uncertainty sets defined by Wasserstein distances, and a support
vector machine (SVM) with upper bounds given by PAC-Bayes as described in Langford
(2005); Ambroladze et al. (2007).

The first set of numerical results shows that MRCs’ optimization problems can be
efficiently addressed in practice by using a reduced set of instances. Specifically, for s i.i.d.
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Table 1: Characteristics of the datasets used for experimentation.

Data set Number of samples Instances’ dimensionality % Majority class
Adult 48,842 14 76
Pulsar 17,898 8 91
Credit 690 15 56
QSAR 1055 41 66
Mammographic 961 5 54
Haberman 306 3 74
Ton 351 34 64
Heart 270 13 56
Liver 583 10 71
Blood 748 4 76
Diabetes 768 8 65
Audit 776 26 61
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Figure 1: Decrease of optimization error with the number of instances used.

instances X5 = {x1,x2,...,Zs}, we solve optimization problems (6) and (20) taking X = X
and we study how the error of such approximation decreases with increasing s. For these
numerical results we use “Adult” and “Pulsar” datasets from UCI repository (Dua and
Graff, 2017) that contain a total of 48,842 and 17,898 instances, respectively. We obtain
7 and A using 500 training samples. Then, we solve (6) and (20) taking X composed by
all the instances in the dataset and taking X composed by a subset of randomly selected
instances X, of size s.

In Figure 1, R(hs), Ry(U) and Rs(U) denote, as in Theorem 9, the error probability and
bounds of the MRC obtained solving (6) and (20) taking X = Xy = {z1,x2,...,zs}. Solid
curves describe the average results in 50 random repetitions, the shaded areas describe the
intervals formed by the + standard deviation around the averages, and dashed lines describe
the results obtained taking X composed by all the instances. The figure shows that the
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Figure 2: The proposed efficient ASM’s implementation that exploits the subgradients’
structure can significantly reduce the running time required to accurately learn
MRCs.

results obtained using a reduced set of instances quickly converge to those obtained using
all the instances. These results agree with the theoretical guarantees for this approximation
shown in Theorem 9 and show that the constants of the bounds in such result can be quite
small in practice. In the remaining numerical results we solve optimization problems (6),
(20), and (21) taking X as the n instances at training.

The second set of numerical results assesses the performance of the efficient SMs presented
in Section 5.2. We solve problem (6) for MRC learning using four methods: the basic SM
(BSM) with step size ¢, = 1/(vk + 1]|gk||); the efficient BSM that exploits the subgradient
structure as shown in Section 5.2 (E-BSM); the ASM described in Algorithm 1; the efficient
ASM that exploits the subgradient structure as detailed in Algorithm 2 (E-ASM); and
the efficient ASM described in Algorithm 2 combined with restarts every 10,000 iterations
(E-ASM-R).
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Figure 2 shows the optimization error per running time averaged over 10 random partitions
of four datasets. The results manifest the significant computational savings obtained by
the efficient implementation presented in Section 5.2. Such efficient implementation is
especially advantageous for ASM since it results in a sparsity coefficient around 10~3 while
that achieved in BSM is around 10~!. The restart strategy achieves worse computing time
per iteration since it results in sparsity coefficients around 1072, However, such strategy
provides an overall improvement in running time since it requires significantly less iterations.

The third set of numerical results shows how the MRCs performance and bounds change
by varying the confidence vectors used. We study the effect of varying the confidence vectors
at learning and the performance guarantees obtained using confidence vectors with high
coverage probability. In addition, we compare the results obtained in the practical case where
confidence vectors are obtained from training samples with those obtained in the ideal case
where the error in the mean vector estimates is known. Specifically, for the practical case
we learn MRCs using A as in (35) and obtain high-confidence performance guarantees using
As for § = 0.05 given by the confidence intervals proposed in Waudby-Smith and Ramdas
(2023). For the ideal case, we learn MRCs using A = A\g|T s — 7|, and obtain high-confidence
performance guarantees using As = [To — 7|. In particular, a simple high-confidence upper
bound is obtained using (28), and a tighter high-confidence upper bound is obtained using
Theorem 5 with A = As. In order to reproduce the ideal case, in these numerical results we
use “Adult” and “Pulsar” datasets, the mean 7, is calculated using all the samples while
1,000 samples are randomly sampled for training in 50 repetitions.

Figure 3 shows the error probability R(h*) and upper bound R(U) of MRCs corresponding
with different values of Ag, together with the simple high-confidence upper bound obtained
using (28), and the tighter high-confidence upper bound obtained using Theorem 5. Such
figure shows that MRCs do not heavily rely on the choice of the confidence vector. In
particular, the error probability obtained using A as in (35) is similar to the error probability
that would be obtained using the actual difference |7« — 7|, and the minimax risk R(U)
optimized at learning is similar to the error probability for most values of Ag. In addition,
the usage of confidence vectors with high coverage probability can result in performance
guarantees that are both valid with high probability and informative. Such numerical results
are in agreement with the conclusions drawn from Theorem 7 in Section 4.2. In particular,
Figure 3 shows that the smallest valid upper bound is obtained using A = |74 — 7| but
more aggressive confidence vectors can result in improved error probability and yet provide
useful performance bounds.

