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Abstract

Supervised classification techniques use training samples to find classification
rules with small expected 0-1 loss. Conventional methods achieve efficient learn-
ing and out-of-sample generalization by minimizing surrogate losses over specific
families of rules. This paper presents minimax risk classifiers (MRCs) that do not
rely on a choice of surrogate loss and family of rules. MRCs achieve efficient
learning and out-of-sample generalization by minimizing worst-case expected 0-1
loss w.r.t. uncertainty sets that are defined by linear constraints and include the
true underlying distribution. In addition, MRCs’ learning stage provides perfor-
mance guarantees as lower and upper tight bounds for expected 0-1 loss. We also
present MRCs’ finite-sample generalization bounds in terms of training size and
smallest minimax risk, and show their competitive classification performance w.r.t.
state-of-the-art techniques using benchmark datasets.

1 Introduction

Supervised classification techniques use training samples to find classification rules that assign labels
to instances with small expected 0-1 loss, also referred to as risk or probability of error. Most learn-
ing methods utilize empirical risk minimization (ERM) approach that minimizes the expectation
w.r.t. the empirical distribution of training samples, see e.g., [1L2]]. Other methods utilize robust risk
minimization (RRM) approach that minimizes the worst-case expectation w.r.t. an uncertainty set of
distributions obtained using metrics such as moments’ fits, divergences, and Wasserstein distances,
see e.g., [B4]. Common uncertainty sets are formed by distributions with instances’ marginal sup-
ported on the training samples [5H9]. However, more general uncertainty sets, such as those used
in [314[T0-12]], can include the true underlying distribution with a tuneable confidence. Out-of-
sample generalization is conventionally achieved by considering families of rules with favorable
properties (reduced VC dimension or Rademacher complexity [1}[13]]). However, RRM techniques
can directly achieve out-of-sample generalization by using uncertainty sets that include the true
underlying distribution. In addition, such uncertainty sets can enable to obtain tight performance
bounds at learning.

Conventional methods achieve efficient learning and out-of-sample generalization by minimizing
surrogate losses over families of rules with favorable properties. ERM-based techniques such as
support vector machines (SVMs), multilayer perceptrons (MLPs), and Adaboost classifiers consider
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loss functions such as hinge loss, cross-entropy loss, and exponential loss together with families
of classification rules obtained from reproducing kernel Hilbert spaces (RKHSs), artificial neural
networks, and combinations of weak rules. RRM-based techniques that utilize Wasserstein dis-
tances consider surrogate log loss and linear functions or RKHSs [[11L[12], while those that utilize
f-divergences can use more general surrogate losses and parametric families of rules as long as they
result in convex functions over parameters [8,9]. Certain techniques based on RRM do not rely on
surrogate losses and minimize worst-case 0-1 expected loss [3H7]. However, such works consider
uncertainty sets that do not include the true underlying distribution. Hence, their generalization guar-
antees rely on the usage of specific families of rules, and they do not provide performance bounds
at learning.

This paper presents RRM-based classification techniques referred to as minimax risk classifiers
(MRCs) that minimize worst-case expected 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.

e Learning techniques that determine MRCs as the solution of a linear optimization problem
(Theorem[Tlin Section2] and Algorithm[Ilin Section [4).

 Techniques that provide performance guarantees at learning as lower and upper tight bounds
for expected 0-1 loss (Theorem [0 in Section 2] Theorem 2] in Section Bl and Algorithm [I] in
Section M)).

* Finite-sample generalization bounds for MRCs in terms of training size and smallest minimax
risk (Theorem[3]in Section [3)).

Detailed comparisons with related techniques are provided in the remarks to the paper’s main new re-
sults. In addition, Section[]provides a detailed description of MRCs’ implementation, and Section[3]
shows the suitability of the performance bounds and compares the classification error of MRCs w.r.t.
state-of-the-art techniques.

Notation: calligraphic upper case letters denote sets; vectors and matrices are denoted by bold lower
and upper case letters, respectively; for a vector v, v{?) denotes its [-th component, and v* and v,
denote its transpose and positive part, respectively; probability distributions and classification rules
are denoted by upright fonts, e.g., p and h; E,{-} denotes expectation w.r.t. probability distribution
p; I{-} denotes the indicator function; < and > denote vector (component-wise) inequalities; 1
denotes a vector with all components equal to 1; 1¢ an indicator vector with j-th component equal
to 1 (resp. 0) if j € C (resp. j ¢ C); | Z| denotes de cardinality of set Z; and, for a finite set Z, we
denote by A(Z) the set of probability distributions with support Z.

2 Minimax-risk classification

This section first briefly recalls the problem statement and learning approaches for supervised clas-
sification, and then presents learning techniques for MRCs.

