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Abstract—In this paper, we study data-dependent generalization
error bounds that exhibit a mild dependency on the number of
classes, making them suitable for multi-class learning with a large
number of label classes. The bounds generally hold for empirical
multi-class risk minimization algorithms using an arbitrary norm
as the regularizer. Key to our analysis are new structural results
for multi-class Gaussian complexities and empirical /.,-norm
covering numbers, which exploit the Lipschitz continuity of the
loss function with respect to the /2- and /-.-norm, respectively.
We establish data-dependent error bounds in terms of the
complexities of a linear function class defined on a finite set
induced by training examples, for which we show tight lower
and upper bounds. We apply the results to several prominent
multi-class learning machines and show a tighter dependency on
the number of classes than the state of the art. For instance, for
the multi-class SVM of Crammer and Singer (2002), we obtain a
data-dependent bound with a logarithmic dependency, which is a
significant improvement of the previous square-root dependency.
Experimental results are reported to verify the effectiveness of
our theoretical findings.

Index Terms—Multi-class classification, Generalization error
bounds, Covering numbers, Rademacher complexities, Gaussian
complexities.

I. INTRODUCTION

ulti-class learning is a classic problem in machine

learning [1l]. The outputs here stem from a finite set
of categories (classes), and the aim is to classify each input
into one of several possible target classes [2H4]]. Classic appli-
cations of multi-class classification include handwritten optical
character recognition, where the system learns to automatically
interpret handwritten characters [5]], part-of-speech tagging,
where each word in a text is annotated with part-of-speech
tag [6], and image categorization, where predefined categories
are associated with digital images [[7, [3].
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Providing a theoretical framework of multi-class learning al-
gorithms is a fundamental task in statistical learning theory [1].
Statistical learning theory aims to ensure formal guarantees to
safeguard the performance of learning algorithms, often in the
form of generalization error bounds [9]]. Such bounds may lead
to improved understanding of commonly used empirical prac-
tices and spur the development of novel learning algorithms
(“Nothing is more practical than a good theory” [L1]).

Classic generalization bounds for multi-class learning scale
rather unfavorably (e.g., quadratic, linear, or square root at
best) with the number of classes [9-11]]. This may be because
the standard theory has been constructed without the need
of having a large number of label classes in mind as many
classic multi-class learning problems consist of only a small
number of classes. For instance, the historically first multi-
class dataset—Iris—[I12]—contains only three classes, the
MNIST dataset [[13] consists of 10 classes, and most of the
datasets in the popular UCI corpus [[14] contain up to several
dozen classes.

However, with the advent of the big data era, multi-
class learning problems—such as text or image classification
[Z, [15]]—can involve tens or hundreds of thousands of classes.
Recently, a subarea of machine learning that studies classifica-
tion problems involving an extremely large number of classes
(such as those mentioned above) called eXtreme Classification
(XC) has emerged [16]]. Several algorithms have recently been
proposed to speed up the training or improve the prediction
accuracy in classification problems with many classes [15} [17-
20]).

However, a discrepancy remains between algorithms and
theory in classification with many classes, as standard statis-
tical learning theory is void in the large number of classes
scenario [27]]. With the present paper we want to contribute
toward a better theoretical understanding of multi-class classi-
fication with many classes. This theoretical understanding can
provide grounds for the commonly used empirical practices in
classification with many classes and lead to insights that may
be used to guide the design of new learning algorithms.

Note that the present paper focuses on multi-class learning.
Recently, there has been a growing interest in multi-label
learning. The difference in the two scenarios is that each
instance is associated with exactly one label class (in the
multi-class case) or multiple classes (in the multi-label case),
respectively. While the present analysis is tailored to the multi-
class learning scenario, it may serve as a starting point for
subsequent analysis of the multi-label learning scenario.



A. Summary of Contributions

We build the present journal article upon our previous con-
ference paper published at NIPS 2015 [28]], where we propose
a multi-class support vector machine (MC-SVM) using block
3 ,-norm regularization, for which we proved data-dependent
generalization bounds based on Gaussian complexities (GCs).

While the previous analysis employed margin-based loss,
in the present article, we generalize GC-based data-dependent
analysis to general loss functions that are Lipschitz continuous
with respect to (w.r.t.) a variant of the ¢5-norm . Furthermore,
we develop a new approach to derive data-dependent bounds
based on empirical covering numbers (CNs) to capture the
Lipschitz continuity of loss functions w.r.t. the {,,-norm with
a moderate Lipschitz constant, which is not studied in the
conference version of this article. For both approaches, our
data-dependent error bounds can be stated in terms of the
complexities of a linear function class defined on only a finite
set induced by training examples, for which we give lower and
upper bounds matching up to a constant factor. We present
examples to show that each of these two approaches has its
advantages and may outperform the other by inducing tighter
error bounds for specific MC-SVMs.

As applications of our theory, we show error bounds for
several prominent multi-class learning algorithms: multinomial
logistic regression [29], top-k MC-SVM [30], £,-norm MC-
SVM [28], and several classic MC-SVMs [31H33]. For all
these methods, we show error bounds with an improved
dependency on the number of classes over the state-of-the-art
methods. For instance, the best known bounds for multinomial
logistic regression and the MC-SVM by Crammer and Singer
[31] scale as the square root of the number of classes. We
improve this dependency to be logarithmic, which gives strong
theoretical grounds for using these methods in classification
with many classes.

We develop a novel algorithm to train the £,-norm MC-
SVM [28] and report the experimental results to verify our
theoretical findings and their applicability to model selection.

II. RELATED WORK AND CONTRIBUTIONS

In this section, we discuss related work and outline the main
contributions of this paper.

A. Related Work

In this subsection, we recapitulate the state of the art in
multi-class learning theory.

1) Related Work on Data-dependent Bounds: The existing
error bounds for multi-class learning can be classified into two
groups: data-dependent and data-independent error bounds.
Both types of bounds are often based on the assumption
that the data are realized from independent and identically
distributed random variables. However, this assumption can
be relaxed to weakly dependent time series, for which Mohri
and Rostamizadeh [34] and Steinwart et al. [35] show data-
dependent and data-independent generalization bounds, re-
spectively.

Data-dependent generalization error bounds refer to bounds
that can be evaluated on training samples and thus can capture
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properties of the distribution that has generated the data [9].
Often, these bounds are built on the empirical Rademacher
complexity (RC) [36H38]], which can be used in model selec-
tion and for the construction of new learning algorithms [39].

The investigation of data-dependent error bounds for multi-
class learning is initiated, to the best of our knowledge, by
Koltchinskii and Panchenko [10], who give the following
structural result on RCs: given a set H = {h = (hy,...,h.)}
of vector-valued functions and training examples x1,...,Xy,
it holds

E, sup Z €; max {hl(xi), cee hc(xi)}

heH ;=
(&3 n
< ZEe sup Zeihj(xi). (D
j=1 heH =
Here, €1,...,€, denote independent Rademacher variables

(i.e., taking values +1 or —1, with equal probability), and
E. denotes the conditional expectation operator removing the
randomness coming from the variables €1, ..., €,.

In much of the subsequent theoretical work on multi-class
learning, the above result is used as a starting point, by
which the maximum operator involved in multi-class hypoth-
esis classes (Eq. E], left-hand side) can be removed [9, 31].
Applying this result leads to a simple sum of ¢ RCs (Eq.
(1), right-hand side), each of which can be bounded using
standard theory [37]]. In this way, Koltchinskii and Panchenko
[10], Cortes et al. [40]], and Mohri et al. [9] derive multi-
class generalization error bounds that exhibit a quadratic
dependency on the number of classes, which Kuznetsov et al.
[41] improve to a linear dependency.
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Fig. 1. Illustration of why Eq. is loose. Consider a 1-dimensional
binary classification problem with hypothesis class H consisting of functions
mapping z € R to max(h1(z), ho(z)), where hj(z) = wjz for j = 1,2.
Assume the class is regularized through the constraint ||(w1,w2)|l2 < 1,
so the left-hand side of the inequality (I involves a supremum over the £2-
norm constraint ||(w1,w2)||2 < 1. By contrast, the right-hand side of (I} has
individual suprema for w1 and wa (no coupling), resulting in a supremum over
the £oo-norm constraint || (w1, w2)||ec < 1. Thus applying Eq. (I) enlarges
the size of the constraint set by the area that is shaded in the figure, which
grows as O(+/c). In the present paper, we show a proof technique to elevate
this problem, resulting in an improved bound (tighter by a factor of \/c).

Howeyver, the reduction (E]} comes at the expense of at least
a linear dependency on the number of classes ¢, due to the
sum in Eq. (I) (right-hand side), which consists of ¢ terms.
We show that this linear dependency can often be suboptimal
because does not take into account coupling among the
classes. To understand why, we consider the example of MC-



LEI et al.: DATA-DEPENDENT GENERALIZATION BOUNDS FOR MULTI-CLASS CLASSIFICATION 3

SVM by Crammer and Singer [31]], which uses an ¢5-norm
constraint

| (ha, ... )

to couple the components Ay, ..., h.. The problem with Eq.
(1) is that it decouples the components, resulting in the
constraint ||(h1""7hc)“oo < A, which—as illustrated in
Fig. [T}—is a poor approximation of (2)).

In our previous work [28], we give a structural result ad-
dressing this shortcoming and tightly preserving the constraint
defining the hypothesis class. Our result is based on the so-
called GC [37], a notion similar to the RC. The difference
in the two notions is that RC and GC are the suprema of a
Rademacher and Gaussian process, respectively.

The core idea of our analysis is that we exploit a comparison
inequality for the suprema of Gaussian processes known as
Slepian’s Lemma [42], by which we can remove, from the
GC, the maximum operator that occurs in the definition of
the hypothesis class, thus preserving the above mentioned
coupling—we call the supremum of the resulting Gaussian
process the multi-class Gaussian complexity.

On the basis of our structural result, we obtain in [28]] a
data-dependent error bound for [31]] that exhibits—for the first
time—a sublinear (square-root) dependency on the number of
classes. When using a block ¢ ,-norm constraint (with p close
to 1), rather than an />-norm constraint, one can reduce this
dependency to be logarithmic, making the analysis appealing
for classification with many classes.

We note that, addressing the same need, the following
structural result [43| |44]] has appeared since the publication
of our previous work [28]:

he)l, < A

E. su e fi(h(x;)) < V2LE, su €qihi(x;),
heg; fi(h(x:)) P D eijhi(xi)

heH
3)
, fn. are L-Lipschitz continuous w.r.t. the -

i=1 j=1

where fi,...
norm.

For the MC-SVM of Crammer and Singer [31], the above
result leads to the same favorable square-root dependency on
the number of classes as that of our previous result in [28].
We note, however, that the structural result (EI) requires f;
to be Lipschitz continuous w.r.t. the ¢-norm, while some
multi-class loss functions [30} 32, 145] are Lipschitz continuous
with a moderate Lipschitz constant, when choosing a more
appropriate norm. In these cases, the analysis given in the
present paper improves not only the classical results obtained
through (TJ), but also the results obtained through (3).

2) Related Work on Data-independent Bounds: Data-
independent generalization bounds refer to classical theoretical
bounds that hold for any sample, with a certain probability
over the draw of the samples [1} 146]. In their seminal contri-
bution On the Uniform Convergence of Relative Frequencies of
Events to Their Probabilities, Vapnik and Chervonenkis [47]]
propose one of the first bounds of that type—introducing the
notion of VC dimension.

Several authors consider data-independent bounds for multi-
class learning. By controlling the entropy numbers of linear
operators with Maurey’s theorem, Guermeur [11] derives

generalization error bounds with a linear dependency on the
number of classes. This is improved to a square-root depen-
dency by Zhang [48]] using /,-norm CNs without considering
the correlation among class-wise components. Pan et al. [49]]
consider a multi-class Parzen window classifier and derive an
error bound with a quadratic dependency on the number of
classes. Several authors present data-independent generaliza-
tion bounds based on combinatorial dimensions, including the
graph dimension, the Natarajan dimension d,,, and its scale-
sensitive analog dyq,, for margin ~ [50-54].

Guermeur [50} 51] presents a generalization bound decaying

ot 1 . .
as O(logcy/ &2 °8™) When using an f-norm regularizer
n

dnat, is bounded by O(c?y~?), and the generalization bound
logn

reduces to O(% - ) The author does not give a bound
for an ¢5-norm regularizer, which is more challenging due to
the above mentioned coupling of the hypothesis components.

Daniely et al. [52] give a bound decaying as

O( na(H) log ¢ c) , which changes to O(\ [ deloge I;L)g C) for

n
multi-class linear classifiers since the associated Natarajan

dimension grows as O(dc) [53].

Guermeur [55]] has recently established an £,-norm Sauer-
Shelah lemma for large-margin multi-class classifiers, based
on which error bounds with a square-root dependency on the
number of classes are derived. This setting comprises the MC-
SVM by Crammer and Singer [31]].

What is common in all the above mentioned data-
independent bounds is their super logarithmic dependency
(square root at best) on the number of classes. As a notable ex-
ception, Kontorovich and Weiss [56] show a bound exhibiting
a logarithmic dependency on the number of classes. However,
their bound holds only for the specific nearest-neighbor-
based algorithm that they propose, so their analysis does
not cover the commonly used multi-class learning machines
mentioned in the introduction (such as multinomial logistic
regression and classic MC-SVMs). Flurthermore, their b(l)und
is of the order min {O(y~} (1) 7P),0(y % (2£<) %) },
which admits an exponential dependence on the doubling
dimension D of the metric space in which the learning occurs.
For instance, for linear learning methods with dimension d,
the doubling dimension D grows linearly in d, so the bound
in [56] grows exponentially in d. For kernel-based learning
using an infinite doubling dimension (e.g., Gaussian kernels)
the bound is void.