We also compare the performance and bounds of MRCs for varying confidence vectors
with those obtained by DRLRs for varying Wasserstein radius. Figure 4 shows the error
probability and performance bounds of MRCs and DRLRs obtained by varying 0 < Ay <1
and the Wasserstein radius 107° < p < 1, respectively. In particular, for each value of Ao and
p we averaged over 10-fold stratified partitions the error and bounds of MRCs and DRLRs.
Figure 4 shows that MRCs can provide tighter performance bounds than existing techniques
based on RRM with Wasserstein distances. The figure also shows that, even for datasets of
similar size, DRLR methods require to fine-tune the Wasserstein radius p in order to obtain
reliable and tight performance bounds while MRCs can utilize a confidence parameter Ag
that does not strongly depend on the dataset. Figure 4 also shows that deterministic 0-1
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mean vector estimates.
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Table 2: Classification error of MRC with model selection based on the performance bounds in
comparison with state-of-the-art techniques.

Data set SVM-CV SVM-PAC DRLR-UB MRC-UB Det. MRC-UB
Haberman .26 27 .32 .25 .25
Heart A7 A7 .23 .21 18
Liver .28 .28 .33 .29 .28
Blood .22 .23 .25 .24 .22
Credit 14 13 .20 .15 .14
Diabetes .23 .23 .30 .27 .24
Ion .08 .08 .07 12 .07
QSAR 11 12 14 .18 12
Mammographic A7 A7 21 .19 18
Audit .05 .06 .04 .07 .06

MRCs, hY, can obtain improved classification error in practice at the expenses of less tight
performance guarantees.

The fourth set of numerical results shows how MRCs’ performance bounds can be used
for model selection. We compare the performance obtained by selecting the scaling parameter
of a Gaussian kernel using four methods, one based on conventional cross-validation and
three based on error upper bounds. Specifically, SVM-CV selects the scaling parameter for
which a SVM classifier achieves the smallest cross-validation error over 10-fold partitions of
the training data. SVM-PAC, DRLR-UB, and MRC-UB select the scaling parameter with
smallest error upper bound in training. Such upper bounds are obtained for SVM-PAC
by using PAC-Bayes methods as in Langford (2005); Ambroladze et al. (2007), while for
DRLR-UB and MRC-UB the upper bounds are obtained as the value the optimization
problem solved at learning as shown in Shafieezadeh-Abadeh et al. (2015) and in equation
(6), respectively. For all datasets, MRCs utilize confidence vectors as in (35) with A\g = 0.3
and DRLRs utilize Wasserstein radious of p = 0.003 as in Shafieezadeh-Abadeh et al. (2015).

Table 2 shows the classification error obtained by the methods compared in 10 datasets.
Specifically, we generate 20 random stratified splits with 20% test samples. In each split,
we utilize the training samples to learn a classifier selecting a scaling parameter over 20
uniformly spaced candidates between the 10th and 90th percentiles of the Fuclidean distances
among normalized instances. Then, the error of the corresponding classifier is estimated
using the test samples and the final values in the table are obtained by averaging the
results over the 20 random splits of the data. Table 2 shows that the proposed MRCs as
well as methods based on PAC-Bayes can obtain similar performance to that obtained by
conventional methods based on cross-validation. However, MRCs and PAC-Bayes methods
require a significantly smaller complexity since they only need to carry out one optimization
per parameter value while cross-validation methods require to carry out such optimization 10
times per parameter value. In addition, the performance bounds obtained by MRCs can be
used not only for model selection but also to obtain tight estimates for the classification error.
Figure 5 shows the differences between performance bounds and error probabilities for all
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Figure 5: Boxplots with differences between error probability and bounds for PAC, DRLR,
and MRC methods over multiple datasets and hyperparameter configurations.

the splits, datasets, and hyper-parameters in this fourth set of numerical results. The figure
shows that the performance bounds provided by MRCs are much tighter than those based
on PAC-Bayes and much more reliable that those based on RRM that use Wasserstein balls
without a fine-tuned radious. In particular, the difference between the classification error
and the performance bounds are around 0.05 for MRCs and around 0.1 for deterministic
MRCs.

7. Conclusion

The paper presents minimax risk classifiers (MRCs) that minimize the worst-case 0-1 loss
over general classification rules and provide tight performance guarantees. We show how
the out-of-sample performance of MRCs can be reliably estimated at learning, and that
the MRCs’ error due to finite training sizes is determined by the accuracy of expectation
estimates. In addition, we show that MRCs are strongly universally consistent in situations
analogous to those corresponding with kernel-based methods. The proposed methodology
can offer classification techniques that do not rely on specific training samples and choices
for surrogate losses/hypothesis classes. Instead, MRC learning is based on expectation
estimates, and its inductive bias comes only from a feature mapping that determines which
expectations are estimated. Therefore, the methods presented can provide techniques that
are robust to practical situations that defy common assumptions, e.g., training samples that
follow a different distribution or display heavy tails.
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Appendix A.