2.1 Problem formulation and learning approaches

Supervised classification uses training samples formed by instance-label pairs to determine classi-
fication rules that assign labels to instances. In what follows, we denote by A and ) the sets of
possible instances and labels, respectively; both sets are taken to be finite and we represent )V by
{1,2,...,|Y|}. Commonly, the cardinality of X is very large compared with that of }; for instance,
in hand-written digit classification with 28x28 pixels grayscale images, |X'| = 2567%* and || = 10.

Classification rules can be deterministic or non-deterministic. For a specific instance, a deterministic
classification rule assigns always the same label, while a non-deterministic classification rule is
allowed to randomly assign a label with certain probability. Both types of rules can be represented by
the probabilities with which labels are assigned to instances (0 or 1 probabilities for the deterministic
case). We denote by T'(X,)) the set of general classification rules; if h € T'(X',)) we denote by
h(y|x) the probability with which h assigns label y € ) to instance x € X. In addition, we denote
by A(X x Y) the set of probability distributions on X x V; if p € A(X x ) we denote by p(x,y)
the probability assigned by p to the instance-label pair (z,y), and by p(z) the marginal probability
assigned by p to the instance z, i.e., p(z) = >_ p(z,y).
yey



The 0-1 loss (also called just loss in the following) of a classification rule at the instance-label pair
(z,y) € X x Y quantifies classification error, that is, the loss is 0 if the classification rule assigns
label y to instance x, and is 1 otherwise. Hence, the expected loss of a classification rule h &
T(X,Y)at (z,y)is 1 —h(y|z), and its expected loss w.r.t. a probability distribution p € A(X x ))

is
((h,p)= > plz,y)(1 - h(y|z)).
reX,yc)y
Let p* be the unknown true underlying distribution of instance-label pairs, the risk of a classification
rule h (denoted R(h)) is its expected loss w.r.t. p*, thatis R(h) = ¢(h, p*). The minimum risk is
known as Bayes risk and becomes

RBayes =1- Z I;1€a§7( p* (x, y)
reX

since it is achieved by Bayes’ rule hgayes that assigns the most probable label to each instance.

ERM approach for supervised classification aims to minimize the empirical expected loss ¢(h, p,),
where p,, is the empirical distribution of training samples. RRM approach aims to minimize the
worst-case expected loss £(h, p) for p a probability distribution in an uncertainty set obtained from
training samples. As described above, conventional techniques enable efficient ERM and RRM by
using surrogate loss functions and considering specific families of classification rules.

Supervised classification techniques can be seen as methods that perform the approximation
A

where the original 0-1 loss £ is substituted by a surrogate loss ¢; classification rules are restricted
to a specific family 7 C T(X,)); and expectation w.r.t. the true underlying distribution p* is
approximated by the worst-case expectation w.r.t. distributions in an uncertainty set /. ERM-based
techniques correspond to the case where the uncertainty set contains only the empirical distribution,
while RRM-based techniques use uncertainty sets that contain multiple distributions. Using 0-1 loss
and uncertainty sets that include the true underlying distribution, the objective minimized at learning
maxpey £(h, p) becomes an upper bound of the original objective £(h, p*) for any classification rule
h € T(X,Y). This key property can enable to ensure out-of-sample generalization and to obtain
tight performance bounds at learning.

2.2 Learning MRCs

The following shows how RRM can be used with original 0-1 loss ¢, considering general classifica-
tion rules 7'(X', ), and using uncertainty sets that include the true underlying distribution p* with
a tuneable confidence.

MRC:s consider uncertainty sets of distributions defined by linear constraints obtained from expec-
tation estimates of a feature mapping. Specifically, let & : X x ) — R™ be a feature mapping, and
a,b € R with a < b be lower and upper endpoints of interval estimates for the expectation of ®.
We consider uncertainty sets of distributions

Ur* ={pe A(X xY): a<xE,{®(z,y)} < b} (1)
and we denote the minimax expected loss against uncertainty set /2P by R2P,i.e.,

R*® = min  max ¢(h,p).
heT(X,Y) peyab

Such uncertainty sets include the true underlying distribution p* with probability at least 1 — ¢ as
long as a and b define expectations’ confidence intervals at level 1 — ¢, that is
P{a < E,«{®(z,y)} <b} >1-4.

In this paper, we consider expectations’ interval estimates obtained from empirical expectations of

training samples (x1,y1), (X2,92), - - ., (Tn, Yn) as
A A 1 —
an:‘rn_%a bn:Tn‘Fﬁv fOan:E;‘I)(Iuyz) (2)



where A = 0 determines the size of the interval estimates for different confidence levels.