B. Contributions of this Paper

This paper aims to contribute a solid theoretical founda-
tion for learning with many class labels by presenting data-
dependent generalization error bounds with relaxed dependen-
cies on the number of classes. We develop two approaches
to establish data-dependent error bounds: one based on multi-
class GCs and one based on empirical ¢,,-norm CNs. We give
specific examples to show that each of these two approaches
has its distinct advantages and may yield error bounds tighter
than the other. We also develop novel algorithms to train the
£p-norm MC-SVM [28]] and report the experimental results.
Below we summarize the main results of this paper.



1) Tighter Generalization Bounds by Gaussian Complexi-
ties: As an extension of our NIPS 2015 conference paper, our
GC-based analysis depends on a novel structural result on GCs
(Lemma|T|below) that is able to preserve the correlation among
class-wise components. Similar to Maurer [43] and Cortes
et al. [44]], our structural result applies to function classes in-
duced by operators satisfying a Lipschitz continuity. However,
here we measure the Lipschitz continuity with respect to a
specially crafted variant of the /3-norm involving a Lipschitz
constant pair (L1, Lo) (cf. Definition 2| below), motivated by
the observation that some multi-class loss functions satisfy this
Lipschitz continuity with a relatively small L; in a dominant
term and a relatively large Lo in a non-dominant term. This
process allows us to improve the error bounds based on the
structural result (3) for MC-SVMs with a relatively large Lo.

Based on this new structural result, we present an error
bound for multi-class empirical risk minimization algorithms
using an arbitrary norm as the regularizer. As instantiations of
our general bound, we compute specific bounds for the £5 ;-
norm and Schatten p-norm regularizers. We apply this general
GC-based bound to some popular MC-SVMs [29, 31H33] 45]].

Our GC-based analysis yields the first error bound for
top-k MC-SVM [30] as a decreasing function in k. When
setting k& proportional to ¢, the bound does not depend on the
number of classes. By contrast, error bounds based on the
structural result () fail to provide insight into the influence
of k on the generalization performance because the involved
Lipschitz constant is dominated by a constant. For the MC-
SVM of Weston and Watkins [32], our analysis yields a bound
exhibiting a linear dependency on the number of classes, which
improves the dependency O(c%) based on the structural result
(3). For the MC-SVM by Jenssen et al. [43], our analysis
yields a bound with no dependencies on ¢, whereas the error
bound based on the structural result has a square-root
dependency. This demonstrates the effectiveness of our new
structural result in capturing the Lipschitz continuity w.r.t. a
variant of the ¢>-norm.

2) Tighter Generalization Bounds by Covering Numbers:
While the GC-based analysis uses the Lipschitz continuity
measured by the />-norm or a variant thereof, some multi-class
loss functions are Lipschitz continuous w.r.t. the ¢..-norm
with a moderate Lipschitz constant. To apply the GC-based
error bounds, we need to transform this /,.-norm Lipschitz
continuity into the ¢5-norm Lipschitz continuity at the cost of
a multiplicative factor of /c. Motivated by this observation,
we present another data-dependent analysis based on empir-
ical /oo-norm CNs to fully exploit the Lipschitz continuity
measured by the /,.-norm. We show that this process leads to
bounds with a weaker dependency on the number of classes.

The core idea is to introduce a linear and scalar-valued
function class induced by training examples to extract all
the components of the hypothesis functions on the training
examples, which allows us to relate the empirical /,-norm
CNs of the loss function classes to that of this linear function
class. Our main result is a data-dependent error bound for
general MC-SVMs expressed in terms of the worst-case RC
of a linear function class, for which we establish lower and
upper bounds that match up to a constant factor. The analysis
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in this direction is unrelated to the conference version [28]]
and provides an alternative to GC-based arguments.

As direct applications, we derive other data-dependent gen-
eralization error bounds that scale sublinearly for £,-norm
MC-SVM and Schatten-p norm MC-SVM, and logarithmically
for top-k MC-SVM [30], trace-norm regularized MC-SVM
[S7], multinomial logistic regression [29]] and the MC-SVM by
Crammer and Singer [31]]. Note that the previously best results
for the MC-SVM in [31] and multinomial logistic regression
scale as the square root of the number of classes [48].

3) Novel Algorithms with Empirical Verifications: We pro-
pose a novel algorithm to train £,-norm MC-SVM [28]] using
the Frank-Wolfe algorithm [S8], for which we show that the
involved linear optimization problem has a closed-form solu-
tion, making the implementation of the Frank-Wolfe algorithm
simple and efficient. This method avoids the introduction of
class weights used in our previous optimization algorithm [28]],
which moreover applies to only the case 1 < p < 2. The
effectiveness of £,-norm MC-SVM is demonstrated by empir-
ical comparisons with several baseline methods on benchmark
datasets. We also empirically show that our generalization
bounds really capture models’ generalization performance on
the number of classes, which in turn suggest a structural risk
that is able to guide the selection of model parameters.

III. MAIN RESULTS
A. Problem Setting

In multi-class classification with ¢ classes, we are given
training examples S = {z; = (x;,y;)}]-; C 2 = X x ),
where X C R? is the input space, and ) = {1,...,c} is the
output space. We assume that zq,...,z, are independently
drawn from a probability measure P defined on Z.

Our aim is to learn, from a hypothesis space H, a hypothesis
h = (hi,...,h.) : X — R€ used for prediction via the rule
X — argmaxycy hy(x). We consider prediction functions of
the form hY(x) = (w;, ¢(x)), where ¢ is a feature map
associated with a Mercer kernel K defined over X x X,
and w; belongs to the reproducing kernel Hilbert space
Hy induced from K with the inner product (,-) satisfying
K(x,x) = (¢(x), ¢(xX)).

We consider hypothesis spaces of the form

He = {1 = (w1, (), ..., (we, 6(x))
w=(wy,...,w.) € Hj, ., 7(w) < A}, 4)

where 7 is a functional defined on Hj = Hg x --- X Hg
—_—— ——

c times

and A > 0. Here we omit the dependency on A for brevity.

We consider a general problem setting with
U, (hi(x),...,hc(x)) used to measure the prediction
quality of model h at (x,y) [48] 59], where ¥, : R® — Ry
is a real-valued function taking a c-component vector as its
argument. The general loss function ¥, is widely used in
many MC-SVMs, including the models of Crammer and
Singer [31]], Weston and Watkins [32], Lee et al. [33]], Zhang
[48], and Lapin et al. [30].
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TABLE I
NOTATION USED IN THIS PAPER AND THE PAGE NUMBER WHERE IT FIRST OCCURS.
[ notation | meaning [ page ]

EPRY the input space and output space, respectively 4
S the set of training examples {z; = (X;,¥;)} € X X ) Ui
c number of classes 4
K Mercer kernel 4
¢ feature map associated to a kernel K 4
Hg reproducing kernel Hilbert space induced by a Mercer kernel K 4
Hy- c-fold Cartesian product of the reproducing kernel Hilbert space H i 4
w (wi,...,we) € Hf, i
[ prediction function ((w1, ¢(x)), ..., (wc, #(x))) i
H; hypothesis space for MC-SVM constrained by a regularizer T 4
v, multi-class loss function for class label y 4
T 1p £p-norm defined on R¢ 5
|- 1l2,p £2,p norm defined on H §
(w,v inner product on H§. as Zj:1<wj-,vJ'> 5
|- I« dual norm of || - || 5
N, the set {1,...,n} 5
p* dual exponent of p satisfying 1/p+ 1/p* =1 5
Eu the expectation w.r.t. random u §
By the constant sup(y yez,nem, Yy(h(x)) 5
By the constant 7~ 2 SUPhcH, || (Wy, (h(xz)))?:ln2 5
B the constant max;en,, [|#(xi)[|2 SUPw.r(w)<a [Wll2,00 5
A the term defined in ) 5
1y indices of examples with class label y 5
Il - 1s, Schatten-p norm of a matrix 5
Rs(H) empirical Rademacher complexity of H w.r.t. sample S 5
Gg(H) empirical Gaussian complexity of H w.r.t. sample .S 5
R (H) worst-case Rademacher complexity of H w.r.t. n examples §
H; class of scalar-valued linear functions defined on HIC{ 6
S an enlarged set of cardinality nc defined in (O) ©
S’ a set of cardinality n defined in (TT) 6]
Fra loss function class for MC-SVM 7/
on(x,9) margin of A at (x,y) 8
N (e, F, S) empirical covering number of F' w.r.t. sample S 9
fate(F) fat-shattering dimension of F' 19

B. Notations

We now present some notation used throughout this paper
(see also Table [). We say that a function f : R® — R is
L-Lipschitz continuous w.r.t. a norm || - || in R¢ if

[f(6) = fEO < Lty — 8, te = £, VE, 87 € R

The ¢,-norm of a vector t = (¢1,...,t.) is defined as ||t||, =
1
(555 1] For any v = (vi,...,v.) € H and p > 1,

we define the structure norm ||v||2, = [Z;:l [[v;15] v Here,
for brevity, we denote by ||v,||2 the norm of v; in Hg. For
any w = (Wy,...,W.),v = (vy,...,V.) € HE, we denote
(w,v) = Z;:1<wj,vj>. For any n € N, we introduce the
notation N,, := {1,...,n}. For any p > 1, we denote by
p* the dual exponent of p satisfying 1/p + 1/p* = 1. For
any norm || - || we use || - ||« to represent its dual norm.

Furthermore, we define By = sup sup ¥,(h%(x)),
(x,y)EZhVeEH,

n"2 sup ||(\I/y(h“’(xl)))7=1|
hw e H

max ||o(x; su
w06l s
HY,, we introduce the following notation to write our bounds

B‘y = and B =

2°

lW||2,00- For any functional 7 over

compactly

A, := sup

(B0 (™ ()
hWecH,

1 — w log 2
- ;‘I’yi(h (Xz‘))} - 33\1/[ 2n5

' ®

where we omit the dependency on n and loss function for
brevity. Note that, for any random u, the notation E,, denotes
the expectation w.r.t. u. For any y € Y, we use I, = {i €
N,, : y; = y} to represent the indices of the examples with
label y.

If ¢ is the identity map, then the hypothesis h™ can be
compactly represented by a matrix W = (wy,...,W.) €
R¥>¢ For any p > 1, the Schatten-p norm of a matrix
W € R¥*¢ is defined as the £,-norm of the vector of singular
values o(W) := (o1(W),...,0min{c,ay(W)) " (the singular
values are assumed to be sorted in non-increasing order), i.e.,
Wlls, :== lle(W)llp.

C. Data-dependent Bounds by Gaussian Complexities

We first present data-dependent analysis based on the es-
tablished methodology of RCs and GCs [37].



Definition 1 (Empirical Rademacher and Gaussian complex-
ities). Let H be a class of real-valued functions defined
over a space Z and §' = {z;}?_, € Z". The empirical
Rademacher and Gaussian complexities of H with respect to
S’ are, respectively, defined as

n

1 -
Re (H) = Ee[sgg - Z eh(z;)],
i=1

[sup zgz &)

QﬁS/( heH T

) =
where €1, ...,¢, are independent Rademacher variables, and
J1,---,9n are independent N(0,1) random variables. We
define the worst-case Rademacher complexity as R, (H) =
SUPg ez R (H).

Existing data-dependent analyses build on either the struc-
tural result () or (), which either ignore the correlation
among predictors associated with individual class labels or
require f; to be Lipschitz continuous w.r.t. the £5-norm. Below
we introduce a new structural complexity result based on the
following Lipschitz property w.r.t. a variant of the {5-norm.
The motivation of this Lipschitz continuity is that some multi-
class loss functions satisfy (6) with a relatively small L,
and a relatively large Lo, the latter of which is not strongly
influential since it is involved in a single component.

Definition 2 (Lipschitz continuity w.r.t. a variant of the
lo-norm). We say a function f : R¢ +— R is Lipschitz
continuous w.r.t. a variant of the {s-norm involving a Lipschitz
constant pair (L1, Lo) and index r € {1,...,c} if

|f(t)— te)ll2 + Lolt,
for all t,t’ € RC.

t)| < Ly|(t1 =7, ..., te —t] (6)

We now present our first core result of this paper, the
following structural lemma. Proofs of results in this section

are given in Section

Lemma 1 (Structural Lemma). Let H be a class of functions
mapping from X to R°. Let Ly, Ly > 0 be two constants and
r:Nw— Y. Let f1,..., fn be a sequence of functions from R
to R. Suppose that for any i € N,,, f; is Lipschitz continuous
w.r.t. a variant of the {y-norm involving a Lipschitz constant
pair (L1, Ly) and index r(i). Let g1,...,Gn, 911, - -, Gnc be
a sequence of independent N(0,1) random variables. Then,
for any sample {x;}? | € X™ we have

E sungzfz (h(%:)) < V2L By sugzzgu

i=1 j=1
+V2LoEg sup Zgihm) (%) ()
heH j—;

Lemma [T] controls the GC of the multi-class loss function
class by that of the original hypothesis class, thereby removing
the dependency on the potentially cumbersome operator f;
in the definition of the loss function class (for instance for
Crammer and Singer [31], f; would be the component-wise
maximum). The above lemma is based on a comparison
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(Slepian’s lemma, Lemma 20| below) of the suprema of Gaus-
sian processes.