Lemma 11 Let U be an uncertainty set given by (4). For any h € T(X,)), we have that
supl(h,p) < inf 1—7"p+ sup {@(z,y)"p—hylx)} + A"l (36)
pEU pER™ zEX YyeY

In addition, if U that satisfies R1 or R2, we have that
sup/(h,p) = min 1—77u+ sup {®(x,y)"p —h(ylx)} + A"\l (37)
pEU HER™ zEX YyeY

Proof

In the first step of the proof we show that the right hand side of (36) is equivalent to
the Fenchel dual of the left hand side, then the second step of the proof shows that strong
duality holds if U/ satisfies R1 or R2.

Let 0 < r < m be the number of non-zero components of A (without loss of generality
we assume such components are the r first components of A), and M (X x ) be the set of
signed Borel measures over X x ) with bounded total variation. The set M (X x )) is a
Banach space with the total variation norm (see e.g., Chapter 10 in Aliprantis and Border
(1994)).

If A is the linear mapping

A: M(X xY) — Rrm+l
p = [f @ﬂx,y)dp(m,y),—ffbl(a:,y)dp(x,y),f@g(x,y)dp(x,y),fdp(x,y)]
(38)

where @1 (z,y) € R" denotes the first » components of ®(z,y) and Po(x,y) € R™" denotes
the last m — r components of ®(x,y). A is bounded and its adjoint operator is

A* Rrtm+l - F(XxY)C (M(XxY)*

39
ottty B ) oty — ) Bl ) g 0 39
where F(X x )) is the set of bounded Borel measurable functions over X' x ).
Then, we have that
sup(h,p) =supl— [ hiyla)dp(ey) =1 il fp)+g(Am) ()
peU pEU PEM (X X))
where f and g are the lower semi-continuous convex functions
g: Rr+m+1 — RU{oco}
(a1, a0, a3,0) — 0 if . a; XT1+ A, a3 —T1+A,a3=T792,0=1
oo otherwise
(41)
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for 71, A1 € R” (resp. T2, A2 € R™™") given by the first r (resp. last m — r) components of
7 and A, and

fi M(XxY) — RU{oc}

. [ h(ylz)dp(z,y) if p is nonnegative (42)
P 00 otherwise.
Then, the Fenchel dual (see e.g., Borwein and Zhu (2004)) of (40) is
1= sup  —f"(A"(p1, po, 3, ) = 9" (—per, —po, =3, —v) (43)
”17”’27”’37’/

where f* and ¢g* are the conjugate functions of f and g. If w € F(X x }), we have that

£*(w) = sup / (w(z, y) — h(y|z))dp(z, y)

pz=0
/o0 if w(z,y) < h(y|lx), Yo,y € X x Y
| oo otherwise
and g*(—py, — o, —H3, —V) is given by
SUp  —ajpy —ag py — Ty py — v
st. a1 2 T1H+ A, aa =X —T1+ X\
A G V) R o e C R VO R TR S N T 2 if —py =0, —piy = 0
o0 otherwise.

Hence, the dual problem (43) becomes

inf 1= (71 4+ M)y — (=T A) Ty — Ty — v
HisH2,13,V

st @u(, )T (g — po) + Oa(x,y) s + v < h(ylz), V(z,y) € X x Y
—p; = 0,—py =0

= inf 1+(T1 +>\1)Tu1 +(—T1 +)\1)Tu2—72u3—1/

Mo, 3,V
st D1(z,y) (ke — py) + Da(w,y) Ty + v < h(yla), V(z,y) e X x Y (44)
=0,y =0
=inf 1—7Tp+ ATl —v
e l‘l’ |l“l‘| (45)
st ®(x,y) p+v <h(ylr), Y(z,y) € X x Y
=inf 1—7Tu+ sup {@(z,y)"u—hiyle)} + X"l (46)

(z,y)€XXY

The expression in (45) is obtained taking g = [(y — pq)T, 3|7, Firstly, in (44) we can
consider only pairs pq, o such that p; + py = |, — po| because for any pair pq, gy
feasible in (44), we have that fi; = (e — p1)+, f9 = (41 — H9)+ is a feasible pair because
fi; — fiy = Py — {13, and we also have that A [fy — fia| = AT (/1 + f12) < AT (1 + pp)
Then, we obtain (45) from (44) because
Ty — ) + Taps =T
Al |ty — | = AT|p], since Ay = 0

(I)l(xv y)T(lJ‘Q - u’l) =+ ©2($7 y)T/‘L3 = (I)(.I‘, y)TlJ’
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The expression in (46) is obtained since for any feasible (u,v) in (45) we have that (u, )

is feasible if

~ . T
= (m’y;gﬁgxy{h(y\x) D(z,y) p}
and 7 > v. Then, the inequality in (36) follows by weak duality.