In the following, in order to get compact expressions we often denote functions with domain X' x Y
by vectors or matrices with |X’|| )| components or rows, respectively. We denote a probability distri-
bution p € A(X x )) and a classification rule h € T'(X', ))) by vectors p and h with components
given by p(z,y) and h(y|z) for (z,y) € X x Y. In addition, we denote the feature mapping
®: X xY — R™ by a matrix ® with rows given by ®(z,y)T for (z,y) € X x V. Also, we
denote by p,, h,, and ®, the subvectors and submatrix of p, h, and ® corresponding to a fixed
x € X, and if v is a vector indexed by X x Y we denote by ||v||1,00 and ||V]|c0,1 the mixed norms
[VI[1,00 = maxzex [[Vell1 and [[V]oo,1 = D c v IVa | oo With this vector notation we have that

h,p)=p"(L—h i hp)=1-|plew dE {® =dp.
{(h,p) =p ( ), heg}l}gywé( ,D) Plloc,1, and Ep{®(z,y)} p

Finally, whenever we use expectation point estimates, i.e., a = b, we drop b from the superscripts,
for instance we denote U/®P for a = b as U2.

The result below determines minimax classification rules with 0-1 loss against uncertainty sets given
by (), which are referred to as MRCs in the following.

Theorem 1. Let @ : X x J — R™, a,b € R™ with iY2P + (), and p, uy, v* be a solution of the
convex optimization problem

: bT _aT _
ua.,u;g]llg}n,ue]l% Ho a Ha v 3
5. t. [(®(g = ) + (v + D)4 [100 <1 )
Mgy Ky t 0.

If a classification rule h&® € A(X,Y) satisfies, foreach z € X,y € ),
hP(ylz) > ®(z,y) T +v* + 1 4)

with p* = py — py, then
h*P € ar min max /(h
& heA(X,Y) peuab (h,p)
that is, h®® is a minimax classification rule for 0-1 loss against uncertainty set U?P. In addition,
the minimax expected loss against uncertainty set /*® is given by

R*P =bTu; —aTp —v*. 5)
Proof. See Appendix[Blin the supplementary material. O

The result above is obtained by using von Neumann’s minimax theorem and Lagrange duality
; in particular, parameters p:, p7, v* correspond to the Lagrange multipliers of constraints in (I).
As we describe in Section [ Theorem [ enables MRCs’ implementation in practice. Specifically,
training samples serve to obtain expectation estimates a and b that are used to learn parameters
w*, v* by solving (3), which is equivalent to a linear optimization problem. Then, those parameters
are used in the prediction stage to assign label 4 € ) to instance € X with probability h®P(y|z)
satisfying @). Even though MRCs minimize the worst-case risk over all possible rules; as shown
in ), they have a specific parametric form determined by a linear-affine combination of the feature
mapping with coefficients obtained by solving (@) at learning. Therefore, the role of the feature
mapping in the presented method is similar to that in conventional techniques such as SVM and
logistic regression.

Classification rules satisfying .@) always ex.is.t sin.ce Zyey(fng, y) Tt +.V* + .1)+ g 1 for any
x € X due to the constraints in (3). In addition, in case of using expectation point estimates, i.e.,
a = b, the minimization solved at learning becomes

min —aT,u -V
RER™ VER (6)
s. L. [(@p+ (v +1)1) 1 [l1,00 < 1

taking po = pr, — phy,



The techniques proposed in [5H7] find minimax classification rules with 0-1 loss for uncertainty sets
that are also defined in terms of expectations’ fits. In particular, [6.[7] utilize uncertainty sets of the
form

U= {p eT(X,Y):Ep{®(z,y)} = a, and p(z) = pp(z), Va € X}
while [3]] utilizes uncertainty sets of the form
U={peT(X.Y):|E{®(x,y)} —al <&, and p(z) = pn(z), Yo € X'}.

Such uncertainty sets only contain distributions with instances” marginal p(x) that coincides with
the empirical p,, () so that they do not include the true underlying distribution for finite number of
samples. Therefore, the techniques in [5H7] cannot ensure out-of-sample generalization with general
classification rules and do not provide performance bounds at learning such as those shown below
in Theorem 2] for MRCs.

3 Performance guarantees

This section characterizes the out-of-sample performance of MRCs. We first present techniques that
provide tight performance bounds at learning, and then we show finite-sample generalization bounds
for MRCs’ risk in terms of training size and smallest minimax risk.

3.1 Tight performance bounds

The following result shows that the proposed approach also allows to obtain bounds for expected
losses by solving linear optimization problems.

Theorem 2. Let ® : X x Y — R™, a, b € R™ with *P #£ () and k2P (q) be given by

a,b — : bT _aT _
K*°(q) P I
5. t. ®(p, — ) +vl<q )
,’l’a) ,’l’b t 0

for a function ¢ : X x Y — R. Then, forany p € U*P and h € T(X,))
0< —k®P(1 —h) <L(h,p) <K*P(h-1)<1. 8)

In addition, £(h, p) = —x2P(1 —h) (resp. £(h, p) = x*P(h — 1)) if p minimizes (resp. maximizes)
the expected loss of h over distributions in Z/2P.