Equipped with Lemma [T| we can present our main results
based on GCs. Eq. is a data-dependent bound in terms of
the GC of the following linear scalar-valued function class

H,:={ve— (w,v):w,veH;r(w)<AveS} 8

where S is defined as follows

= {<7~51(X1)7<Z~52(X1)a .. -aq;c(xl)aq;l(xz)vqu(xz)w--

7(£C(X2)7

induced by x; induced by x2

..,qzsl(xn),...,qsc(xn)} 9)

induced by x,,

and, for any x € X', we use the notation

b;(x) = (0,...,0,6(x),

j—1

0,...,0) € Hy, jeN. (10
N——

c=J

Note that ﬁT is a class of functions defined on a finite set S.
We also introduce

8 = {60 (x1). B2, By, ()} (D)

The terms S, 5’ and ¢ (x) are motivated by the following
identity

(w, fp(x)) = <(w17...7wc)7(0,...,0,¢(x),07...,0)>
k—1 c—k
= <Wk,¢(X)>, Vk € Nc- (12)

Hence, the right-hand side of (7) can be rewritten as Gaussian
complexities of H, when H = H,.

Theorem 2 (Data-dependent bounds for general regularizer
and Lipschitz continuous loss w.r.t. Def. 2). Consider the
hypothesis space H, in @) with 7(w) = ||w||, where || - |
is a norm defined on Hf,. Suppose there exist L1, Ly € Ry
such that W, is Lipschitz continuous w.r.t. a variant of the {o-
norm involving a Lipschitz constant pair (L1, L2) and index
y for all y € Y. Then, for any 0 < 6 < 1, with probability of
at least 1 — 6, we have

A < Q\F[Llcej (H,)+ Lo® g, (H )} (13)
and
2A /7 -
Ar s — [LlEgH(;!h‘jéb(Xi))]—l T
LoEg|[ (D gi6(xi));_, H*} , (14
i€l
where g1,...,9n,911s- - -, gne are independent N(0,1) ran-

dom variables.

Remark 1 (Motivation of Lipschitz continuity w.r.t. Def.
). The dominant term on the right-hand side of (I3) is
Lic®g( H,) if Ly = O(y/cL1). This explains the motiva-
tion to introduce the new structural result to exploit the
Lipschitz continuity w.r.t. a variant of the {3-norm involving a
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large L. For comparison, if we apply the previous structural
result for loss functions satisfying (6), then the associated
{5-Lipschitz constant is Ly + Lo, resulting in the following
bound

Ar <2V7(Ly + Lo)eRg(H,),

which is worse than (I3) when L; = O(Ls) since the domi-
nant term becomes LocRg(H,). Many popular loss functions
satisfy (6) with Ly = O(Ls) [30, B2, [45]. For example,
the loss function used in the top-& SVM [30] satisfies (6]
with (L1, Lo) = (ﬁ,l), which, as we will show, allows
us to derive data-dependent bounds with no dependencies
on the number of classes by setting k£ proportional to c.
By comparison, the (k=2 + 1)-Lipschitz continuity w.r.t. f5-
norm does not capture the special structure of the top-k
loss function since k~2 is dominated by the constant 1. As
further examples, the loss function in Weston and Watkins [32]]
satisfies () with (L1, L2) = (1/¢, ¢), while the loss function
in Jenssen et al. [43] satisfies with (L1, Lg) = (0, 1).

We now consider two applications of Theorem [2] by con-
sidering 7(w) = ||wl|2,, defined on HY. [28] and 7(W) =
[W||s, defined on R%*¢ [57], respectively.

Corollary 3 (Data-dependent bound for £,-norm regularizer
and Lipschitz continuous loss w.r.t. Def. 2)). Consider the hy-
pothesis space Hy p := H. » in @) with 7(w) = | w|2,,p >
1. If there exist Li,Ly € Ry such that U, is Lipschitz
continuous w.r.t. a variant of the {o-norm involving a Lipschitz
constant pair (L1, Ly) and index y for all y € Y, then for
any 0 < 6 < 1, the following inequality holds with probability
of at least 1 — § (we use the abbreviation A, = A, with

T(w) = [[wll2,p)

Nl

A n .
Ap < 2 f [ZIK(Xi7Xi)} (}gfy‘) |:L1(q*)50q7*
+L2(q*)%max(c%**%,1)]. (15)

Corollary 4 (Data-dependent bound for Schatten-p norm
regularizer and Lipschitz continuous loss w.r.t. Def. 2). Let ¢
be the identity map and represent w by a matrix W € R4x¢,
Consider the hypothesis space Hg, n := H;p in with
T(W) = [[Wl|s,,p > 1. If there exist Ly,Ly € Ry such
that U, is Lipschitz continuous w.r.t. a variant of the {>-norm
involving a Lipschitz constant pair (L1, L) and index y for
all y € Y, then for any 0 < 6 < 1 with probability of at
least 1 — 6, we have (we use the abbreviation Ag, = A, with
(W) = [W]s,)

5 1
247rA )1 o S 2|2
4 Lyc? Z x;x; ’ , ifp<2,
Ag, < i=1 a*
2%7{A(L1(/‘%+L2) min{c,d}zé_% %
Ls) [ lillg]

otherwise.
(16)

In comparison to Corollary [3] the error bound of Corollary A
involves an additional term O(c2n 1|| S XX, ||S ) for

the case p < 2 due to the need to apply the non- commutative
Khintchine-Kahane inequality (71) for Schatten norms. As
we will show in Section from Corollaries [ and [] we
can derive error bounds with sublinear dependencies on the
number of classes for f,-norm and Schatten-p norm MC-
SVMs. Furthermore, the dependency is logarithmic for the
£,-norm MC-SVM [28] when p approaches 1.

D. Data-dependent Bounds by Covering Numbers

The data-dependent generalization bounds given in subsec-
tion assume the loss function W, to be Lipschitz contin-
uous w.r.t. a variant of the /5-norm. However, some typical
loss functions used in the multi-class setting are Lipschitz
continuous w.r.t. the much milder ¢,,-norm with a comparable
Lipschitz constant [48]. This mismatch between the norms
w.r.t. which Lipschitz continuity is measured requires an
additional step of controlling the ¢.,-norm of vector-valued
predictors by the f»-norm in the application of Theorem [2]
at the cost of a possible multiplicative factor of /c. This
subsection aims to avoid this loss in the class-size dependency
by presenting data-dependent analysis based on empirical -
norm CNs to directly use the Lipschitz continuity measured
by the {,,-norm.

The key step in this approach lies in estimating the empirical
CNs of the loss function class

Frpi=A{(x,y) = U, (k" (x)): hY € H,}. (17)

A difficulty towards this aim consists in the non-linearity
of Frn and the fact that A" <€ H, takes vector-valued
outputs, whereas standard analyses are limited to scalar-valued
and essentially linear (kernel) function classes [60H62[]. We
bypass this obstacle by considering a related linear scalar-
valued function class H, defined in (§). A key motivation
in introducing H, is that the CNs of Iz wrt Xi,...,X,
(CNs are defined in subsection can be related to that of
the function class {v — (w,v) : 7(w) < A}, w.r.t. the set S
defined in (9). The latter is easily addressed since it is a linear
and scalar-valued function class, to which standard arguments
apply. Specifically, to approximate the projection of F; 5 onto
the examples S with (e, £ )-covers (cf. Definition [3| below),
the {.-Lipschitz continuity of the loss function requires us to
approximate the set { ((w;, $(x;))ien, jen.) : T(W) < A},
which, according to (I2), is exactly the projection of H,
onto S {((w ,; (Xi))ieN,jeN. ) : 7(w) < A}. This result
motivates the definition of H, in (8) and S in (D).

Theoremreduces the estimation of Rs(F; o) to bounding
iﬁnc(f[ ), based on which the data-dependent error bounds are
given in Theorem |6} Note that R,.(H,) is data-dependent
since H is a class of functions defined on a finite set induced
by training examples. The proofs of complexity bounds in
Proposition [7] and Proposition [§] are given in subsection
and Appendix [B] respectively. The proofs of error bounds in
this subsection are given in subsection



Theorem 5 (Worst-case RC bound). Suppose that ¥, is L-
Lipscthiz continuous w.rt. the lx-norm for any y € Y and
assume that B\p < 2¢BncL. Then the RC of F- A can be

bounded by
(1 + log2 —_—

Rs(Fra) <16Ly/clog Eﬁnc
N Roo ()

Theorem 6 (Data-dependent bounds for general regularizer
and Lipschitz continuous loss function w.r.t. ||-||). Under the
condition of Theorem |5| for any 0 < & < 1, with probability
of at least 1 — 9, we have

Bny/c )

< H : M)
A, < 27Lﬁmm(HT)(1 +log? )

The application of Theorem [6] requires to control the worst-
case RC of the linear function class H, from both below
and above, to which the following two propositions give
tight estimates for 7(w) = ||wl|2,, defined on H§, [28] and
(W) = [|[W]||s, defined on R%*¢ [57].

Proposition 7 (Lower and upper bound on worst-case RC for
{p-norm regularizer). For 7(w) = ||w|l2,p,p > 1 in @), the
function class H, becomes

Hy = {v e (w,v): w,v € Hg, |w|2, < A,v e S}

The RC of I?p can be upper and lower bounded by
Amax]|¢(x;)||2 (2n) Fe” TEET < R, (H,)
1€Ny,

< Amax ||¢(x;) ||2n*%cf el (18)
ieN,

Remark 2 (Phase transition for p-norm regularized space).
We see an interesting phase transmon at p = 2. The worst-
case RC of H, decays as O((nc)~ ) for the case p < 2,
and decays as O(n‘écfi) for the case p > 2. Indeed, the
definition of S by (9) implies ||v||2,0c = [|V||2, forall v e S
and p > 1 (sparsity of elements in g), from which we derive
the following identity

C
oSSl =

vies: ZGij 1i=1

Z V113,50

nvi 1

ncgggg\@(xonz, 19
where vi is the j-th component of v € S. That is,

J
we have an automatic constraint on ||( Y 1% |\v§||§);:1H1
for all v¢ € § t € Ny Furthermore, according to
(63), we know nciﬁm( ») can be controlled in terms of
MAaX i Fien, (X v ’H , for which an appropri-
ate p to fully use the 1dent1ty @]) is p = 2. This explains the
phase transition phenomenon.

Proposition 8 (Lower and upper bound on worst-case RC for
Schatten-p norm regularizer). Let ¢ be the identity map and
represent w by a matrix W € R¥™. For (W) = |W]||s,,p >
1in (@), the function class ﬁT becomes

Hg, == {V s (W,V): W e R> [W]s, <A,

VeS R (20
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The RC of H s, can be upper and lower bounded by

1

A max xill2(2nc) "2 < Rye(Hs,) < A max xi2(nc) %,

ifp<2,

1
. A max [|xi]|z min{e,d} 2
n

=

Aggfﬂxillz(?m)_? < mnC(HSp) < — Ve

otherwise.
20

The associated data-dependent error bounds given in Corol-
lary 0] and Corollary [I0] are then immediate.

Corollary 9 (Data-dependent bound for £,-norm regularizer
and Lipschitz continuous loss w.r.t. || - ||oo). Consider the hy-
pothesis space Hy, p := H, 5 in @) with 7(w) = |[|[w||2,p,p >
1. Assume that U, is L-Lipschitz continuous w.r.t. £o.-norm

for any y € Y and By < 2eBncL. Then, forany 0 < § <1
with probability of 1 — 6, we have

]

NG (1+10g§ (\@n%c))

Corollary 10 (Data-dependent bound for Schatten-p norm
regularizer and Lipschitz continuous loss w.r.t. £,,-norm). Let
¢ be the identity map and represent w by a matrix W € R*¢,
Consider the hypothesis space Hg, n = H;, in @ with
(W) = [W|s,,p > L Assume  that Wy is L-Lipschitz
continuous w.r.t. {.-norm for any y € Y and By < 2eBncL.
Then, for any 0 < & < 1 with probability of 1 — 9§, we have

27LA max;en, [|x: 2 3 ;
\/%N H H2 <1 +10g22 (\/§n26)), l‘fp S 27

11
27LA max;en,, ||x:i||2 min{c,d}2 P 3 3
eN f2 (1—|—log§ (\/577,2@))7

A, <

As, <

n

otherwise.

IV. APPLICATIONS

In this section, we apply the general results in subsections
and to study data-dependent error bounds for some
prominent multi-class learning methods. We also compare our
data-dependent bounds with the state of the art. In subsection
LV-El we present an in-depth discussion to compare error
bounds based on GCs with those based on CNs.

A. Classic MC-SVMs

We first apply the results from the previous section to
several classic MC-SVMs. For this purpose, we need to show
that the associated loss functions satisfy Lipschitz conditions.

To this end, for any h : X — R, we denote by
hy(x) — max hy(x)

vy’ Ay
the margin of the model h at (x,y). It is clear that the
prediction rule h makes an error at (x,y) if pp(x,y) < 0.
In Examples and [] below, we assume that £ : R — R
is a decreasing and L,-Lipschitz function.

pr(x,y) = (22)

Example 1 (Multi-class margin-based loss [31]]). The loss
function defined as

l L c
v, (t) == max l(t, —t,), VteR

23
Yy’ Ay @3)
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is (2Ly)-Lipschitz continuous w.r.t. the {o.-norm and the ¢o-
norm. Furthermore, we have £(pp(x,y)) = ¥, (h(x)).

The loss function \Ilg defined above in Eq. (23) is a margin-
based loss function widely used in multi-class classification
[31] and structured prediction [9].

Next, we study the multinomial logistic loss W;* defined
below, which is used in multinomial logistic regression [29}
Chapter 4.3.4].

Example 2 (Multinomial logistic loss). The multinomial lo-
gistic loss W' (t) defined as

= tog (- explt; ~ 1)

is 2-Lipschitz continuous w.r.t. the ¢,-norm and the /5-norm.

The loss \ifg defined in Eq. below is used in [32]
to make pairwise comparisons among components of the
predictor.