For the second step of the proof, if U satisfies R1, we have that strong duality holds
because the dual becomes the Lagrange dual and the constraints in (40) are linear affine
(see e.g., Chapter 5 in Boyd and Vandenberghe (2004)). If U satisfies R2, we show in the
following that strong duality holds because 0 € int(dom g — Adom f) (see e.g., Chapter 4 in
Borwein and Zhu (2004)), where dom denotes the set where an extended-valued function
takes finite values, and int denotes the interior of a set.

If U satisfies R2.1, there exists R > 0 such that R < A\) — [E @@ (z,y) — 7] for
i=1,2,...,m. Then, the second step of the proof is obtained by showing that if 0 < ¢ <
R/(R+ 1+ ||Ey{®}|2) < 1, we have that the ball with radius € centered in 0 € R™T™+1,
B(0,¢) satisfies B(0,¢) C (dom g — Adom f) C R"Fm+1,

We have that for any z € B(0,¢) C R*™*! there exist &;,&, € B(0, R) C R™ such that

(21,232 = E (@) + & — (1 — 2P TE, {®}

(z(m+1)7 Smt2) 72(2m)) = —E {P}+ &+ (1— z(2m+1))Ep{<I>}
Z(2m+1) -1 (1 _ Z(2m+1))

because we have that
(21,23, 2t = ZCmHVE (D} |y <e(1+ |Ep{@}|2) < R

(2, 2 B 4 G DE, {0}, < e(1+ |[Ep{@}]2) < R.

Then, the result is obtained observing that
(Ep{®} + &1, —Ep{®} +£5,1) € domyg
because R < AV — [E, &0 (z,y) — 70| for i = 1,2,...,m, and
(1= 2B {0}, (1 - 2P TE {8}, (1 - 2" V) € Adom f

because |z | < ¢ < 1 and hence (1 — 22™D)p is a nonnegative measure.

If U satisfies R2.2, we have that E,{®} € int(Conv S), where S denotes the support of
®(z,y) if (x,y) ~ p, and Conv denotes the convex hull of a set. Firstly, int(Conv.S) # ()
because S and hence (Conv S) O S are not contained in a proper affine subspace. In the case
that E,{®} € Conv 5\ Conv S, using the Hanh-Banach separation theorem (see e.g., Theorem
2, Sec 5.12 in Luenberger (1997)), there would exists a hyperplane I' = {z;a’z = ¢} C R™
such that E,{®} € I and ™z > ¢ for all z € Conv S. Then, the real-valued random variable
a'®(x,y) — c with (z,y) ~ p is nonnegative with probability one and has expectation zero.
Therefore, aT®(z,y) = ¢ with probability one, and we would have that the S is contained
in the hyperplane I', which leads to a contradiction.

Let R > 0 be such that
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1. R< \® — |Ep‘1>(i)(x,y) — 7@ fori=1,2,...,r, and

2. for any £ in the Euclidean ball of R™ centered at 0 with radius R, B(0, R), we have that
E,{®}+& € Conv S, that is, there exists pe € A(X xY) such that E, {®} = E,{®}+&.

As in the previous case, the second step of the proof is obtained by showing that if
0<e<R/(R+1+|Epx{®}|2) <1, we have that B(0,¢) C (dom g — Adom f) C R"Fm+L,
If r = 0, we have that for any z € B(0,¢) C R™"! there exist £; € B(0, R) such that

(2,23 M) = Ep{@} — (1 - 2T (E{D) + &)
Z(m+1) —1_ (1 N Z(m-i—l))

because we have that

= (20,20, 2(™) 4 2 (m+DE p{®l2 _ €
1 — gmtl - 1 _

(14 [Ep{@}) < R
Then, the result is obtained observing that
(Ep{®},1) € domg

and
((1 — 2D E{®) + &5), (1 — 2™ V) € Adom f

because |2(™*D| < & < 1 and hence (1 — z(mﬂ))pg3 is a nonnegative measure, for pg,
satisfying Ep, {®} = Ep{®} + &;.

If 0 < r < m, we have that for any z € B(0,e) C R"™*l  there exist
£,6,€ B(0O,R) CR", and 53 € B(0,R) C R™" such that

(z“) ) = Ep{@1} + £ — (1B {@1)
(204D @) = —Ep{®1} + & + (1 — 2T HDE (@4}
(Z(Qr—i-l)’ (2r+2 o (r-l—m ) Ep{%} (1 Z(r+m+1))(Ep{q>2} + 53)

Z(r—i—m—H) —1_ (1 o Z(T-i-m—f—l))
because we have that
(20,23, 2 — LT DR (0}, < e(1+ |[Ep{®}2) < R

(20, 20D @) 4 IR (@ Y lo < e(1+ |Ep{@}|2) < R

| - (22, o 2rm) 4 AR, (@o} s e
1 — zrtm+l = 1—

Z(L+ |[Ep{®}l2) < R
Then, the result is obtained observing that
(Ep{®1} + &1, —Ep{®1} + &, Ep{P2},1) € domyg
because R < AV — |E,&0) (z,y) — 70| for i = 1,2,...,r, and

(1= 2T D) (Ep{ @1}, —Ep{®1}, Ep{ P2} + &5, 1) € Adom f
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because [z("™ )| < & < 1 and hence (1 — z"*™+Y)p,  is a nonnegative measure, for
pe, satisfying Ep, {®1} = Ep{®1} and E,, {®2} = Ep{®2} + &5 that exists because
10T, €5) 7|2 < R.