Proof. See Appendix[Cin the supplementary material. O

For an MRC h#P, the upper bound above is directly given by (@), that is, R*P = x2P(haP —1). On
the other hand, its lower bound, denoted by Lab, requires to solve an additional linear optimization
problem given by (@) to obtain L*P = —x>P(1 — ha'P),

The techniques proposed in [8l[11}[12] obtain analogous 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 (risk). Note that the
bounds for expected losses become risk’s bounds if the uncertainty set includes the true underlying
distribution. Such situation can be attained with a tuneable confidence using uncertainty sets defined
by Wasserstein distances as in or using the proposed uncertainty sets in (I}) with expectation
confidence intervals. However, the bounds are only asymptotical risk’s bounds using uncertainty
sets defined by f-divergences as in [8]] or using the proposed uncertainty sets in (I)) with expectation
point estimates.

3.2 Finite-sample generalization bounds

The smallest minimax risk using uncertainty sets given by () with feature mapping ® is the non-
random constant R7> with 7o, = E,«{®} because p* € UdP = Y7~ C 2P = RTe < R2P.



Such smallest minimax risk corresponds with MRC h™ that would require an infinite number of
training samples to exactly determine the features’ actual expectation 7.

The following result bounds the risk of MRCs w.r.t. the smallest minimax risk, as well as the
difference between the risk of MRCs and the corresponding minimax expected loss.

Theorem 3. Let ® : X' x ) — R™ be a feature mapping, § € (0,1) , and 7o = Ep-{®}. If 7,
a,,, and b,, are point and interval estimates for 7, obtained from training samples as given by @)
with

/1 +1log 2
A=d w, d® = max @(m,y)(l) — min @(m,y)(l), forl=1,2,...,m.
2 reX ,yeY reX,yey

Then, with probability at least 1 —

logm—i—log% 1

R(h®Pn) < RAPr < BT 4 2Mg|d| 2 Vn ®
logm—l-log% 1
R(Mh™) < R™ + Mg|d|2\| ———">—F= 0
(h™) < + Mo ||d|2 2 NG o
) . logm +log % 1
R(h™) < R™ + Ng||d||2\| ———2>—= .

2 vn

where

M - N = —
o ﬁ%ﬁﬂuﬂza ® ul)ugéﬂq)”ll’l Hall2

Q¢ ={peR™: Jac Conv(®(X x V)) s.t. p, v is the min. euclidean norm solution of (@) }.
Proof. See Appendix[Dlin the supplementary material. |

Second inequality in @) and inequality (IT)) bound the risk of MRCs w.r.t. the smallest minimax risk
R™==; and first inequality in (9) and inequality (I0) bound the difference between the risk of MRCs
and the corresponding minimax expected loss. These bounds show differences that decrease with
n as O(1/+/n) with proportionality constants that depend on the confidence §, and other constants
describing the complexity of feature mapping ¢ such as its dimensionality m, the difference between
its maximum and minimum values d, and bounds for the solutions of (6) with vectors a in the convex
hull of (X x ).

The generalization bounds for the risk provided in Theorem 3 of [3] and Theorems 2 and 3 of
are analogous to those in inequalities (9) and (II) above. In particular, they also show risk’s
bounds w.r.t. to the minimax risk corresponding to an infinite number of samples. The bounds
in [3] and correspond to uncertainty sets defined by expectation fits with empirical marginals
and Wasserstein distances, respectively, while the bounds (@) and (II) above correspond to the
proposed uncertainty sets in (I). The generalization bounds in Corollary 3.2 in [9] and Theorem 2
of [T1]] are analogous to those in inequalities (@) and (I0) above. In particular, they also show how
the risk can be upper bounded (assymptotically in [9] and inequality (IQ) or with certain confidence
in [11]] and inequality (3)) by the corresponding finite-sample minimax expected loss. The bounds
in [9] and correspond with uncertainty sets defined by f-divergences, and Wasserstein distances,
respectively, while the bounds @) and (IQ) above correspond with the proposed uncertainty sets
defined by linear constraints.

4 Implementation of MRCs

Algorithm[T] describes MRCs learning stage that obtains parameters p*, v* by solving optimization
problem (@) in Theorem [I] given expectation estimates in (2)) obtained from training samples. An
upper bound for the expected loss is directly obtained as by-product of such optimization while a
lower bound for the expected loss requires to solve an additional linear optimization problem given
by (@) in Theorem[2]



Algorithm 1 — Pseudocode for MRC learning

Input: Training samples (z1,y1), (¥2,92), - - ., (T, yn), width of confidence intervals A
feature mapping @, and matrices ®1, ®,, ..., ®, satisfying (12)
Output: Parameters p*, v*, upper bound k2P and [Optional] lower bound L2~-P»

I: T, % Yo (2, i), an < Th — )\Ln, b, < 7, + )\%

2 i, pg, vt < argmin . by, —agp, — v

HosHpsV
s. t. (lc)T (¢Z(p’a - iu’b) +V1) S 1- |C|7 Vi € {1727" '7T}7C g yvc 3& @
Mgy Ky t 0