VYt e R (24)

Example 3 (Loss function used in [32]). The loss function
defined as

vt € R° (25)

(&
j=1
is Lipschitz continuous w.r.t. a variant of the f3-norm in-
volving the Lipschitz constant pair (Lg+/c, Lyc) and index y.
Furthermore, it is also (2L,c)-Lipschitz continuous w.r.t. the
{ oo-norm.

Finally, the loss U/ defined in Eq. (26) and the loss W
defined in Eq. are used separately in [33]] based on
constrained comparisons.

Example 4 (Loss function used in [33]). The loss function

defined as

tj), VteQ={teR:) =0}
j=1

> U=
j=1,j#y
(26)

is (L¢+/c)-Lipschitz continuous w.r.t. the ¢3-norm and (Lgc)-
Lipschitz continuous w.r.t. the ¢,,-norm.

Example 5 (Loss function used in [45]). The loss function
defined as

VteQ:{EeRC:ZEjZO} 27)

j=1

Th(t) =

is Lipschitz continuous w.r.t. a variant of the /3-norm involving
the Lipschitz constant pair (0,L;) and index y, and L,-
Lipschitz continuous w.r.t. the ¢,,-norm.

The following data-dependent error bounds are immediate
by plugging the Lipschitz conditions established in Examples
M) and P] into Corollaries 3] [} [0 and sepa-
rately. In the following, we always assume that the condition
Bq, < 2e Bnel holds, where L is the Lipschitz constant in
Theorem

Corollary 11 (Generalization bounds for Crammer and Singer
MC-SVM). Consider the MC-SVM in [31] with the loss

function W’ @23) and the hypothesis space H. with T(w) =
|lwl|2,2. Let 0 < & < 1. Then,

(a) with probability of at least 1 — 6, we have (by GCs)
Az <

)

4L A\/2 1

el Sl m Z K(x;,%;)] ?;
i=1

(b) with probability of at least 1 — 6, we have (by CNs)

54LyA ; ; 3
¢ max\t/&ﬁNn [¢(x:) |2 (1 +log2 (\@ngc))
Analogous to Corollary we have the following corollary
on error bounds for the multinomial logistic regression in [29].

Ay <

Corollary 12 (Generalization bounds for multinomial logistic
regression). Consider the multinomial logistic regression with
the loss function \Ilg (24) and the hypothesis space H, with
T(W) = ||Wl2,2. Let 0 < § < 1. Then,

(a) with probability of at least 1 — 9, we have (by GCs)
4A\/ﬁ ZK XZ)X’L %

)

Ap <

(b) with probability of at least 1 — §, we have (by CNs)

o(xi)ll2 (1+ 10g2% (\/in%c))

54A max;en,
N
The following three corollaries give error bounds for MC-

SVMs in [32, [33] 45]. The MC-SVM in Corollary is a
minor variant of that in [45] with a fixed functional margin.

Ay <

Corollary 13 (Generalization bounds for [Weston and Watkins
MC-SVM). Consider the MC-SVM in Weston and Watkins
[32l] with the loss function @7‘; (23) and the hypothesis space
H. with 7(w) = ||wW||2,2. Let 0 < § < 1. Then,

(a) with probability of at least 1 — §, we have (by GCs)
Ap <

)

4L2AC\/ 271' ZK X“X,L %

(b) with probability of at least 1 — 9, we have (by CNs)
54L,A i i 3 3
d Cma}i/%N” (xi)ll2 (1+log3 (\/ingc))

Corollary 14 (Generalization bounds for|Lee et al. MC-SVM).
GOnsider the MC-SVM in Lee et al. [33] with the loss function
W @26) and the hypothesis space Hy with 7(w) = ||w||a,2.
Let 0 < 6 < 1. Then,

(a) with probability of at least 1 — 6, we have (by GCs)

A <

2LA\/2 1
Ay < LAV 2T 7T ZK xl,xZ 2

(b) with probability of at least 1 — 6, we have (by CNs)

27LoA i ; 3
eAcmaxien, [[¢(xi)]]2 (1 +log2 (\@ngc))
Vn
Corollary 15 (Generalization bounds for [Jenssen et al.
MC-SVM). Consiger the MC-SVM in Jenssen et al. [45]] with
the loss function W, and the hypothesis space H, with
T(W) = ||Wl2,2. Let 0 < § < 1. Then,

Ay <




(a) with probability of at least 1 — 6, we have (by GCs)
2L A\/2 1
i Al 71' Z K(x;, xZ é ;

b

Ay <

(b) with probability of at least 1 — §, we have (by CNs)

27LeA ma"ljgn 10C2 () | 1063 (VEnte)).
Remark 3 (Comparison with the state of the art). It is inter-
esting to compare the above error bounds with the best known
results in the literature. To start with, the data-dependent error
bound of Corollary (a) exhibits a square-root dependency
on the number of classes, matching the state of the art from
the conference version of this paper [28], which is significantly
improved to a logarithmic dependency in Corollary [T] (b).

The error bound in Corollary [13] (a) for the MC-SVM
by Weston and Watkins [32] scales linearly in c. On the
other hand, according to Example |3| it is evident that \ilf; is
(c + /c)L¢-Lipschitz continuous w.r.t. the f5-norm, for any
y € Y. Therefore, one can apply the structural result (3)) from
[43, 44] to derive the bound O(c2 nil[zl 1 K (x5, %;)]7).
Furthermore, according to Example \Il is Ly-Lipschitz
continuity w.r.t. ||-||2. Hence, one can apply the structural result
@) to derive the bound O(c3n~'[3"_| K (x;,%;)]?), which
is worse than the error bound O(n~ [}, K(x;,%:)]7)
based on Lemma [1] and stated in Corollary (a), which
has no dependency on the number of classes. This justifies
the effectiveness of our new structural result (Lemma [I) in
capturing the Lipschitz continuity of loss functions w.r.t. a
variant of the ¢5-norm to allow for a relatively large Lo, which
is exactly the case for some popular MC-SVMs [30, |32} i43]].

Note that for the MC-SVMs by Weston and Watkins [32],
Lee et al. [33], Jenssen et al. [45]], the GC-based error bounds
are tighter than the corresponding error bounds based on CNs,
up to logarithmic factors.

A <

B. Top-k MC-SVM

Motivated by the ambiguity in class labels caused by the
rapid increase in number of classes in modern computer vision
benchmarks, Lapin et al. [30, 63] introduce the top-k MC-
SVM by using the top-%£ hinge loss to allow k predictions for
each object x. For any t € R¢, let the brackets [] denote a
permutation such that [j] is the index of the j-th largest score,
i.e., g > to) > > tie)-

Example 6 (Top-k£ hinge loss [30]). The top-k hinge loss
defined for any t € R¢
y>m}

k
1
k
W, (t) = max {O, p Z(lygﬂ +i1 -ty
j=1
(28)
is Lipschitz continuous w.r.t. a variant of the /2-norm involving
a Lipschitz constant pair (ﬁ, 1) and index y. Furthermore, it
is also 2-Lipschitz continuous w.r.t. the £,-norm.

veoy Lypetto—t

With the Lipschitz conditions established in Example [6] we
can now give the generalization error bounds for the top-k
MC-SVM [30].
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Corollary 16 (Generalization bounds for top-k MC-SVM).
Consider the top-k MC-SVM with the loss functions and
the hypothesis space H. with T(w) = ||w||2,2. Let 0 < § < 1.
Then,

(a) with probability of at least 1 — 6, we have (by GCs)
2AV 27

n

Ay < (c1 +1 ZK xl,xi)]%

=1

(b) with probability of at least 1 — 6§, we have (by CNs)

. . 3
54A maxzi?% [¢(xi) |2 (1 +log2 (\@ngc»
Remark 4 (Comparison with the state of the art). An ap-
pealing property of Corollary [T (a) is the involvement of
the factor k~2. Note that we even can get error bounds with
no dependencies on c if we choose k > Ce for a universal
constant C.

Comparing our result to the state of the art, it follows again
from Example @ that WF is (1 + k~2)-Lipschitz continuous
w.r.t. the ¢o-norm for all y € ). Using the structural result
(@) 128 43| 44], one can derlve an error bound decaying as
O(n~tezr [0, K(x:,%,)]? ) which is suboptimal to Corol-
lary [T6] (a) since it does not shed insight on how the parameter
k would affect the generalization performance. Furthermore,
the error bound in Corollary [T6] (b) enjoys a logarithmic
dependency on the number of classes.

Ay <

C. ¢y-norm MC-SVM

In our previous work [28]], we introduce the £,-norm MC-
SVM as an extension of the Crammer & Singer MC-SVM
by replacing the associated ¢3-norm regularizer with a general
block ¢3 ,-norm regularizer [28]. We establish data-dependent
error bounds in [28]], showing a logarithmic dependency on the
number of classes as p decreases to 1. The present analysis
yields the following bounds, which also hold for the MC-SVM
with the multinomial logistic loss and the block /3 ,-norm
regularizer.

Corollary 17 (Generalization bounds for £,-norm MC-SVM).
Consider the {,-norm MC-SVM with loss function @23) and
the hypothesis space H. with T(w) = ||w||2p,p > 1. Let
0<d < 1. Then,

(a) with probability of at least 1 — 6§, we have (by GCs):

4LZA\/> ZKX“Xy %mf[( )%C%]v

q>p

A

p >~
(b) with probability of at least 1 — 6, we have (by CNs):

54LA max (x| |pc* T
A, < 1€

- vn
Remark 5 (Comparison with the state of the art). Corollary
(a) is an extension of error bounds in the conference version
[28] from 1 < p < 2 to the case p > 1. We can see
how p affects the generalization performance of £,-norm MC-
SVM. The function f : R, ~ R, defined by f(t) = tzct
is monotonically decreasing on the interval (0,2logc) and

(1+10g2% (\/in%c))
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increasing on the interval (2logec,o0). Therefore, the data-
dependent error bounds in Corollary (a) transfer to

1

-1 Lz::l K(xi,xi)} 21

n1 [ > K(xi,xi)} , otherwise.
=1

2logc

w,—1 .1
AANLo\/Tp*n~ "¢ Tlog o1

if p>

A, <

ANLy(2melogc)?

That is, the dependency on the number of classes would
be polynomial with exponent 1/p* if p > 21201;’%21 and
logarithmic otherwise. On the other hand, the error bounds
in Corollary (b) significantly improve those in Corollary
(a). Indeed, the error bounds in Corollary [T7] (b) enjoy a
logarithmic dependency on the number of classes if p < 2
and a polynomial dependency with exponent % — % otherwise
(up to logarithmic factors). This phase transition phenomenon
at p = 2 is explained in Remark [2| It is also clear that error
bounds based on CNs outperform those based on GCs by a
factor of +/c for p > 2 (up to logarithmic factors), which, as
we will explain in subsection [IV-E| is due to the use of the
Lipschitz continuity measured by a norm suitable to the loss
function.

D. Schatten-p Norm MC-SVM

Amit et al. [S7] propose to use trace-norm regularization
in multi-class classification to uncover shared structures that
always exist in the learning regime with many classes. Here we
consider error bounds for the more general Schatten-p norm
MC-SVM.

Corollary 18 (Generalization bounds for Schatten-p norm
MC-SVM). Let ¢ be the identity map and represent w by
a matrix W € R%¥¢. Consider Schatten-p norm MC-SVM
with loss functions (23) and the hypothesis space H. with
T(W) = |[W|s,,p > 1. Let 0 < 6 < 1. Then,

(a) with probability of at least 1 — §, we have (by GCs):

7 1
247AL, 1 L n 213
S e a0 e [T l)
1
As, < { et S xx] I, | ifp<2,
1_1 N
2 raLe} mm{Cd}z p[ i= 1||X¢||§]§70therwise.

(b) with probability of at least 1 — 6, we have (by CNs):

54L,A max [|x:]|2 3 3 )
L
1_1
ASp < 54L5Airr€1%)rf ||x:]|2 min{e,d}2 P

3 .
(1 + logs (\/in%c)) )
otherwise.

Remark 6 (Analysis of Schatten-p norm MC-SVM). Analo-
gous to Remark [5] error bounds of Corollary [I§] (a) transfer
to

vn

_ 1, 1 1 1 1
O (") (7 [0y IalZ]F + e Sy o 1)),
ey
if 2<p* <2loge,
_ 1 1 1
"Wioge([ X, Ixill3]* + ez || o xix( 13, )

if 2 < 2loge < p*,
) if p> 2.

O(n

D=

O(n~te' =% [0 fIxill3]

As a comparison, error bounds in Corollary [I§] (b)
would decay as O(n 210g (nz¢)) if p < 2 and
O(n~ 3er Ty 1og (n3 c)) otherwise, which significantly out-
perform those in Corollary [I§] (a).

E. Comparison of the GC and the CN Approach

In this paper, we develop two methods to derive data-
dependent error bounds that are applicable to learning with
many classes. We summarize these two types of error bounds
for some specific MC-SVMs in the third and fourth columns
of Table from which it is clear that each approach can
yield better bounds than the other for some MC-SVMs. For
example, for multinomial logistic regression and the Crammer
& Singer MC-SVM, the GC-based error bound has a square-
root dependency on the number of classes, whereas the CN-
based bound has a logarithmic dependency. CN-based error
bounds also have significant advantages for £,-norm MC-
SVM and Schatten-p norm MC-SVM. On the other hand,
GC-based analyses have their own advantages. First, for the
MC-SVMs in Weston and Watkins [32], Lee et al. [33], the
GC-based error bounds decay as Q(n’%c), while the CN-
based bounds decay as O(n_%clog%(nc)). Second, the GC-
based error bounds involve a summation of K(x;,x;) over
training examples, while the CN-based error bounds involve
a maximum of ||¢(x;)||; over the training examples. In this
sense, the GC-based error bounds better capture the properties
of the distribution from which the training examples are drawn.