Finally, since strong duality holds and U/ is not empty we have that the optimal value in
(37) is finite and hence the optimal in the dual is attained (Borwein and Zhu, 2004) and the
‘inf” in (36) becomes ‘min’.

|
Appendix B. Proof of Theorem 2
Proof Using Lemma 11 we have that
inf supl(h,p) =inf 1 -7+ AT |u[+ sup {®(z,y)"p —h(ylz)}
heT(X,Y) peu h,p zeX yey
=min 1 -7 p+ AT p|+inf sup {®(z,y)"p —h(ylz)}
I h zex yey
and
inf sup {®(z,y)Tp—h(ylz)} = inf v
h me){',yey h,l/
st. ®(z,y)Tu—h(ylr) <v, Vo € X,y € ).
Then, the result is obtained because
O(x,y) - hyle) <v,Ve e X,y €V = h(yle) > O(a,y) ' n—v,Vr € X,y €Y
=Y (®(,y)'p-v)<1, VoeXx,cCy
yeC
O(z,y)Tpu—1

:>y22y6<3 (\C]y) i ,VreX,CCy

= v = ¢o(p)
with ¢(p) given by (7). For each p, there exist classification rules h satisfying

h(ylz) > ®(x,y)"p—p(n), Ve e X,y €Y
by definition of ¢(u). Hence, such classification rules are solution of
inf sup {®(z,y)" p —h(ylz)}
h zeX Yyey

with optimal value o(u). [ ]
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Appendix C. Proof of Theorem 3

Proof The result can be proven analogously of that in Theorem 2 shown in Appendix B.
Firstly, for each h € T(X,)), we have that

suppey (b, p) = 1- min h™p + I, (p)

s.t. Zyeyp(xi,y) = %, 1=1,2,...,n (47)
T-A=2®Tp=<7+ A

where p, h, and ® denote the vectors and matrix with rows p(x;, %), h(y|z;) and ®(z;, y)",
respectively, for y € VY, 1 =1,2,...,n, and

0 ifp>=0
oo otherwise.

I (p) = {
Optimization problem (47) has Fenchel (Lagrange) dual

T T n 7 * oy
1— mex (T=X) = (T+A) py— 250 00 — f5(B(py — py) — D)

st. p, =0

where © is the vector in R with component corresponding with (x;,y) for i = 1,2,...,n,
y € Y given by v, and f* is the conjugate function of f(p) = hTp + I, (p) given by

f(w)=supw'p-h'p=

p=0 oo otherwise.

{ 0 ifw=h

Therefore, the Lagrange dual above becomes
- max (17— )\)Tul — (T + )\)Tu2 — iy v
M2,V
st. p, =0
(i, )T (g — po) — v < h(ylzy), Yy eV,i=1,2,...,n.

It is easy to see that the solution of such optimization problem fi,, ft, satisfies that ,L_Lgi) ,L_Lgi) =0
for any 4 such that A; > 0. Then AT (ja; + f1y) = AT|f2; — f15| and taking g = g, — po the
Lagrange dual above is equivalent to

1- max 70p—AT|p|— 137 0

(182 n

®(z,y) ' — v <h(yl;), YyeV,i=1,2,...,n

that has the same value as sup,¢y, £(h, p) since the constraints in (47) are affine and V is
non-empty.
Therefore,

I~ g
inf supl(h,p) = inf 1—7Tp+ AY|p|+ = p
weillh ) Sp l(h,p) = inf) pot ATl n;

@(xi,y)Tu — < h(ylx;), Vy e V,i=1,2,...,n
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and, similarly to the proof for Theorem 2, we have that

CI)(xi,y)Tu — ) < h(ylz;), Vy e Y, i=1,2,...,n

= Z(I)(xlay)Ty’iy(z) < 17 vC C y;Z: 1727""”
yeC
Zyecq)(xi,y)TH -1
C|
=19 > o(p,z;), Vi=1,2,...,n.