30 pt = — g, Ranbn bl —al pr —v*

4: [Optional] L2»P» < — min blu, —alp, —v

/‘l’a)/J'b)V
sote ®i(p, —pp) +rv1=1—g;, Vie{l,2,...,r}
ll’a7ub E 0
o, u*+ (v +1)1 c; ife; #0
where €; = (®in” 4 JD+/ 7 ande; = ||(®;p" + (v + 1)1
1/|Y ife; =0

Optimization problems (@) and (Z) addressed at learning can be efficiently solved; in the following
we show equivalent representations of such optimization problems that are appropriate for imple-
mentation. For each x € X, let ®, be the | )| x m matrix with y-th row equal to ®(z,y)T. If
@, ®,y, ... ], are r matrices describing the range of matrices ®,, for varying z € X, i.e.,

{®,: i=1,2,....r} ={P,: z € X} (12)

then, constraints in optimization problem (7) are equivalent to 2m + r|)| linear constraints. Con-
straints in optimization problem (3)) are equivalent to 2m linear and r nonlinear constraints since
[(@(p, — pp) + (v +1)1)4]]1,00 < 1is equivalent to

(@it — 1) + (v +1)1) |1 < Lfori=1,2,...,7. (13)

Furthermore, constraints in optimization problem (3)) are also equivalent to 2m + r(2|y - 1) linear
constraints because (I3) is equivalent to

(1C)T(¢i(ua_l‘l’b)+yl) < 1_|C|7 Vie{l,?,...,’f’}, ngac#(b
ince ({41, — ) + (v 1)1) |2 = ma(Le)T (@, — ) + (v + 1)1).

Classification problems with a moderate number of classes || can benefit by the formulation of
@) as a linear optimization problem with 2/m + (2!l — 1) constraints instead of that as nonlinear
convex optimization with 2m + 7 constraints. The number r of matrices ®;, ®,, ..., ®, needed
to cover the range of matrices ®,, x € X, determines the number of constraints in the optimiza-
tion problems solved for MRC learning. Efficient optimization can be achieved using constraint
generation techniques or approximations with a subset of constraints.

At prediction stage, MRCs use the parameters p+* and v* obtained at learning to assign label y € Y
to instance = € X" with probability

ab f (®(zy) T v+ 1) e ifep #0
b le) = { 1/Y ife, =0 (14)
that satisfies (@) in Theorem[II by taking c, = Z(@(x’ )T 4+ v+ 1),
yey
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Figure 1: Upper and lower MRC risk bounds obtained at learning.

S Experimental results

In this section we show numerical results for MRCs using 8 UCI datasets for multi-class classifica-
tion. The first set of results shows the suitability of the upper and lower bounds R*® and L2 for
MRCs with varying training sizes, while the second set of results compares the classification error
of MRCs w.r.t. state-of-the-art techniques.

MRCs’ results are obtained using feature mappings given by instances’ thresholding, similarly to
those used by maximum entropy and logistic regression methods [13l[16,17]. Such feature mappings
are adequate for a streamlined implementation of MRCs because they take a reduced number of
values[] Let each instance 2 € X be given by x = [x(l), z® .. ,x(D)]T € RP, and let Th; € R
be a threshold corresponding with dimension d; € {1,2,...,D} fori = 1,2,...,k. We consider
feature mappings with m = |)|(k + 1) components corresponding to the different combinations of
labels and thresholds. Specifically,

D (z,y)=I{y=i} forl=(G—-1)(k+1)+1,i=12,...,])
oV (x,y) = o) < Th;}1{y = i}
forl=(G—-1(k+1)+j+1,i=1,2,...,|[¥,5=12,...,k. (15)

We obtain up to k& = 200/|)| thresholds using one-dimensional decision trees (decision stumps) so
that the feature mapping has up to m = 200 + || components, and we solve the optimization prob-
lems at learning with the constraints corresponding to the » = n matrices ®; = ®,,,i = 1,2,...,n,
obtained from the n training instances. For all datasets, interval estimates for feature mapping ex-
pectations were obtained using (@) with A = 0.25fori = 1,2,...,m. All other classification
techniques were implemented using their default parameters, and the convex optimization problems
have been solved using CVX package [18].

In the first set of experimental results, we use “Adult” and “Magic” data sets from the UCI repository.
For each training size, one instantiation of training samples is used for learning as described in
Algorithm [l and MRC’s risk is estimated using the remaining samples. It can be observed from
the Figures and that the lower and upper bounds obtained at learning can offer accurate
estimates for the risk without using test samples.

In the second set of experimental results, we use 6 data sets from the UCI repository (first
column of Table [). MRCs are compared with 7 classifiers: decision tree (DT), quadratic
discriminant analysis (QDA), k-nearest neighbor (KNN), Gaussian kernel SVM, and random
forest (RF), as well as the related RRM classifiers adversarial multiclass classifier (AMC), and
maximum entropy machine (MEM). The first 5 classifiers were implemented using scikit-learn
package, AMC [7] was implemented with Gaussian kernel using the publicly available code

!'The implementation of MRCs with more sophisticated feature mappings, such as those embedding data
into a RKHS, can be enabled by using constraint generation techniques or subgradient descent methods.