An in-depth discussion can explain the mismatch between
these two types of generalization error bounds. Our GC-based
bounds are based on a structural result (Lemma [T)) of empirical
GC:s to exploit the Lipschitz continuity of loss functions w.r.t. a
variant of the ¢5-norm, while our CN-based analysis is based
on a structural result of empirical /,.-norm CNs to directly
use the Lipschitz continuity of loss functions w.r.t. the .-
norm. Which approach is better depends on the Lipschitz
continuity of the associated loss functions. Specifically, if
W, is Lipschitz continuous w.r.t. a variant of the {»-norm
involving the Lipschitz constant pair (L1, Ls) and is L-
Lipschitz continuous w.r.t. the /,,-norm, then one can show
the following inequality with probability of at least 1 — ¢ for
§ € (0,1) (Theorem [2| z and Theorem @ respectively)

2V/7 | Lac®g(H,)+ LG, ()| (by GCs),  (299)
. i

27L/Rpe(H,) (1 tlog? B”\fé))(by CNs).(29b)

nc T

It is reasonable to assume that &z ( +) and R, (H,) decay
at the same order. For example, if 7-( ) = |[|Wl|2,p,p > 2, then
one can show (the first inequality follows from (39), (0) and
(@T)), and the second inequality follows from Proposition

O(n_lc;(é K(mei))%),

Re(Hr) = O(n~ e ¥ max|o(x) 2 ).

A,

®§(ﬁr) =

We further assume that the dominant term in ([29a) is
Lic®z(H;) to clearly illustrate the relative behavior of these
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TABLE I

COMPARISON OF DATA-DEPENDENT GENERALIZATION ERROR BOUNDS DERIVED IN THIS PAPER. We use the notation By

[N

(5 227y K (i xi))

and Boo = maxen,, ||#(x;)||2. The best bound for each MC-SVM is followed by a bullet.

MC-SVM by structural result (3) by GCs by CNs
Crammer & Singer O(Bin~2c?) O(B n_%c%) O(Boon_% 1og% (nc)) e
Multinomial Logistic (Bln fc%) O(Blnféc%) O(Boon 2 log%(nc)) °
| Weston and Watkins O(Bin~ %c%) O(B n_%c) ° O(Boon™ éclog%(nc))
| Jlee et al. O(Bin~ %c) . O(Bln’%c) . O(Boon’%clogf(nc))
| Ilenssen et al. O(Bin~ %c%) O(Bln_%) . O(Boon_% log% (nc))
top-k O(Bin~2c2) |O(Bin 2(ck™1)2) OB~ 2 10g2 no)) »
£p-norm p € (1, 00) O(Bln_%cl_%) O(B1n_%cl_%) O(Boon™ 202 m log2 (nc)) e
Schatten-p p € [1,2) O(Blnféc%) O(Blnféc%) O(Boon 3 logz nc ) °
Schatten-p p € [2,00) | O(Bin~ 2 cl_%) O(Bin™2 cl_%) O(Boon_%c%_% log% (nc)) o

two types of error bounds. If L; and L are of the same order,
as exemplified by Example [I] and Example [2} then the error
bounds based on CNs outperform those based on GCs by a
factor of /¢ (up to logarithmic factors). If Ly = O(c¢™2 L), as
exemplified by Example [3] Example f] and Example [3] then
the error bounds based on GCs outperform those based on
CNs by a factor of log (nc). The underlying reason is that
the Lipschitz continuity w.r.t. || - ||2 is a stronger assumption
than that w.r.t. || - || in the magnitude of Lipschitz constants.
Indeed, if ¥, is Lq-Lipschitz continuous w.r.t. || - |2, then
one may expect that ¥, is (L;+/c)-Lipschitz continuous w.r.t.
I - oo due to the inequality ||t]|2 < +/c||t||c for any t € RC.
This explains why (29b) outperforms by a factor of
V¢ if we ignore the Lipschitz constants. To summarize, if
Ly = O(c™zL), then outperforms (29b). Otherwise,
is better. Therefore, one should choose an appropriate
approach according to the associated loss function to exploit
the inherent Lipschitz continuity.

We also include the error bounds based on the structural
result (3) in the second column to demonstrate the advantages
of the structural result based on the variant of the f5-norm

over (3).

V. EXPERIMENTS

In this section, we report experimental results to show the
effectiveness of our theory. We consider the £,-norm MC-SVM
with multinomial logistic loss W, (t) = W7 (t) defined in Ex-
ample 2] and hypothesis space H., where 7(w) = ||w/[2,, p >
1 and ¢(x) = x. In subsection we aim to show that our
error bounds capture well the effects of the number of classes
on the generalization performance. In subsection we aim
to show that our error analysis is able to imply a structural risk
that works well in model selection, as well as the efficiency
of £,-norm MC-SVM. We use several benchmark datasets in
our experiments: MNIST [64], NEWS20 [65], LETTER [3],
RCV1 [66]], SECTOR [67] and ALOI [68]. For ALOI, we
include the first 67% of the instances of each class in the
training dataset and use the remaining instances as the test
dataset. Table gives some information on these datasets,
which can be downloaded from the LIBSVM website [69].

TABLE III
DESCRIPTION OF THE DATASETS USED IN THE EXPERIMENTS.

Dataset c n # Test Examples d
MNIST | 10 |60,000 10,000 778
NEWS20| 20 |15,935 3,993 62, 060

LETTER | 26 |10,500 5,000 16
RCVI1 53 |15,564 518,571 47,236

SECTOR | 105 | 6,412 3,207 55,197
ALOI |1,000 | 72,000 36,000 128

A. Empirical verification of generalization bounds

According to the proof of Corollary [17|(b), we know

)= 5 2 1 )

GAP(w)») := By Uy (h™74 (x

3

n

1
< su [Ex U, (h¥(x) — = S W, (h%(x,) }
hWeI;I Y nz Y
= O()Rs(Fy) = 0<An*%c%*mxw> max||x;||; log (nc)),
€N,

where the trained model w, o associated with a pair (p, A) is
defined by

n

1 ,
Wp A 1= arg H%lglxc - Z \If;’j((wl,xi>, ol <Wc,xi)).
Iwllzp<a =1
(30)

Note that GAP measures the difference between the gen-
eralization error and the empirical error for the particular
learned model, which is the quantity we are interested in. For
comparison, Rg(F; o) controls the uniform deviation between
generalization errors and empirical errors over the hypothesis
space and is a standard tool used to control GAPs [37, 47]].
Our purpose here is to validate whether our bounds capture the
dependency of Rg(F; ») and GAPs on the number of classes
in practice. To this aim, we first discuss how to approximate
Rg(Fr a) and GAPs.

Approximation of g(F; »). We approximate Rg(F; 4)
by an Approximation of the Empirical Rademacher Complexity

(AERC) defined by AERC(F} ) := & 370 Rg(e®), F, 4),
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where €®) = {egt)}ieN",t = 1,...,50, are independent
sequences of independent Rademacher random variables and

n

~ 1

Rs(€, Frp) = . sup ei\I/Z:(<W1,xi), R <WC,Xi>).
weRdxe
Iwizp<a " an

It can be checked that 5‘{5(6, F’; A) (as a function of €) satisfies
the increment condition (36) in McDiarmid’s inequality below
and concentrates sharply around its expectation Rg(F A).
Therefore, AERC is a good approximation of SRg(F; o). The
calculation of AERC involves the constrained non-convex
optimization problem (3I)), which we solve by the classic
Frank-Wolfe algorithm [58] [70]. We describe the Frank-Wolfe
algorithm to solve minwea, f(w) for a general function f
defined on the feasible set A, = {w € R™¢: |w|2, < A}
with p > 1 and A > 0 in Algorithm[I] This is a projection-free
method that involves a constrained linear optimization problem
at each iteration, which, as shown in the following proposition,
has a closed-form solution. In line 4 of Algorithm [T} we use a
backtracking line search to find the step size +y satisfying the
Armijo condition (e.g., page 33 in [71]]). Proposition [I9] can be
proved by checking [[w*||2, < 1 and (W*,v) = —||v||2,p-,

which is deferred to Appendix [C]

Algorithm 1: Frank-Wolfe Algorithm

1 Let k=0 and w(® =0 € Réx¢

2 while Optimality conditions are not satisfied do

3 Compute w = arg minw:HWHZ,pSA <W, Vf(W(k)»

4 Calculate the direction v = w — w'*/ and step size
~v € [0,1]

5 | Update wbt) = wk) 4 4y

6 Setk=k+1

7 end

Proposition 19. Let v = (vy,...,v.) € R¥*¢ have nonzero
column vectors and p > 1. Then the problem

arg min (w,v) st |[wlz2,p <1 (32)

weRdxe

has a closed-form solution w* = (w7,...,w2) as follows

07 lfp:landj#ja
wh = lIv; 15 ’QVj T, If1<p<oo, &)
(5, v l87) 7
—lIvillz vy, ifp= o0,
where j is the smallest index satisfying ||Vj||2 =

max; ey, [[v;ll2 and p* = p/(p —1).

Estimation of GAPs. To calculate GAPs, we need to solve
the convex optimization problem (30), which is solved by
introducing class weights and alternating the update w.r.t. class
weights and the update w.r.t. the model w in [28]]. In this paper,
we propose to solve this optimization problem with the Frank-
Wolfe algorithm (Algorithm [I)), which avoids the introduction
of additional class weights and extends the algorithm in [28]]

to the case of p > 2. The closed-form solution established
in Proposition [19| makes the implementation of this algorithm
simple and efficient for training £,-norm MC-SVM.

Behavior with respect to the number of classes.
We now show that our generalization bounds capture
the dependency of AERCs and GAPs on the number
of classes. To this aim, we need to construct several
datasets with different numbers of classes. We fix the in-
put {x;}, of either ALOI or SECTOR, the parameter
p and A = 1, and vary the number of classes ¢ over
the set {100, 150, 200, 250, 300, 350, 400, 500, 600, 700, 800}
(ALOI) or {50,55,60,65,70,75,80,85,90,100,105} (SEC-
TOR). For each ¢ and dataset, we create a dataset with ¢
classes as S(© = {(xi,yl@) m 1, Where yz@) = [yi¢/c],
y; is the i-th output and [a] denotes the least integer not
smaller than a. Note that this strategy of grouping class labels
may affect the meaning of labels and further influence the
classification quality. However, it is reasonable here since we
are interested in the behavior of AERCs and GAPs w.r.t.
the number of classes. For each ¢, we can calculate the
corresponding AERCs and GAPs. We repeat the experiment
50 times and report the average of the experimental results.
We plot AERCs and GAPs as functions of ¢ in Fig. 2| and Fig.
respectively, for p = 2,5, 00. In each of these panels, we
also include plots of the function CNB.(¢) = 763w
and GCB;(¢) = #&'~%, where the corresponding parameters
7 and 7 are computed by fitting the AERCs/GAPs with models
{¢— CNB,(¢) : 7 € Ry} and {¢ — GCB;(¢) : 7 € Ry},
respectively. Note that the CNBs and GCBs are constructed
based on CN analysis and GC analysis, as listed in Table
(we ignore logarithmic factors here).

According to Fig. [2] we see clearly that AERCs match
very well with the CNB plot, which indicates that our CN-
based analysis captures the dependency of the generalization
performance on the number of classes. By comparison, there
is a clear discrepancy between the AERC and GCB plots,
indicating a crudeness of the GC-based analysis. Furthermore,
AERC s behave nearly as constants in the case of p = 2, which
is consistent with the almost class-size independent bounds
based on CN analysis for p = 2 (up to a logarithmic factor).
One can see a similar phenomenon in Fig. 3 CNBs behave
much better than GCBs in fitting the GAPs. It should be
mentioned that the fitting of GAPs by CNBs is not as perfect
as the fitting of AERCs by CNBs. The underlying reason is as
follows. Our generalization bounds directly apply to Rs(F: »)
which controls the uniform deviation between generalization
errors and empirical errors over all w € H,, whereas GAPs
correspond to the deviation for the particular trained model
wp,a- Nevertheless, as shown in Fig. [3} CNBs already capture
well the behavior of GAPs as a function of the class size,
which justifies the usefulness of our theoretical analysis since
it is the trained model w,, 5 that we are most interested in for
practical learning processes.

B. Behavior of the {,-norm MC-SVM and model selection

In this section, we describe the application of our error
bounds in model selection, as well as the effectiveness of the
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Fig. 2. AERCs as a function of the number of classes. Based on ALOI or SECTOR, we construct datasets with a varying number of classes ¢, for each of
which we compute the associated AERC. We also include plots of CNB(¢) and GCB# () in this figure, where both 7 and 7 are calculated by applying the
least-squares method to fit these AERCs with CNB,(¢) and GCB#(¢), respectively. Each panel corresponds to a specific dataset and a parameter p.
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Fig. 3. GAPs as a function of the number of classes. Based on ALOI or SECTOR, we construct datasets with a varying number of classes ¢, for each of
which we compute the associated GAP. We also include plots of CNB (&) and GCB#(¢) in this figure, where both 7 and 7 are calculated by applying the
least squares method to fit these GAPs with CNB (&) and GCB (¢), respectively. Each panel corresponds to a specific dataset and a parameter p.
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£,-norm MC-SVM as compared to multinomial logistic regres-
sion (MLR) [29] and the Weston & Watkins (WW) MC-SVM
in Corollary [13| with £(t) = log(1 + exp(—t)). We traverse p
over the set {1,1.2,1.5,1.8,2,2.33,2.5,2.67,3,4,8,00} and
A over the set {10°°/10,10'5,...,10%%}. For each pair
(p, A), we train the model w,, 5 defined in (30) by Algorithm
as candidate models, and compute the accuracy (the percent
of instances labeled correctly) on the test examples. We also
train a model by MLR and a model by WW MC-SVM for each
candidate A. Our aim is to identify an appropriate model from
these candidate models based on our generalization analysis,
and to compare the behavior of MLR, /,-norm MC-SVM and
WW MC-SVM on several datasets.