L YCCY,i=1,2,...,n

Therefore, for each p, we have that any classification rule satisfying

h(y|z) > @(z,y) 1 — @(p,z), Vo € X,y €Y

is solution of

=1
O(z;,y) T — v <h(ylz), Yy eV, i=1,2,...,n

that has optimal value % o @©(p, ;). Then, the result is obtained because for any x € X,
we have that

Z (@(x,y)Tp, - @(u?x))Jr =1

yeY

because otherwise there would exist v, < @(m,x) such that

1= Z ((IJ(x,y)Tu - u$)+ = max Oz, )T p— vy
yey - yel

which contradicts the definition of ¢(u, z). [ |

Appendix D. Proof of Theorem 4

Proof The first result is a direct consequence of Hoeffding’s inequality and the union bound
since each component of ® is bounded by its corresponding scalar feature. Similarly, the
second result is a consequence of the empirical Bernstein inequality in Maurer and Pontil
(2009).
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For the last result, we have that for each j € Y

‘i S ) Hyi = 5} - E{(@)l{y = j}}|
=1
‘T;j; Y W)y = j} — 0" (y = HE{W(aly = j)}|
7 =1

" (;wanﬂ{% = j} - E{u(aly :j)}) +E{(ely = )} (% - p'(y :j))‘
J =1

)

IN

LS )y = 5} — E{(aly = )}

n; N )
+C‘J—p (3/:.7)‘
n; i n

n

For the first term, we have that with probability at least 1 — ¢

2C\/log2/§
< Qan(f)_FiOg/

1 n
— Z; I i =7 — E Ty =7
o l§_1w< Wy = j} — E{o(zly = j)} o,

using the uniform concentration bound in terms of Rademacher complexities (see e.g., Mohri
et al. (2018)). For the second term, we have that with probability at least 1 — ¢

&_* :"<10g2/5
Py =) = Ton

using Hoeffding’s inequality. Therefore, the result is obtained using the union bound. M

Appendix E. Proof of Theorem 5

Proof The result for R(U,h) is a direct consequence of Lemma 11, and the second result
for R(U,h) is obtained analogously since

Ii)relzgﬁ(h,p) = —sup —-1-— / (—h(ylz))dp(z,y)

> —inf —1 — 7T+ AT|pl+ sup {®(x,y) -+ h(y|z)}
n reX,yey

that leads to the expression in (20) changing the notation for the variable in the optimization
from p to —p. |
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Appendix F. Proof of Theorem 7

Proof Let Uy be the uncertainty set in (22). It is clear that p* € Uy, then using Theorem 5

R(b") < RUso,h") =min 1 — 75 p+ sup {®(z,y)"p —h*(ylz)}
H reX ycy

<l—7op + sup {&(z,y) p" —h"(ylz)}

zeX ,yey
O(x,y)Tp* —1
S 1— Tg‘ou* + sup Zyec ( y) 2
2EX.CCY C|
= RU)+ (T — Too) 1" = AT ||

where (48) is due to the definition of h*.

Analogously,
R(H) > R(Uoo, b) = max 1 — 75+ _inf {@(a,y)"p — h(yla)}
iz TEX,yeY
>1—71 inf {® Ty —n¥
Zl-roput nf {®(y) p -1 (ylr)}

=RU)+ (T — TOO)TH-F )\T|B|.

For inequality (25), note that from (48) and using the definition of p* we have that

O (x,y)7T -
R(hu) <1- TTHOO + sup Eyec ( y) Mo
2EX,CCY IC|

= Ro + (Too = ) (B — ) + A ([1to| = |127))

1
+ A oo = AT || + (T = Too)*

Finally, the results in (26) and (27) are obtained analogusly as the previous result using
U instead of Uxe. [

Appendix G. Proof of Theorem 8

Proof In the first step of the proof we show that if V" is the uncertainty set
VP={peAX xY): T — Ay S E{®,} =7 + Ay}

with 7 = E,«{®,} and A, satisfying condition (4) in the theorem’s statement, then, we
have that {R(V™)} tends to Rpayes With probability one for any underlying distribution p*.
In the second step of the proof we obtain the result using Theorem 7 and the Borel-Cantelli
Lemma.

For the first step, we have that R(V") for n = 1,2,... is a non-increasing sequence
because for n = 1,2, ... the sequence D,, is non-decreasing and any component of A, is
non-increasing. In addition, R(V") for n = 1,2, ... is lower bounded by Rpayes since p* € V"
for any n. Then, the first step in the proof is obtained showing that Rpayes is the largest
lower bound and using the monotone convergence theorem. Specifically, in case there exists
L € R such that for all n

ROV") 2 L > Rpayes = R({p"})
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then, it would exist a distribution p’ # p* with p’ € V" for all n because V™ C V"2 if
ny > no. Since p’,p* € V" for all n, we have that

—2Ap, S Ep{®,} —Ep{®,} <2, (49)

In particular, for all n
[Ep-ey — Epeylloo < 2[[Anlloo

so that pzj = p;. Using again (49) and the definition of ®,, denoting ¥,(x) =
[/l/}’Ul ($), w’UQ (SU), e 7¢1}Dn (x)}T we get that