Table 1: Classification error and performance bounds of MRC in comparison with state-of-the-art techniques.
Data set LB MRC UB QDA DT KNN SVM RF AMC MEM
Mammog. | .16 .18+.04 .21 | .20+.04 .24+.04 .22+.04 .18+.03 .21+.06 .18+.03 .22+.04
Haberman | .24 .27+.03 .27 | .24+.03 .39+.14 .30+.07 .26+.04 .35+.12 .25+.04 .27+.02
Indian liv. | .28 .29+.01 .30 | 44+.08 .35+.09 .34+.05 .29+.02 .30+.05 .29+.01 .29+.01
Diabetes 22 .26+.03 .28 | .26+.03 .29+£.07 .26+.05 .24+.04 .26+.05 .24+.04 .34+.04

Credit A2 15+.18 17 | .22+.07  .22+.14  14+£.09 .16+.17 17+.15 .15+.18 .14+.04
Glass 22 36+.08 47 | .64+.04 .39+.18 34+.08 34+.11 40+.14 42+.14 .35+.08
Avg. rank 2.7 5.1 7.0 3.8 2.0 53 2.5 3.8

provided by the authors in https://github.com/rizalzaf/adversarial-multiclass,
and MEM was implemented as shown in [5]. The errors and standard deviations in Table [I]
have been estimated using paired and stratified 10-fold cross validation. The upper and lower
bounds showed in columns UB and LB, respectively, are obtained without averaging, that is, by
one-time learning MRCs with all samples. It can be observed from the table that the accuracy
of proposed MRCs is competitive with state-of-the-art techniques even using a simple feature
mapping given by instances’ thresholding. Table [I] also shows the tightness of the presented
performance bounds for assorted datasets. Python code with the proposed MRC is provided in
https://github.com/MachineLearningBCAM/Minimax-risk-classifiers-NeurIPS-2020
with the settings used in these experimental results.

6 Conclusion

The proposed MRCs minimize the worst-case expected 0-1 loss over general classification rules,
and provide performance guarantees at learning. The paper also describes MRCs’ implementation
in practice, and presents their finite-sample generalization bounds. Experimentation with benchmark
datasets shows the reliability and tightness of the presented performance bounds, and the competitive
classification performance of MRCs with simple feature mappings given by thresholds. The results
presented show that supervised classification does not require to choose a surrogate loss that substi-
tutes original 0-1 loss, and a specific family that constraints classification rules. Differently from
conventional techniques, the inductive bias exploited by MRCs comes only from a feature mapping
that serves to constrain the distributions considered. Learning with MRCs is achieved without fur-
ther design choices by solving linear optimization problems that can also provide tight performance
guarantees.


https://github.com/rizalzaf/adversarial-multiclass
https://github.com/MachineLearningBCAM/Minimax-risk-classifiers-NeurIPS-2020

Broader Impact

The results presented in the paper can enable new approaches for supervised learning that can benefit
general applications of supervised classification. Such results do not put anybody at a disadvantage,
create consequences in case of failure or leverage biases in the data.
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Appendices

A Auxiliary lemmas

The proofs of Theorem[Iland Theorem 2l require the lemmas provided below.

Lemma 1. The norms || - ||o0,1 and || - ||1,00 are dual.

Proof. The dual norm of || - |01 assigns each w € RIZII7I for finite sets Z and 7, the real number

sup  wlv.

vi [Vl <1

We have that for v with ||v]|s,1 < 1

wWiv=3 "% wainvig < YD lwag v

iez jeg iez jeg
<> (max |v<m‘>|> D lwiy| <maxyfwis| <maX |”<w‘>|>
iez N 7 jed jeT iez N 7

= [WllioollVileo < fIWll1,00

So, to prove the result we just need to find a vector u such that ||ufls,1 < 1 and wiu = ||W||1 0.
Let: € argmaxier ) ;¢ 7 [w(i 5|, then u given by

1 if ¢ = ¢ and w(z,]) Z 0
U(4,5) = —1 ifi=(tand w(;,5) < 0
0 otherwise

satisfies [|u]|co,1 < 1 and whu = ||[W]|1,00-

O

Lemma 2. Let u € RIZII7! for finite sets Z and .7, and fi, fo be the functions f; (v) = IVlloor —
1Tv 4+ I, (v) and fo(v) = vTu + I, (v) for v € RIZII7I where

[0 ifv=0
Li(v) = { oo otherwise

Then, their conjugate functions are

N - 0 if[(1+w)i|1,0 <1
fi(w) = { 00 otherwise

" . 0 ifw=u
f3(w) = { oo otherwise

Proof. By definition of conjugate function we have

fi(w) =sup(wW'v = [|[V]ec1 + 1TV = I (v)) = SB%«I + W)V = [[V]loe,1)-

o If (1 + W)+ |1,00 < 1, foreach v = 0, v # 0 we have
(14+w)™V < (14 W) )™V = [[V]|os (((1 + w>+>T|v|+1>
and by definition of dual norm we get

1+ W)V < V]l

(1+ W)-‘r”l,oo < ”VHOOJ

which implies
(1 4+ W)V~ [V]oes 0.