Model selection strategy. Since Wy A € Hp |w, 1|, fOr
any p > 1, one can derive from Corollary the following
inequality with probability of 1 —§ (here we omit the random-
ness of ||wy all2,5 for brevity)

Ex ¥, (A7 (x))

Z Wy, (R (x;))+3By [1 : ] '

=1

2n
1_ 1 3 3
54wy 2.5 max [ Joc? =T (1103 (Vande)) /v
According to the inequality ||w|22 < Hw||2,ﬁc%7% for any
1 1
D > 2, the term ||w||2 5c2~ ===@P attains its minimum at p =
2. Hence, we construct the following structural risk (ignoring
logarithmic factors here)

Z% ™ (360)) = Mwil2.2 max e/ v

=1 (34)
and use it to select a model with the minimal structural
risk among all candidates w, o. According to Table |[I, we
construct a different structural risk for WW MC-SVM with
the penalty being Ac||w||2 2 max;en, ||X;||2/v/n. We use A =
1/25 in this paper.

In Table we report the accuracies of MLR, /,-norm
MC-SVM and WW MC-SVM on several benchmark datasets.
For each method, we report the best accuracy achieved by
the candidate model and the accuracy of the model selected
from these candidate models with the minimal structural risk,
as shown in the columns termed “Oracle” and “Model selec-
tion”, respectively. For £,-norm MC-SVM, we also report the
parameter p at which the corresponding accuracy is achieved.

According to Table our structural risk based on gen-
eralization analysis behaves well in guiding the selection of
a model with comparable prediction accuracy to the best
candidate model. For ¢,-norm MC-SVM, the accuracies for
the model selected according to and the best candidate
model differ by less than 0.17% on all datasets. ¢,-norm MC-
SVM consistently outperforms both MLR and WW MC-SVM.
For example, for ALOI and the model selection strategy, £,-
norm MC-SVM achieves an accuracy of 88.48%, while MLR
and WW MC-SVM achieve accuracies of 85.70% and 78.53%,
respectively.

Errstr )\(

VI. PROOFS

In this section, we present the proofs of the results presented
in the previous sections.

A. Proof of Bounds by Gaussian Complexities

In this subsection, we present the proofs for data-dependent
bounds in subsection The proof of Lemma [I] requires to
use a comparison result (Lemma [20) on Gaussian processes
attributed to Slepian [42], while the proof of Theorem [2] is
based on a concentration inequality in [[72].

Lemma 20. Let {Xg : 6 € O} and {Yy : 0 € O} be two
mean-zero separable Gaussian processes indexed by the same
set © and suppose that

E[(X9 — %5)°] <E[Qo—Dp)°], V0,0€0. (35
Then E[supycg Xo] < E[supyee Do)
Lemma 21 (McDiarmid’s inequality [72l]). Let Z1,. .., Z, be

independent random variables taking values in a set Z, and
assume that f : Z™ — R satisfies

sup
Z1,...,Zn,Z; €2

|f(Z1,"' ,Zn) _f(zla"' 7Z’i717zi7

Zit1, 5 2Zn)| < (36)
for 1 < i < n. Then, for any 0 < § < 1, with probability of

at least 1 — 6, we have

\/Zl 167 log(1/6)

f(Zl7"'7Zn)SEf(Zla"'7

Proof of Lemma |I} Define two mean-zero separable Gaussian
processes indexed by the finite dimensional Euclidean space
{(h(xl)a AR h(xn)) the H}

Xp = Zgifi(h(x
Eyh = \[Ll Z ng

1=1 j=1

(xi “’\fLQZgz (1) (xi)-

For any h,h' € H, the independence among g;, g;; and Eg? =
1,Eg? = 1,Vi € N,,,j € N, imply that

= [(Zgz fi(h

2

[ - 5w )]

—Z fi(h

1 2
<Z[L1 Z\h i) =1 (%)) + Lall o (50) = 1) 3 (%4)

<2L222|h X;)

1=1j5=1

= E[(Q.jh - ED}L')2];

Xp h

)= fi(h (x:))]

1=1

where we have used the Lipschitz continuity of f; w.r.t.
a variant of the fs-norm in the first inequality, and the
elementary inequality (a + b)2 < 2(a® + b?) in the second

R (%) +2L3 Z sy (3¢:) = by (32)
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TABLE IV
PERFORMANCE OF MC-SVMS ON SEVERAL BENCHMARK DATASETS.

We consider MLR, £,-norm MC-SVM and WW MC-SVM in Corollary . 13| with £(t) =
,103-2} to obtain the candidate models. We report the accuracy of the best

{1,1.2,1.5,1.8,2,2.33,2.5 26734800}andA0ver{1005 10, .

candidate model and the selected model with a minimal structural risk in the columns “Oracle” and “Model selection”,

log(1 + exp(—t)). We traverse p over

respectively. For £,-norm MC-SVM,

we also report the parameter p at which the corresponding accuracy is achieved.

MLR £p-norm MC-SVM WW MC-SVM
Dataset Oracle | Model Selection Oracle Model Selection Oracle Model Selection
Accuracy Accuracy p Accuracy P Accuracy | Accuracy Accuracy

MNIST 91.43 91.39 3 91.99 8 91.82 91.00 90.98
NEWS20 84.07 83.25 4 84.45 4 84.45 84.10 84.10
LETTER 73.52 73.52 () 73.74 00 73.68 69.28 68.92

RCV1 88.67 88.62 1.8 88.71 2.33 88.65 88.68 86.96
SECTOR 93.08 93.08 4 93.30 2.33 93.20 92.83 91.21

ALOI 85.70 85.70 00 88.48 o'} 88.48 78.56 78.53

inequality. Therefore, the condition (33 holds and Lemma[20] satisfies the increment condition (36) with ¢; = By/n.

can be applied here to give
E, sup i fi(h(x;
o 505 D 0uf ()

< E Sllp |:le Zzgz] Xz + \/>L2 Zgz r(i) Xz i|

1= 1] 1
<\fL1E bupZZg,J \ngE bup Z:gZ (%)
heH 1=175=1
The proof of Lemma [I] is complete. O

Proof of Theorem [2] It can be checked that

f(Zl,...,

Zp) = Sup
hWEH,

w 1 . w
(B0, (0 () == 7 W, (0 (x0))]
i=1
satisfies the increment condition (36) with ¢; = By /n. An
application of McDiarmid’s inequality (Lemma[21]) then shows
the following inequality with probability of 1 — §/2

1 n
S (B aE 0] <
1 & log 2
£ ooy [0, 25w, 0 o

It follows from the standard symmetrization technique (see,
e.g., proof of Theorem 3.1 in [9]) that

Z\Il% (A% (x;) ]
[ Zez i (

It can also be checked that the function

E, sup

hwecH,

oy Uy (h™ (x

< 9E,E, P (x1))]

sup
hwEeH,

n

w) = Be s [3 ", (0 (x0)]

n
hweH, 1=

f(Zl,...,

Another application of McDiarmid’s inequality shows the
inequality

log 2

E,Rs(Fra) <Rs(Fra)+ Be o

with probability of 1 — §/2, which together with the above
two inequalities then imply the following inequality with
probablhty of at least 1 — §

n

[Eijy(hw<x)) - %Z \iji(hw(xi))} <

=1

sup
hWeH,

log

SAIN)

295 ( -,—A) + 3By

(37

Furthermore, according to the following relationship between
Gaussian and Rademacher processes for any function class
H [37] (|S] is the cardinality of .S)

)<\/§e5( 3\/@9@1(

Rs ({0, (A" (x)): B™ € H,})

< \/?65({\I/y(hw(x)) :h™ € H, })

we derive

P
= sup 9iVy, (
\En hHZ Oy (1)
LT
< sup giihY (%)
Lg\f
sup (x;)
gh EHT;% i

where the last step follows from Lemma [I| with f; = ¥, and
r(i) = y;, Vi € N,,. Plugging the above RC bound into (37)
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gives the following inequality with probability of at least 1 —¢

sup Zzgm Wj7¢ Xz

9 hwen, =i

2L
2\[ g sup Zgz Wy“(b Xz)>

hweH,

A, <

21T
n

(38)

It remains to estimate the two terms on the right-hand side of
(38). By (12), the definition of H.,S and S’, we know

Eg sup ZZQZJ Wi, P(xi))

hweH- 27 w5

sup ZZg” w, ¢ (xi)) = ne®g 3( H;) (39)

wir(w)<A T 1j—1

:Eg

and

g sup Zgz Wylaﬁb Xz)>

hweH, ;1

sup Zgz w ¢y7 (xi)) = nﬁs/( )

wir(w)<A T

:Eg

Plugging the above two identities back into (38) gives (T3).
We now show (I4). According to the definition of dual
norm, we derive

Eg sup Zzgzg Wja¢xz

hweH: | Z 1] 1
—Eg sup § WJ7§ glj(b Xz
hWweH,

=Eg hjlelp (w, (Zgij¢<xi));:1>

<EQ sup HWHH Zg’bj¢ Xz)

i=1

= A]EQH(Zgij¢(Xi));=1 N

(40)
Analogously, we also have

Eg sup Zgz Wy, p(X;))

hweH, s—]
=[Eg sup Z Wj7zg’b¢ X;))
hweH, j=1 i€l
=Eg sup (w, Zgﬂb X;) j:1>
hwe iGI_j
< AEg[[(D gi6(xi));_,
icl;

Plugging the above two inequalities back into (38) gives (14).
O

Proof of Corollary 3] Let ¢ > p be any real number. It follows
from Jensen’s inequality and Khintchine-Kahane inequality

©9) that
(Gl - Sl

- {;E"H ;g"m("” NEE [;[‘f ;Hsﬁ(xi)l%] T

akad G ZK (i)

Applying again Jensen’s inequality and Khintchine-Kahane

inequality (69), we get
q* L

(oo, < (B2 | o]
j=1 i€l;

<V [ S [ 1eol] Tﬁ. “2)

j=1 i€l

(41)

We now control the last term in the above inequality by
distinguishing whether ¢ > 2 or not. If ¢ < 2, we have
271¢* > 1 and it follows from the elementary inequality
a®*+b°* < (a+b)*Va,b>0,s > 1 that

DIPOLIESSIIE) o) DELSEN)

Jj=1 el; Jj=1l1i€l;
n il
2
= {ZK(XZ‘,XZ‘)} .
i=1

q¢* <1 and Jensen’s inequality implies

C[i%ZK(XuXi)]%

a*
2

(43)

Otherwise we have 27!

> [ Keex] ©

<
Jj=1 ael; j=1 "€l
' - %
:cl_T[ZK(xi,xi)} (44)
i=1
Combining @2), @3) and @4) together implies
B[ (Z o),
i€l; ’
n 1
< max(e 3 )]0 Y K(xix)| . @3)
i=1

According to the monotonicity of || - |2, W.r.t. p, we have
H,rn C Hyp if p < q. Plugging the complexity bound
established in Eqs. (1)), @3) into the generalization bound
given in Theorem [2] we get the following inequality with
probability of at least 1 — ¢

A < QAf [Llcql* {q* i K(Xi,xl')} :

i=1

+ Lamax(c?E 1) [ Y Koxx)] ] oz

i=1

The proof is complete. O



Remark 7 (Tightness of the Rademacher Complexity

Bound) Eq. l| gives an upper bound on
H( i1 9ij® Xz) s We now show that this
.q*

bound is tight up to a constant factor. Indeed, according to
the elementary inequality for a;,...,a. >0

BN a
(al_‘_..._i_ac)q% Zcq%—l(af* +".+ag*)7
we derive
C n q* q%
[OSTR N ) () PPy
j=1 i=1
> ca” 12”29”(;5(%)
j=1 i=1

where the second inequality is due to li The above lower
bound coincides with the upper bound (1)) up to a constant
factor. Spemﬁcally, the above upper and lower bounds show

that By || (S, getx)) |,
root dependency on the number of classes if ¢ = 2.

enjoys exactly a square-

Proof of Corollary ] We first consider the case 1
2. Let ¢ € R satisfy p < ¢ < 2. Denote
0,...,0,x;,0,...
we have

<p
XJ
,0) with the j-th column being x;. Then,

I IA

( Z gijxi);:1 - Z Z 9i X}
i=1

i=1 j=1
¢ B (46)
(g% d_gx) = ) D gl
i€l i€l j=1iel,

Since ¢* > 2, we can apply Jensen’s inequality and
Khintchine-Kahane inequality to derive (recall o,(X)
denotes the r-th singular value of X)

n.oc min{e,d} n ¢ n
Bl 20X, < [Bs 3 of (2N X))’
=1 j=1 r=1 i=1 j=1
<o by S|S0 R]
€ i=1 j=1 Sgx
I3t onk } 47
i=1 j=1 Sqx
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For any u = (uq,...,u.) € R we denote by diag(u) the
diagonal matrix in R¢*¢ with the j-th diagonal element being
u;. The following identities can be directly checked

DD ZZ Ix;|3diag(e;) Z 1512 Losces

i=1 j—l i=1 j=1
3OS EDEDT =30 Y ] =Y x|
i=1 j=1 i=1 j=1 i=1
where (e,...,e.) forms the identity matrix I... € R*¢
Therefore,
n c 1 n
@), = ()’
Ip>3CIUCTIN 2o lal) T
i=1 j=1 i=1
L 3
- *[Z Ixil3]",  @s)
and
n (& . B %
[>T,
i=1 j=1 o
n % min{c,d} L 1
_ T _ 5 ar
A (Sma) [, S o (o))

min{c,d}

:\/E[ ; 0:7

Nl

<z n" - [Hzm s, ]