1
D |Ep{ey @ Uy} —Ep{e, ® ‘Ijn}H% < 4|y|||)‘n”f2>o —n—oo 0
n

because any component of A, tends to 0.
Therefore, for all y € ) we have that

2
/ U, (z)dp*(z, ) —/ \I'n(x)dp’(m,y)H —n—so00 0
reX rEX 2

so that for j € Y such that py(j) #0

1

Dy

1 . , 2
Fn /ZGX ‘ljn(ﬂf)dpz‘y:j — /wEX \I’n(fﬁ)dpwly:]Hz —n—00 O
W ()", (2)
= , %d(p;\yq‘ N pgv\y=j)d(p;’\y=j N p;c’\y=j) “n—o0 0-
rzeX x'eX n

Using the law of large numbers we have that with probability one

U, (2) T, (2) ,
5 .l k(xz,x")

k(z, $)d(pw\y J p:vly J)d(px’ly =J p;r’ly:j) =0
rzeX ,x'eX

:>H/k dpw\y J /k dpl‘ly =j

for H the RKHS given by kernel k. But equality (50) contradicts p* # p because k is a
characteristic kernel and p;, = p; for all y € V.

As a consequence of the previous result, we also get that Rg, converges with probability
one to Rpayes since the smallest minimax risk satisfies Rg,, = R(UL) with

=0 (50)

Uy ={p e AX x)): E{Pp(x,y)} =74}

that coincides with V™ above taking A, = 0 for all n.
For the second step, if A, and D,, satisfy the two additional conditions in the theorem’s
statement, let Ny be an integer such that any component of A, is larger than

O\/2log(\y\(Dn +1)) + 2log 2n?
n
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for any n > Np. Such Ny exists since any component of A,+/n/logn tends to co and
D,, = O(n¥) for some k > 0. Then, for n > Ny we have that p* € U, with probability at
least 1 — 1/n? because using Hoeffding’s inequality we have that

2log(|V|(Dy, + 1)) + 2log(2/(1/n2))

||T$LO — Thllo < C\/

with probability at least 1 — 1/n?. Therefore, since V" satisfies R2.1, using Lemma 11 we
have that with probability at least 1 — 1/n?

R(h,) < R(U,) <infl— 71+ o(u) + AL |pl
I
<1 =7y + () + Xy || = RV + (T — m0) T ity

where f1,, is the solution of (6) for 7 = 7% and A = A,,.
If )\, is the smallest component of A, we have that ||, |1 < 1/, because

0<1— (7)o + (i) + Ay [, = ROV") < 1

and
1— (72" @, + () > RUL) > 0.

Therefore, with probability at least 1 — 1/n?

V210g(|Y[(Dy, + 1)) + 2log 2n2

R(hy,) < RV") + |5 — Tulleol|Bpllt < ROV™) +C N

Let € > 0 and consider N > Ny such that for any n > N

" £ V21og(|V|(Dy, +1)) + 2log2n2 ¢
R(V ) < RBayes + 5 and C \/ﬁAn < 5
Such N exists because
n Vi,
R(V") = Rpayes and NiRD — 00
when 7 tends to infinity, and D,, = O(n¥).
Therefore,
1
> P{R(hn) — Rpayes 2} SN =14 ) — <0
n>1 n>N
so that the result follows using the Borel-Cantelli Lemma. |
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Appendix H. Proof of Theorem 9

Proof We first show that optimization problems (20) and (21) using X; instead of X’
are equivalent to those using subsets of X that cover most of the probability mass of the
underlying distribution. We then prove that the probabilities of error in such subsets are
near the probabilities of error in all the set X.

Let p,, be a solution of the optimization problem

inl — 77 P Tpu—nh AT 51
minl -7 p+ max {®(z,y) p—hs(yle)} + 2wl (51)

and p; be a solution of the optimization problem

1—7"t in_{®(z,y)"p—h — AT 52
maxl—7 p+ min {2(zy) p—h(ylz)} M (52)
Both p,, and p; exist because X is finite and Rs(U) is finite.

If X, and A} are the sets

Xy = {x €X:®(z,y) "y, — hy(ylz) < max (®(z,y) p, — hs(yl2)),V y € y}

X = {w € X 0(z,y) "y — hy(yle) > min (D(z,y) 4y — ho(yl2)), ¥ y € y}

we have that optimization problem (51) is equivalent to that obtained substituting Xs by
X, because the objective function of the former problem is a lower bound for the latter
and both coincide in p,, as a direct consequence of the definition of X,,. Similarly, (52) is
equivalent to that obtained substituting Xs by A;. We next proof that with probability at
least 1 — 9 over the randomness of X, the sets X, and A} have probability larger than 1 — &g
with respect to the probability distribution p*(x).

For each j € ), let p,, ; and p; ; be the vectors of size |V[(m+1) formed by concatenating
the vectors [pl, 11" {y = j} and [p}, 1]TI{y = j} for y = 1,2,..., ||, respectively. In
addition, for each j € Y, let d, ;,d;; € R be given by

duj = max (O(x, )" p, — hs(j]a))

dy; = ;Iell)? (‘I)(%J')Tﬂz — hys(jz)).