Moreover, (1 + w)T0 — ||0]| .1 = 0, so we have that f;(w) = 0.
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* If |[(1 + W)+ |]1,00 > 1, by definition of dual norm and using LemmalIl there exists u such
that (1 + w)4)Tu > 1 and ||ul|oc,1 < 1. Define @1 as

-] uey) ifug;) >0and 1 +wg ) >0

CEDT 0 gy <Oorl g <0
By definition of w and || - ||0,1 We have

[floo,1 < fuflocr <1

and

A+wla=((1+w))a>((1+w))u>1.
Now let ¢ > 0 and take v = tu > 0, then we have

1+ W)V = [[Vlloq = (1 +w) 0 = [[d] 1)

which tends to infinity as ¢ — +oc because (1 + w)™@ — [[i]|co.1 > 0, so we have that
i (w) = +oc.

Finally, the expression for f3 is straightforward since

f2(w) = sup((w — u)'v).

B Proof of Theorem [T

Let set { and function £(h, p) be given by
U={p: XxY—>Rst.p=0, |plic<1}

Ui,p) = T — "l — " + PN (B(pf — i) + (v + 1)1 - h).
In the first step of the proof we show that hP satisfying @) is a solution of optimization prob-

lem minyerx,y) max £(h, p), and in the second step of the proof we show that a solution of

minper(x,y) Max, ¢(h, p) is also a solution of minyep(x,y) Maxyeysan £(h, p).

For the first step, note that

Ah,p) = b — "t —v* + 3 Pl (Pl — ) + (' + 1)1 —hy).
reX

Then, optimization problem minycr(x,y) max iy £(h, p) is equivalent to

min max erx P;E (‘I)w(ﬂz - Hz) + (V* +1)1 - hw)
hIGA(y)V{EGX pxtovaznglvxeX

that is separable and has solution given by

haP ¢ argmin max pr (®.(ph — pi) + (v +1)1 —hy,)
hﬂC € A(y) Pz = 07 HpmHl <1

for each x € X. The inner maximization above is given in closed-form by

max T (@, (pu — i)+ (" + 1)1 — by
Pztﬂvl\pxlhgp (P21 — p5) + ( ) )

= H (‘I’z(ﬂz _H’Z) + (V* + 1)1 _hac)Jr ”00 >0

that takes its minimum value 0 for any h&® = &, (u* — p;) + (v* + 1)1.

~¢(h,p) we have that

. a7b . . .
For the second step, if h** is a solution of minyc7(x,y) max

in_ max(h,p) = max (h®®,p) > max (b*P,p) > min_ max ((h, 16
Dy mal(h,p) = maxf(h®%,p) = wmax (h%p) 2 min | max ((h,p) - (16)
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where the first inequality is due to the fact that > C U and Z(h, p) > £(h,p) forp € U*P because
by —alp; +p'®(p; — py) <0
by definition of /*® and since p, pi = 0.

Since £(h,p) is continuous and convex-concave, and both /** and T'(X,))) are convex and com-
pact, the min and the max in R*P = ming,ep(x,y) Max,eyab £(h, p) can be interchanged (see
e.g., [14]) and we have that R*P = maxc;ga.o minper(a,y) £(h, p). In addition,

min {4(h,p) = min T(1_h)=p'l_— .
heT (X,Y) (b, ) heT(X,y)p ( )=p [Plloc,1
because the optimization problem above is separable for x € X and

T
hy = [|Palloe. 17
02X Py [Pl (17)

Then R*P = max,cyjab P'1 — ||p|oc,1 that can be written as

max  p'l—||plloc1 — I+(p)
s. t. —p'1=-1 (18)
a =< <I>Tp <b
where

. 0 ifp>=0
Li(p) = { oo otherwise

The Lagrange dual of the optimization problem (I8) is

min bTub — aTlLa — v+ (P — ) + 1)
Ko,y ER™ v ER (19)
s.t. p, =0,y =0

where f* is the conjugate function of f(p) = ||p|lcc.1 —P 1+ 14 (p) (see e.g., section 5.1.6 in [13]).
Then, optimization problem (T9) becomes (3) using the Lemma[2above.