(49)
Plugging @8) and @9) into @7) gives

n c 1

By 0Kl <ot /TE max{cq [anzn]?
i=1 j=1 -

Zxx } (50)

7
Applying again Jensen’s inequality and Khintchine-Kahane
inequality gives

1
c2

c min{c,d} c 1
o Y 0kl < [Bg D o (XD 0kl
j=1iel; —1 i=liel,
* € ) a1

§27% ™q maX{H[ZZ(XLJ)TXZJ}Q 7

¢ j=1iel, Sq

- .
> =@, } (51)
j=1li€l; a*

It can be directly checked that

SN EDTED =D IIxil3diag(e;)

j=14€l; j=1li€l;
= diag( D %13, Y IIxill3)
i€l i€l
and
c (&
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from which and ¢* > 2 we derive

[ o)

j=1icl,

C

gk
L[S
- j=1 i€l

(&

<[ ||xiuéf = [imng]

j=1li€l;

SIS

and

Nl
SIS

Iy ]

j=1li€el;
n 1 n 1
2 2
< H[ > Xixﬂ = { > |\Xz‘||§} ;
: Sa °
i=1 i=1

where we have used deduction similar to @#9) in the last
identity. Plugging the above two inequalities back into (5IJ)

implies
mTq* - 3
VR[] 2
i=1

Bgl| D> aiXils, =27
j=li€cl;
Plugging (50) and (52) into Theorem 2] and noting that Hg, C
Hg,, we get the following inequality with probability of at least
1-9

2i7A L[ 3
Ag, < inf_(¢")} 4 Ly max {ci" | 3]
< 20 i o L (e [ ]

n 1 n 1
3 xx] ;*}A—LQ{ZH)@H%F}. (53)
=1 =1

2
This finishes the proof for the case p < 2.

We now consider the case p > 2. For any W with |[W||s, <
A, we have ||W]|s, < min{e, d}%fiA. The stated bound (16)
for the case p > 2 then follows by recalling the established
generalization bound for p = 2. 0

n
=[5
Sgx P

Sg*

NG

B. Proof of Bounds by Covering Numbers

We use the tool of empirical {,,-norm CNs to prove
data-dependent bounds given in subsection The key
observation to proceed with the proof is that the empirical
fs-norm CNs of FT,A~ w.r.t. the training examples can be
controlled by that of H, w.r.t. an enlarged data set of car-
dinality nc, due to the Lipschitz continuity of loss functions
w.rt. the {,-norm [48, [73]]. The remaining problem is to
estimate the empirical CNs of H,, which, by the universal
relationship between fat-shattering dimension and CNs (Part
(a) of Lemma [22)), can be further transferred to the estimation
of fat-shattering dimension. Finally, the problem of estimating
fat-shattering dimension reduces to the estimation of worst
case RC (Part (b) of Lemma[22)). We summarize this deduction
process in the proof of Theorem

Definition 3 (Covering number). Let F' be a class of
real-valued functions defined over a space Z and S’ :=
{z1,...,2,} € 2™ of cardinality n. For any ¢ > 0, the
empirical £-norm CN N (e, F, S’) w.r.t. §" is defined as the

minimal number m of a collection of vectors vl .. .,v"eR"
such that (v} is the i-th component of the vector v7)

sup min  max |f(z)—v!| <e
feFJ=l..mi=1l,...n

In this case, we call {v', ..., v} an (e, £, )-cover of F' w.r.t.
S’

Definition 4 (Fat-Shattering Dimension). Let I be a class of
real-valued functions defined over a space Z. We define the
fat-shattering dimension fat.(F") at scale € > 0 as the largest
D € N such that there exist D points z,...,Zp € Z and
witnesses s1,...,sp € R satisfying: for any d1,...,dp €
{£1} there exists f € F' with

0i(f(2i) — si) > €/2,

Lemma 22 ([74, [/5]). Let F' be a class of real-valued func-
tions defined over a space Z and S' := {z1,...,z,} € Z"
of cardinality n.

Vi=1,...,D.

(a) If functions in F take values in [—B, B], then for any
€ > 0 with fat(F') < n we have
2eBn

€

log Noo (€, F, S") < fat(F)log

(b) For any € > 2R, (F), we have fat (F) < 1GR2(F).
(c) For any monotone sequence (€)%, decreasing to 0

such that eg > \/n—l SUDfer 21y [2(2i), the following
inequality holds for every non-negative integer N:

N
log Noo (e, F, S’
Re(F) <2 (e +€k_1)\/ og (:Lk )
k=1

—|— EN -
(54

Theorem 23 (Covering number bounds). Assume that, for any
y € Y, the function W, is L-Lipschitz continuous w.rt. the loo-

norm. Then, for any € > 4LR,.(H;), the CN of F. p w.rt.
S ={(x1,91),- -, (Xn,Yn)} can be bounded by

16ncL?R2 (H,)
2

2¢ Bncl,
g .

log Noo (€, Fr p, S) < lo

Proof. We proceed with the proof in three steps. Note that H -
is a class of functions defined on a finite set S = {(]Nﬁj (xi) :
i €N,,jeN}

Step 1. We first estimate the CN_of P~IT w.rt. S. For any
€ > 4R,,.(H;), Part (b) of Lemma [22| implies that

16nc

e
= R, (H;) < nc.

fat.(H,) <

(55)

According to (12) and the definition of B, we derive the
following inequality for any w with 7(w) < A and i €
N,,j € N,

[, 5 (x0)| = (w3, $(xi))] < v 60 2
[wllcell o) < B.

IA

sup
w:T(w)<A
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Then, the conditions of Part (a) in Lemma[22]are satisfied with
F= HT7 B=DBand §' = S and we can apply it to control
the CNs for any € > 4R,,.(H,) (note fat.(H,) < nc in (33))

2¢B
log Noo (€, H,, S) < fat(H.) log eone
16ncR2_(H, 2¢B
< WonPne(Hr) ) 2eBne = )
€ €

where the second inequality is due to (33). N
Step 2. We now relate the empirical £,.-norm CNs of H
w.rt. S to that of F. o wrt. S. Let

J— (pd J J
(v = (lorda o

ric,...,rn,l,rﬁlﬁg,...,rfl C)
:j:l,...,N} CR™ (57)

be an (e, £ )-cover of

{((w,B1x0)), o (W, Belx1)), (w

related to x4 related to xo

W i) (W o)) (W) S A C R

related to x,,

with N not larger than the right-hand side of (36). Define

7¢~)1(X2)>""’<W

rg = (r Lo ZC) for all i € N,,,j € Ny. Now, we show
that
{0, @D, 9, 00) ., 0, () = L. N} C R
(58)

would be an (Le, ¢y )-cover of the set (note hW(x) =

(<W17 ¢(X)>, et <W(37 ¢(X)>))

{(\Ijm (hw(xl>)’ y,L(hw(XnD) : T(W) < A} Cc R".

Indeed, for any w € H¢ with 7(w) < A, the construction
of the cover in Eq. (57) guarantees the existence of jiw) €
{1,..., N} such that

T — (w, dr(xi))| < e.

max max |T
1<i<n 1<k<c

(59)

Then, the Lipschitz continuity of ¥, w.r.t. the /. -norm
implies that

max |U,, (r j<w)) Wy, (RY (x:))]

1<i<n

<D e ™ = A ()l
=L e, I = (s 6|
= L. max max |7" — <W,<Z>k(xz‘)>’

1<i<n 1<k<c
< Le,

where we have used (12) in the third step and (39) in the last
step. That is, the set defined in (38) is also an (Le, ¢, )-cover
of Frp wrt. S = {(x1,¥1),...,(Xn,yn)}. Therefore,

1og Nio (€, Frp, S) <logNoo(e/L, H,,S), Ve>0. (60)

Step 3. The stated result follows directly if we plug the
complexity bound of H, established in (56) into (60). The
proof is complete. O

7@30(X2)>7
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We can now apply the entropy integral (34) to control
Rg(Fra) in terms of R, (H,).

Proof of Theorem [3] Let

N — [log (\I/ul(h(xz)))?_1H2—‘
? 16Ly/clog 2R, (H,) ’
en = 16L\/clog2R,.(H,) and e = 2N Fey k =

0,...,N — 1. It is clear that

€0 ané sup ||(\Il
h

.

Zh(h(xl) ) 71”2 2 60/2

and ey > 4L9‘inc(ﬁ7). Plugging the CN bounds established
in Theorem [23] into the entropy integral (34), we derive the
following inequality

N A~
~ _ 2eBnclL
R (Frn) < BLVaRo(Hy) Y EEEL flog 20
k=1

EN -

(61)

We know
QeBncL ol
Z \/k log 2 + log(2e BncLey *)

Z k=1

N+1
< \/log2/ \/x + logy(2eBncLey b)da
1
~ 2¢/log?2 N1
== 1

d(z+ logz(QeBncLegl)) :

3 .
< logs (4eBncLey'),

2¢/log 2
3

where the last inequality follows from

deBncL > 2n"3 SUP H( (h(xi)) )1 1”2 = €0
heH

Plugging the above inequality back into (61) gives

Rs(Fra) <16L+/clog mnc

log2 (4eBncLeN ) +en

VceBn
= 16L+/clog 2R, (H,) (1 + log3 —~)
Velog? ? 1/og 2R (1)
The proof is complete by noting e < 44/log 2. O

The proof of Theorem [6] is now immediate.

Proof of Theorem [6] The proof is complete if we plug the RC
bounds established in Theorem [3] back into (37) and noting

32,/Tog 2 < 27. O

Proof of Corollary [9] Plugging the complexity bounds of I?p
given in (I8) into Theorem [f] gives the following inequality
with probability of at least 1 — §

27y/cLA max||(xi) |2

\/>BTL202 mdx(?p))

A, <
Agrelgf llp(xi)]|2

- . (1—|—log2
n2 cmax(2,p)

]

3
< NG (1 + log3 (\/in%c)),
where we have used the following inequality in the last step

B = max|[o(x,)|l

sup
wil|wl2,p<

<A i)2-
IWl2.00 < Amax flé(x:)]2
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The proof of Corollary 0] is complete. O

Proof of Corollary [I0} Consider any W =
RI*¢ If 1 < p < 2, then

Wils, = [Wlls, = [Wll22 = [[W]2,00-

(Wi1,...,W¢) €

Otherwise, according to the following inequality for any semi-
definite positive matrix A = (a ; ]) , (e.g., (1.67) in [76])

c

_1 B
”A”S,; > [Z |ajj|p] 7, VP > 1,
j=1
we derive
1
_ T s _ T - 2
IWls, = VW) s, = || [(w] ws)5 5]
T c 2 - P ;’
= |75 Loz [ Wt
5 j=1
Thereby, for the specific choice 7(W) = [|[W]||s,,p > 1, we
have
B=max|[x;a  sup  [[W]2.co < Amax|x;ll2. (62)
ieN W5HWHSPSA €N,

We now consider two cases. If 1 < p < 2, plugging the
RC bounds of Hg, given in (ZI) into Theorem (6] gives the
following inequality with probability of at least 1 — ¢

V2Bnsc )

? Amaxien, [x];

27LA max;en,, [|%i|2
vn

27LA i i 5 5

< maj;;Nn [[%ill2 (1 +10g§ (\/§n2 c)),

where the last step follows from (62). If p > 2, analyzing

analogously yields the following inequality with probability
of at least 1 — §

27LA max ||x;]|2 min{e, d}%_% . \
ieN, 7 (1 + logg(ﬁnfc)).

The stated error bounds follow by combining the above two
cases together. O

Ag <

p —

(1+1

Ag <

P

C. Proofs on worst-case Rademacher Complexities

Proof of Proposition[7} We proceed with the proof by distin-
guishing two cases according to the value of p.

We first consider the case 1 < p < 2, for which the RC can
be lower bounded by

1
max —E. sup E ei(w,v')
vieSHeN,, NC Iwllz,p <A
1
= max 7E€

nc
n w, g €V’
vieS:ieN,,. NC =1

nc
A 7
—El| Y eivly,-
nc 2,p

A nc
> max —E| Y &|[v! |2,
viegs nce =1

mm(ﬁp) =

sup
[wll2,p <A

= max

N (63)
vieSiEN, .

where the equality (63) follows from the definition of dual
norm and the inequality follows by taking v! = --- .
Applying the Khitchine-Kahane inequality and using the
for

— V?’LC

v€§)

Amax;en,

¢(xi)ll2

2nc

R (H,) >

max [[v![|2,- =
vieS

A
V2ne
Furthermore, according to the subset relationship I:Tp C
ﬁg, 1 < p < 2 due to the monotonicity of || - ||z, the term
%nc(ffp) can also be upper bounded by (V;- denotes the j-th
component of v*)

9'{nc(f{ip) S E)%71,(:(]?[2)

xS Y el

vieSieN,, NC

A C nc
< max o — Y R D a3
' j=1 i=1

vigS:eN,, NC

A C nc

= max oo > D Vi3

V’I'E:S’v:iel\lnC nc j=1i=1

A S
= max  —, > Vi3
i=1

vieS:ieN,,. NC —
(xi)]l2
Vne ’
where the first identity is due to (63), the second inequality is

due to Jensen’s inequality and the last second identity is due
to X271 [vjll3 = [Iv[3 o for all v € S.

_ Amaxep,

We now turn to the case p > 2. In this case, we have

%nc(f]p): max iIE sup ZEZZWJ,

vigSiieN,, NC Iwllz,p<A =5 =

1
—FE.

