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Abstract

This paper studies the generalization performance of multi-class classification al-
gorithms, for which we obtain—for the first time—a data-dependent generaliza-
tion error bound with a logarithmic dependence on the class size, substantially
improving the state-of-the-art linear dependence in the existing data-dependent
generalization analysis. The theoretical analysis motivates us to introduce a new
multi-class classification machine based on £,,-norm regularization, where the pa-
rameter p controls the complexity of the corresponding bounds. We derive an
efficient optimization algorithm based on Fenchel duality theory. Benchmarks on
several real-world datasets show that the proposed algorithm can achieve signifi-
cant accuracy gains over the state of the art.

1 Introduction

Typical multi-class application domains such as natural language processing [1], information re-
trieval [2]], image annotation [3]] and web advertising [4] involve tens or hundreds of thousands of
classes, and yet these datasets are still growing [5]. To handle such learning tasks, it is essential
to build algorithms that scale favorably with respect to the number of classes. Over the past years,
much progress in this respect has been achieved on the algorithmic side [4H7], including efficient
stochastic gradient optimization strategies [S]].

Although also theoretical properties such as consistency [9H11] and finite-sample behavior [1} [12-
15] have been studied, there still is a discrepancy between algorithms and theory in the sense that the
corresponding theoretical bounds do often not scale well with respect to the number of classes. This
discrepancy occurs the most strongly in research on data-dependent generalization bounds, that is,
bounds that can measure generalization performance of prediction models purely from the training
samples, and which thus are very appealing in model selection [[L6]. A crucial advantage of these
bounds is that they can better capture the properties of the distribution that has generated the data,
which can lead to tighter estimates [[17] than conservative data-independent bounds.

To our best knowledge, for multi-class classification, the first data-dependent error bounds were
given by [14]. These bounds exhibit a quadratic dependence on the class size and were used by [12]
and [18] to derive bounds for kernel-based multi-class classification and multiple kernel learning
(MKL) problems, respectively. More recently, [13] improve the quadratic dependence to a linear
dependence by introducing a novel surrogate for the multi-class margin that is independent on the
true realization of the class label.



However, a heavy dependence on the class size, such as linear or quadratic, implies a poor gen-
eralization guarantee for large-scale multi-class classification problems with a massive number of
classes. In this paper, we show data-dependent generalization bounds for multi-class classification
problems that—for the first time—exhibit a sublinear dependence on the number of classes. Choos-
ing appropriate regularization, this dependence can be as mild as logarithmic. We achieve these
improved bounds via the use of Gaussian complexities, while previous bounds are based on a well-
known structural result on Rademacher complexities for classes induced by the maximum operator.
The proposed proof technique based on Gaussian complexities exploits potential coupling among
different components of the multi-class classifier, while this fact is ignored by previous analyses.

The result shows that the generalization ability is strongly impacted by the employed regularization.
Which motivates us to propose a new learning machine performing block-norm regularization over
the multi-class components. As a natural choice we investigate here the application of the proven £,
norm [[19]]. This results in a novel £,-norm multi-class support vector machine (MC-SVM), which
contains the classical model by Crammer & Singer [20] as a special case for p = 2. The bounds
indicate that the parameter p crucially controls the complexity of the resulting prediction models.

We develop an efficient optimization algorithm for the proposed method based on its Fenchel dual
representation. We empirically evaluate its effectiveness on several standard benchmarks for multi-
class classification taken from various domains, where the proposed approach significantly outper-
forms the state-of-the-art method of [20].

The remainder of this paper is structured as follows. Section [2]introduces the problem setting and
presents the main theoretical results. Motivated by which we propose a new multi-class classification
model in Section [3|and give an efficient optimization algorithm based on Fenchel duality theory. In
Section ] we evaluate the approach for the application of visual image recognition and on several
standard benchmark datasets taken from various application domains. Section [5|concludes.

2 Theory
2.1 Problem Setting and Notations

This paper considers multi-class classification problems with ¢ > 2 classes. Let A’ denote the input
space and Y = {1,2,...,c} denote the output space. Assume that we are given a sequence of ex-
amples S = {(z1,y1)s-- -, (Tn,yn)} € (X x Y)", independently drawn according to a probability
measure P defined on the sample space Z = X’ x ). Based on the training examples S, we wish to
learn a prediction rule h from a space H of hypotheses mapping from Z to R and use the mapping
x — argmax,cy h(x,y) to predict (ties are broken by favoring classes with a lower index, for
which our loss function defined below always counts an error). For any hypothesis h € H, the mar-
gin pp, (x,y) of the function h at a labeled example (x,y) is pp(z,y) := h(x,y) —maxy 4, h(z,y’).
The prediction rule & makes an error at (x,y) if pn(z,y) < 0 and thus the expected risk incurred
from using h for prediction is R(h) := E[1,, (z,,)<0]-

Any function h : X x )Y — R can be equivalently represented by the vector-valued function
(hi,...,he) with hj(z) = h(z,j),Vj = 1,...,c. We denote by H := {p;, : h € H} the class
of margin functions associated to H. Let k : X x X — R be a Mercer kernel with ¢ being the

associated feature map, i.e., k(x,Z) = (¢(z), #(Z)) for all z, & € X. We denote by || - ||« the dual
norm of || - ||, i.e., |wl|. := sup 5 <1 (w, w). For a convex function f, we denote by f* its Fenchel

conjugate, i.e., f*(v) := sup,,[(w,v) — f(w)]. Forany w = (w1, ..., w,) we define the {5 ,-norm
by [Wll2p == D5, ||w;||5]*/P. For any p > 1, we denote by p* the dual exponent of p satisfying
1/p+1/p* = 1and p := p(2 — p)~!. We require the following definitions.