Strong duality holds between optimization problems (I8) and (@) since constraints in (I8)) are affine.
Then, if p’, i, v* is a solution of (3) we have that R®P is equal to the value of

maxp'l = [[pllocs = 1+(p) = (P'® = by + (p'® —a)p; + (P'L - 1p"  (20)
that equals

mangl — IPlloc,t + by —a i — v+ p" (D(ph — py) +v*1)
P&

since a solution of the primal problem (I8)) belongs to U and is also a solution of @0). Therefore,
R*P —max min  ((h,p) +b T —a"w! — v +p" (®(p) — p;) + 71
max, m (h,p) +b py —ap P (®(png — my) )

—max min /(h,p)= min max/{(h,p)
pell heT(X,Y) heT(X.Y) pett

where the last equality is due to the fact that 11 (h, p) is continuous and convex-concave, and both u

and T'(X,))) are convex and compact. Then, inequalities in (I6) are in fact equalities and h®P is
solution of minyep(x,y) Maxy,eyzab £(h, p).

C Proof of Theorem

The result is a direct consequence of the fact that for any p € U®P

in ¢(h,D) < l(h.p) < ¢(h,p
_min, (h,p) < (7p)__£l£3§b (h,p)
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and
min ¢(h,p) = min p'(1 — h)

’ﬁeua,b ’ﬁeua,b
max £(h,p)=— min p'(h—1).
Jnax, (h,Dp) Jmin p'(h—1)

The expression for x*P(g) in (7) is obtained since
omin p'(-q) = min p'(~q)+1.(p)
s.t. —1Tp=-1 21
a<®d'p=<b
where

[0 ifp=o
L(p) = { oo otherwise

Then, the Lagrange dual of the optimization problem Q1) is

max alp, — b, +v— f* (®(p, — p,) +v1)
Kgs Ky ERmaV eR (22)
s.t. p, =0,y =0

where f* is the conjugate function of f(p) = p'(—q) + I (p) that leads to (7) using Lemma[2l

D Proof of Theorem
Firstly, with probability at least 1 — J we have that p* € U2~ and

logm + log %

||Too - TWHQ < Hd||2 m

because, using Hoeffding’s inequality we have that fori =1,2,...,m

o2n2t?
P{|Tm,i—7n,i|<ti}21—2exp{— i }

2
nd;
. log m+log %
so taking ¢; = d;\/ ——,— we get

logm + log %

P |Too,i — Tn,i| < dz o

2
21—26Xp{—logm—logg}_1—£
m

and using the union bound we have that

lo +log 2
]P){lToo,i — Tn,il < diﬂ %,iz 1,2,...,m}
n

m
Zl—m—i—Z]P’ |Too,i_Tn,i|<di
=1

logm + log %
2n

>1-46.
For the first inequality in (@), we have that R(h2~-P») < RanPn with probability at least 1 — J since
p* € U3 P~ with probability at least 1 — 6.

For the second inequality in @), let p*, v* be the solution with minimum euclidean norm of (@) for
a=To; ()T, (—p*)t, v*] is a feasible point of (B) because pu* = (u*)* — (—p*)™ and p*, v*
is a feasible point of (G). Hence

R P <y ()" —ap (W) = v = RT 4 (by = 7o) (—p") T+ (7o —an) " (07)
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T T
logm + log %
2n

logm + log 2
:RTOO— T o —Tn—d 7g 5 gé (—H*)++ Too — Tn +
n

. . logm + log 2 . .
= R 4 (= 7o) " 4| B () () )

Then the result is obtained using Cauchy-Schwarz inequality and the fact that ||(p*)™ +
(=) 2 = [l 2.

For the result in (I0), note that using Theorem ] and since p* € U2 P~ with probability at least
1 — 6 we have that

R(h™) < max /¢(h™ = min blu —alpy —v
( ) = petdanbn ( 7p) ®(p, —p,)+v1<h™n -1 nMy nMaq
so that, if p*, " is the solution with minimum euclidean norm of (@) for a = 7,,, we have that

R(h™) < b (—p2)* —al (i) — v because p, = ()" —(—p)+ and By, +v;1 < h7n—1

by definition of h™. Therefore, the result is obtained since
T T
logm + log %
2n

logm + log %

RL™) < |7, +d
(b)) < {70 + 5

(—p) " = | Tn - (k)™ =y,
logm + log %

=R +dT"
+ 2n

(i)™ + (=pi)™)

For the result in (TI), note that using Theorem 2] and since p* € U™ > we have that

th < h"'n — 1 — ooT —
R( )_pgbag;ﬁ( D) L (Too) =V

so that, if p, v is the solution with minimum euclidean norm of (@) for a = 7,,, we have that
R(h™) < —(7Too)"puy — v because @), + 1 < h™ — 1 by definition of h™. Let p*, v* be
the solution with minimum euclidean norm of (@) for a = 7, the result is obtained since

R(hT) < —=(Too) i, = vy + Ty, = Tobty, + (Too) " 07 = (To0) " = v°

= (Tn - TOO)TN:; + RT> — T;sz’:; - I/;; + (TOO)TN* + v*
< (Tn = Too) T+ (Too — )T + RT> (23)
< HTn - TOO||2HN; - N*H2 + R7>=

where (23) is due to the fact that —7% p* — v < —71 u* — v* since p*, v* is a feasible point of (G)
fora = T1,.
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