Then, denoting u(z) = [®(=z, DT, he(1)z), @(2,2)", hy(2|2), ..., O(x, |y|)Ths(]y||x),]T c
RIYVIM+1) e have that

Xy={reX: u(:E)Tuu’j <dy;,VjeV}
Xi={zxeX: u(z:)Tul,j >dp;,VjeV}

Hence, if A is the set of half spaces in RYI(m+D and § (A, s) denotes the s-th shatter
coefficient of A (see e.g., Theorem 12.5 in Devroye et al. (1996)), we have that with probability
at least 1 — §

1< 32(log8S(A,s) + log m)
=D (@) gy < dus} — \/ - 2

i=1

E{I{u(z) p,; < duy}} >
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! \/32(log 8S5(A,s) + log %)
it —

S

1 S
E{I{u(z)"p; > dij}} > 3 > Hu(zi) ;> d
=1

for all j € V. Therefore, using the union bound and the fact that S(A, s) < 2(s—1)m+DIVI 4
2 < 4s(m+DYI (see e.g., Corollary 13.1 in Devroye et al. (1996)) we get that with probability
at least 1 — § over the randomness of X, the sets X, and A; have probability larger than
1—e;.

For the last step of the proof, let R|z(h) denote the risk of rule h restricted to Z C X,
that is,

Rlz) = [ flh o)’z (e0)
rEZYyey
for p*|z the probability measure corresponding to p* restricted to Z, that is

Py ifrez

p*lz(z,y) = { p*(2)

0 otherwise.

Then, with probability at least 1 — d, we have that
R|x, (hs) —es < R(hs) < Rlx, (hs) + &5 (53)

because for any rule h and set Z C X

R(h) = / )
reX,ye

— p"(2) / L ) ) + / ey 1) )
zEZ yE z€ YE
— Rlz(h) - (1 - p*(Z))Rlz(h) + / 0(h, (2, ))dp* (2, )
z€X\Z,yeY

so that

R(h) < R|z(h) + (1 = p*(2))(1 = R|z(h)) < R|z(h) + (1 - p"(2))
R(h) > R|z(h) — (1 —p*(2))
because 0 < ¢(h, (z,y)) < 1 for any x and y.

Taking
Uy ={peA(XyxY): [Ex®—7| < XA+2Ce,1}
Uy ={p e AN x V) : |[E;® — 7| = A+ 2C¢e,1}
we have that p* € U implies that p*|x, € Ui and p*|x, € Uz with probability at least 1 — 6.
Then, using Theorem 5 we have that with probability at least 1 — 24

R|x,(h,) < sup £(hy,p) <infl— 7T+ sup {(z,9) p— ho(ylo)} + XT|p| + 2Ceq | lly
pelh H TEXy,yeY

S - TTuu + Sup {@(1-7 y)T“u - h5<y|x)} + AT’I”'u| + 2C€S”/J‘uH1

reXy,YeY
= 1 - TT/J/u + max {(I)(:E, y)Tuu - hs(y‘x)} + >‘T|I'l’u| + 2CESH“uH1
reXs,yey
= Ry (U) +e52C] | py |11 (54)
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using the definition of X, and Corollary 6. In addition, we have that with probability at
least 1 — 20

R|x,(hg) > inf £(hs,p) >supl—7 p+ inf {®(z,y)"p—h(ylz)} — X |p| — 2Ce|pl1
pElle n reX,YEY

>1—7 '+ inf {®(x,y) wy —he(ylz)} — AT | — 2Ce]|
TEX,YEY

=1-7"w+ min {®(z,y)"w — hs(ylz)} — XT|wy| — 20e4]| 2
reXs,yey

= R, (U) — :2C | (55)

using the definition of Aj. Therefore, the result is obtained since inequalities (53), (54), (55)
are simultaneously satisfied with probability at least 1 — 24. |

Appendix I. Proof of Theorem 10

Proof Let o, G, and H be given as in Algorithm 2. If g(u) is the subgradient given by
(32), we have that

F(p—cg(p))+b=F (pn—c(a+XOsign(p) + coly, (F))) + b
=Fp+b —c(o+Hsign(p_) + coly,)(G)) — cH (sign(p) — sign(p_))

for any pu_ € R™ and ¢ € R. Then, using induction it is straightforward to show that in
Algorithm 2 we have that

Yi+1 = By — ckg(By),
Pt = Vi1 + 060" = 1)(yre1 — yi)
Wiyl = Fyr1 +b
Vir1 = Fug +b
ig+1 = argmaxFu; | +b

for all k. Therefore the sequences {p;} generated by Algorithms 1 and 2 are identical.

To prove the second claim, note that the computational complexity of Algorithm 1 in
each iteration is given by the multiplication F ;1 +b in step 6, which has a time complexity
of O(pm). On the other hand, the computational complexity of Algorithm 2 in each
iteration is determined by steps 7-14 which have a time complexity of O(pm~y(Ay)) where
v(Ay) denotes the fraction of non-zero components of vector Ay = sign(py,1) — sign(py,).
|
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