> max s sup E fig (w;,v5)
viE€SHEN willE<22:jeNe 5= j—1
1 c nc
= max % E E. sup E :€i<wj’v;>
; o P
vieSHieEN, . j=1 HWJHQSAT i=1
1 c nc
= max — E E. sup (wy, E €iV;>7
- nc
viES:HEN, j=1 HWJHSSACP i=1

where we can exchange the summation over j with the
supremum in the second identity since the constraint ||w ;|5 <
A% =, J € N¢ are decoupled. According to the definition 0f dual

norm and the Khitchine-Kahane inequality (70), R,,.(H,) can
be further controlled by
Rne(H,) >  max E €;
wly) > max Z ||Z il
1
> — 12 (64
S nchc > e

vieS:ieN, . i—1

€ S such that for each J € Ng,
with [[V5]la = maxen, [[¢(xi)]l2-

We can find v!,...,v"™
there are exactly n v*
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Then, 371, ||V} 13 = nmaxien, [[¢(x)[3,Vj € Ne, which,
coupled with (64)), implies that

~ 1 A 1
SRM(HP) > — Z T [n?elgi( Hd)(xl)”g] 2

> Amax | ¢(axi) [2(2n) 275

On the other hand, according to (63) and Jensen’s inequality,
we derive

ncRne(H,)
PRl e Zezv .
1
< E, , }p
< vielg{ljé{Nm { Z | ZZGZV %

By the Khitchine-Kahane inequahty @) with p* < 2 and the
following elementary inequality

c
PO Z\f\ WOspsl
j=1
we get
ncmnc(ﬁp) - - 112 & Z%*
—=—L2 < max [ viliz) ? } (©3)
A vieSHEN,, ;(;H ! 2)

. c nc p*_ 1
. 5 *
SRS viE) T

j=14i=1

E max [¢(x;)|2 = v/ne'”

< max {c
vieS:iEN,.

< \/nccp

where we have used the inequality Z] vz <

» max [|¢(x)|l2,

max;en,, [|¢(x;)||3 for all v € S in the last inequality.
The above upper and lower bounds in the two cases can be
written compactly as (I8). The proof is complete. O

D. Proofs on Applications

Proof of Example[I} According to the monotonicity of ¢,
there holds

pn(x,)) = £ min (hy (x) = hy ()
= maxc (hy(x) = hy (x)) = ¥} (h(x0)

It remains to show the Lipschitz continuity of \Ilg Indeed, for
any t,t’ € R, we have

Ul (t) — Ul ()| = | max €(t, —t,) — max £(t ft’
[ W5(8) = Wy (¢)] = | max €(t, —ty) = max (t, ~ 1)
< max |l(t, —t, Et’—t’,
s [ty = ) = 48, ~ ty)
< max Lol(ty, —ty) — (t, —t,)]

vy Fy
< 2L;max|t, —t,,
= y'eY ity Y |
< 2Lt — t'|2,
where in the first inequality we have used the elementary

inequality

| max{as, ..., be}| <

bC|}7

ac} — max{by,...,
Va,b € R

max{|a; — b1],.. (66)

'a|ac*
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and the second inequality is due to the Lipschitz continuity of
L. O

Proof of Example [2] Define the function f™ : R® — R by

f™(t) = log (ZC Lexp(t;)). For any t € R®, the partial
gradient of f™ Wlth respect to tj is
afm(t t
) et
Oty Zj:l exp(t;)

from which we derive that |V f™(t)]|; = 1,Vt € R°. Here V
denotes the gradient operator. For any t, t’ € R¢, according to
the mean-value theorem we know the existence of « € [0, 1]
such that

() = )] = (V™ (ot + (1 — a)t’), t —t')]
<V (at + (1 = a)t)[la]lt =t ]loc = [t —t]|oo-
It then follows that
W) = /" ((t = ty)5=1)

— () = t,)5-1)|
< H(tj - ty)?:l - (t/

it
<2t — t']| o

Wy (t) —

That is, \I/;” is 2-Lipschitz continuous w.r.t. the {,-norm. [

Proof of Example [3] For any t,t’ € R¢, we have
|—|Z€ —t) = DUt — 1)
j=1
< Jett, — 1) -
j=1

Cc
< Lclty —ty| + Le Y [t; — 1]
Jj=1
< Lyclty —t,,| + Levellt — t']2.

| (t)

ot, —t5)|

The Lipschitz continuity of \i/f;(t) w.L.t. £oo-norm is also clear.

L]

Proof of Example d] For any t,t’ € (), we have

0 .0

T - ) =] D [Ht) ~ 1))

J=1j#y
<Le Y =t < Levelt —t'|la < Lecllt — ¢/ o
J=1,3#y

This establishes the Lipschitz continuity of W!. 0O

Proof of Example ] For any t,t’ € €, we have

[y (6) =Wy (8)] = [€(t,)—(t,)] < Lelty—t,] < Lellt—t']| .

This establishes the Lipschitz continuity of \ili O

Proof of Example [6] Tt is clear that

+t,], VteRC (67)

fi = max i e
Z1 Ul 1Si1<i2<"'<ik§c[ i T
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For any t,t’ € R¢, we have
k kgt
[Py (t) — Wy ()]

k
1
S%’ (Lyz1 + 11—ty ooy Lyse + e — 1))
j=1
k
! / ’ ,
= Qyr A =t Lyt — ty)m‘
j=1
1 k
k" 1§i1<irzn<a.>.(.<ik§C;( yFir + 2 y)
k
- Ty + 1t — 1t
1§¢1<g13.>.(.<ik§52( y#i, T i y)
—
1 k
<7 .y o
~k 1§i1<gl<a~}-<-<ik§c z;( v, tti, —ty)
—
k
S Uy, 15—t
r=1
1 k
=% ti, —t; ty —t!
= & 1< <o <ip<e | ;( i =t )]+ [ty — 1]

k

(S (t, )2 +1ty — 1] 68)

1
< — max
\/E 1<) <ip < <ip<c

R~ 1
< [ - 62 4 1ty - 1)
vADXCRER
where the first and the second inequality are due to (66) and
the first identity is due to (67). This establishes the Lipschitz
continuity w.r.t. a variant of the f5-norm. The 2-Lipschitz
continuity of ‘1/’; w.r.t. £so-norm is clear from (68). The proof
is complete. O

VII. CONCLUSION

Motivated by the ever-growing number of label classes
in classification problems, we develop two approaches to
derive data-dependent error bounds that scale favorably with
the number of labels. The two approaches are based on the
Gaussian and Rademacher complexities, respectively, of a
related linear function class defined over a finite set induced
from the training examples, for which we establish tight upper
and lower bounds that match within a constant factor. Due
to the ability to preserve the correlation among class-wise
components, both of these data-dependent bounds admit an
improved dependency on the number of classes over the state-
of-the-art methods.

Our first approach is based on a novel structural result on
the Gaussian complexities of function classes composed by
Lipschitz operators measured by a variant of the {5-norm. We
show the advantage of our structural result over the previous
one (3) in [28, 43l 44] by better capturing the Lipschitz
property of loss functions and yielding tighter bounds, which
is the case for some popular MC-SVMs [30, 32| 45].

Our second approach is based on a novel structural result
controlling the worst-case Rademacher complexity of the
loss function class by the /,,-norm covering numbers of an

associated linear function class. Our approach addresses the
fact that several loss functions are Lipschitz continuous w.r.t.
the /., norm with a moderate Lipschitz constant [48]. This
allows us to obtain error bounds exhibiting a logarithmic
dependency on the number of classes for the MC-SVM in
Crammer and Singer [31] and MLR, significantly improving
the existing square-root dependency [28, |48].

We show that each of these two approaches has its own
advantages and can outperform the other for some applications
depending on the Lipschitz continuity of the associated loss
function. We report experimental results to show that our
theoretical bounds capture the influence of class size on
models’ generalization performance, which in turn imply a
structural risk that works well in model selection. Furthermore,
we propose an efficient algorithm to train £,-norm MC-SVM
based on the Frank-Wolfe algorithm.

We now present here some possible directions for future
study. First, our generalization analysis gives generalization
bounds with a logarithmic dependency for MLR and Crammer
& Singer MC-SVM. It would be interesting to investigate
whether this logarithmic dependency can be further relaxed to
a class-size independency. Second, research in classification
with many classes increasingly focuses on multi-label classifi-
cation with each output y; taking values in {0, 1}¢ [18} 22| [77].
It would be interesting to transfer the results obtained in the
present analysis to the multi-label case. To this aim, it is
helpful to check the Lipschitz continuity of loss functions
in multi-label learning, which, as in the present work, are
typically of the form ¥, (h(x)) [77, 78], (e.g., Hamming
loss, subset zero-one loss, and ranking loss [78]). Third,
we study examples with the functional 7 depending on the
components of w in the RKHS. It would be interesting to
consider examples with 7 defined in other forms, such as those
in [79} [80]]. Fourth, our error bounds are derived for convex
surrogates of the 0-1 loss. It would be interesting to relate
these error bounds to excess generalization errors measured
by the 0-1 loss [48] 59| 81 182].
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APPENDIX A
KHINTCHINE-KAHANE INEQUALITY

The following Khintchine-Kahane inequality [83) 184]] pro-
vides a powerful tool to control the p-th norm of the summa-
tion of Rademacher (Gaussian) series.

Lemma 24. (a) Let vy,...,v, € H, where H is a Hilbert
space with || - || being the associated norm. Let €1, . .., €,
be a sequence of independent Rademacher variables.
Then, for any p > 1 there holds

n n

1 1

min(y/p — LY Ivill*]* < [E|l Y evillP]?
i=1 i=1

<max(y/p—1,1) [Z HVZHQ} %7 (69)

i=1

and
1

EHZ€1V1|>2 2 ZHV%H 5

The above inequalities also hold when the Rademacher
variables are replaced by N(0,1) random variables.

(b) Let X1,..., X, be a set of matrices of the same dimension
and let g1,...,gn be a sequence of independent N (0, 1)
random variables. For all ¢ > 2,

n 1
(Bl Y oxily,)" <274/
i=1
1

xmax{”(zn:X,TX )1l I ZXXTE I

i=1
(71)

(70)

Proof. For Part (b), the original Khintchine-Kahane inequality
for matrices is stated for Rademacher random variables, i.e, the
Gaussian variables g; are replaced by Rademacher variables
€;. We now show that it also holds for Gaussian variables.
Let wl(k) = ik Z§:1 €ik+; With €54 ; being a sequence of
independent Rademacher variables, then we have

(E. ||Zz€zk+ny %)

i=1 j=1

1

(Bl Do X0)%,)7 =

i=1

1) max{
i=1j5=1 i=1j5=1

smgwﬂm;wwa<;&ﬁm@}

where the first inequality is due to the Khintchine-Kahane in-
equality for matrices involving Rademacher random variables
[84]. The proof is complete if we take k to co and use central
limit theorem. [

XX XX

¥ sl

APPENDIX B
PROOF OF PROPOSITION[§]

We present the proof of Proposition (8| in the appendix due
to its similarity to the proof of Proposition

) s}

IEEE TRANSACTIONS ON INFORMATION THEORY

We first consider the case 1 < p < 2. Since the dual norm
of || |ls, is || - [[s,., we have the following lower bound on
RC in this case

~ 1
Rne(Hs,) = max —E. sup ZEZ W,V
VieS:HeN,, ¢ ||W|s, <A
1 C A
= max —E., sup (W) V9
VieS:i€Ny. M€ ||W||s, <A Z
nc
= max —E GZVZ (72)
VieS:ieN,, 1 H Z HS
Taking V! = ... = V"¢ and applying the Khitchine-Kahane

inequality further imply
nc

A
mnc(HS ) > ‘I/I}a); —E |Z€z|||v ”S *

_ Amaxien, [|x|2

)

>

max ||V HS =

2nc vie 2ne

where the last identity follows from the following identity for

any V€S
Vlls,. =1Vlls, = (73)

We now turn to the upper bound. It follows from the
relationship Hgs, C Hg,,V1 < p < 2 and that (tr(A)
denotes the trace of A)

Rpe(Hs,) < Rne(Hs,) = max A, I ZQVZHS

Vies:ieN,, NC

Z €6 Vi( Vl

= max
erS:ieNm nc

11 1
A nc
< max — Ztr(Vi(Vi)T)
VieS:ieN,, NC \| =
e o A Zuwum B
VieS:ieN,, NC Vvne

(74)
where the second identity follows from the identity between
Frobenius norm and || || s,, the second inequality follows from
the Jensen’s inequality and the last identity is due to (73).

We now consider the case p > 2. According to the
relationship Hg, C Hg, for all p > 2 and the discussion
for the case p = 2, we know

Roe(Hs,) > Rne(Hs,) > A maxien, [[xill2
2nc
Furthermore, for any W with [|[IW||s, < A we have |[IW||s, <

min{c, d} Ty A, which, combined with (74), implies that
ERnc (j_:rSp )

1 nc

7]E6 su 61 W [/1
Vies§ nc
i " 1~

€5:EN,¢ HWH52< in{c,d} 5 =1

< max

[N

Amax;en, [|x;i]2 min{e, d}éf%

- Vne
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The proof is complete.

APPENDIX C
PROOF OF PROPOSITION

It suffices to check ||[w*[|2,, <1 and (w*,v) = —||v]|2p+.
We consider three cases.

If p = 1, it is clear that [|[w*|l2; < 1 and (w*,v) =
V2 e

If p = oo, it is clear that |[W*|l20c < 1 and (w*,v)
= 2io1 villz = =[[vl2,1.

If 1 <p<oo,itis clear that

i N . e 1
W[l = (3 Ivs 17 /(Y Ivs 15 7) 7 =1
j=1 Jj=1

and
¢ . 1 ¢ *
(whv) == lvills )7 D Iv;lIE = —=Ivllop-
Jj=1 j=1

The proof is complete.
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