Definition 1 (Strong Convexity). A function f : X — R is said to be [3-strongly convex w.r.t. a
norm || - || iff Vo, y € X and Vo € (0,1), we have

flaz+ (1 —a)y) <af(@)+ (1 -a)f(y) - ga(l —a)llz —yl*

Definition 2 (Regular Loss). We call { a L-regular loss if it satisfies the following properties:

(i) £(t) bounds the 0-1 loss from above: £(t) > 1i<o;
(ii) ¢ is L-Lipschitz in the sense |((t1) — £(t2)| < L|t; — to

>



(iii) ((t) is decreasing and it has a zero point ¢y, i.e., £(cg) = 0.
Some examples of L-regular loss functions include the hinge ¢;,(¢t) = (1 — ¢)4 and the margin loss

Lo(t) = Lico + (1 = tp™ Nloci<y,  p> 0. (1)

2.2 Main results

Our discussion on data-dependent generalization error bounds is based on the established method-
ology of Rademacher and Gaussian complexities [21]].

Definition 3 (Rademacher and Gaussian Complexity). Let H be a family of real-valued functions
defined on Z and S = (z1, . .., zn) a fixed sample of size n with elements in Z. Then, the empirical
Rademacher and Gaussian complexities of H with respect to the sample S are defined by

Ro(H) = Eo[sup ~ S oh(z)],  Gs(H) = Eg[ sup — > gih(z)],

heH T 5~ heH T 5~
where o1, ... ,0, are independent random variables with equal probability taking values +1 or —1,
and g1, . .., gn are independent N (0, 1) random variables.

Note that we have the following comparison inequality relating Rademacher and Gaussian complex-
ities (Cf. Section 4.2 in [22]):

s (H) < \/§®S(H) < 3\/2\/1og nRs (), ®

Existing work on data-dependent generalization bounds for multi-class classifiers [12H14}[18]] builds
on the following structural result on Rademacher complexities (e.g., [12], Lemma 8.1):

Rs(max{hy,...,he} by € Hy,j=1,...,c) <> Rs(H;), 3)
j=1
where Hi, ..., H. are c hypothesis sets. This result is crucial for the standard generalization analysis

of multi-class classification since the margin pj involves the maximum operator, which is removed
by (@), but at the expense of a linear dependency on the class size. In the following we show that this
linear dependency is suboptimal because (3)) does not take into account the coupling among different
classes. For example, a common regularizer used in multi-class learning algorithms is r(h) =
25:1 ||h71|3 201, for which the components hy, ..., h. are correlated via a | - ||, regularizer, and
the bound (3)) ignoring this correlation would not be effective in this case [[12-14} [18]].

As a remedy, we here introduce a new structural complexity result on function classes induced
by general classes via the maximum operator, while allowing to preserve the correlations among
different components meanwhile. Instead of considering the Rademacher complexity, Lemma [4]
concerns the structural relationship of Gaussian complexities since it is based on a comparison result
among different Gaussian processes.

Lemma 4 (Structural result on Gaussian complexity). Let H be a class of functions defined on
X xYwithY ={1,...,c}. Let g1, ..., gnc be independent N (0, 1) distributed random variables.
Then, for any sample S = {x1,...,x,} of size n, we have

n

1 (&
st({max{hl,...,hc} ch=(h1,...,he) € H}) < —E, sup ZZg(j_l)n_,_ihj(xi),
" h=(h1,....he)eH ;27 75
“4)

where Eg denotes the expectation w.r.t. to the Gaussian variables g1, . . ., gnec.

The proof of Lemma [ is given in Supplementary Material [A] Equipped with Lemma [ we are
now able to present a general data-dependent margin-based generalization bound. The proof of the
following results (Theorem 5| Theorem [7]and Corollary ) is given in Supplementary Material [B]

Theorem 5 (Data-dependent generalization bound for multi-class classification). Let H C RY*Y
be a hypothesis class with Y = {1,...,c}. Let £ be a L-regular loss function and denote By :=
SUp (. y).1 £(Pr (7, y)). Suppose that the examples S = {(x1,v1), ..., (%n,yn)} are independently



drawn from a probability measure defined on X x Y. Then, for any § > 0, with probability at least
1 — 6, the following multi-class classification generalization bound holds for any h € H:

1 - 2L21 log 2
- ph wnyz +—F sup g ntill + 3By )
g n gh:(hl,.., )EH;; G=0nihs (1) 2n

3

where g1, . .., gnc are independent N (0, 1) distributed random variables.
Remark 6. Under the same condition of Theorem [5] [12] derive the following data-dependent
generalization bound (Cf. Corollary 8.1 in [12]):

n

R(h) Ze pn(wi,yi)) + —%({x — h(z,y):y € V,h € H}) + 3B,

=1

log %
2n

This linear dependence on c is due to the use of (3). For comparison, Theorem [5] implies that the
dependence on c is governed by the term ) ", 25:1 9(j—1)n+ihj(x;), an advantage of which is that
the components hq, . .., h. are jointly coupled. As we will see, this allows us to derive an improved
result with a favorable dependence on ¢, when a constraint is imposed on (hyq, ..., he). O

The following Theorem [7] applies the general result in Theorem [5 to kernel-based methods. The
hypothesis space is defined by imposing a constraint with a general strongly convex function.

Theorem 7 (Data-dependent generalization bound for kernel-based multi-class learning algorithms
and MC-SVMs). Suppose that the hypothesis space is defined by

H:=Hyppy = {h" = (W1, 0(2)), .. (we, ¢(2))) = f(w) <A},

where f is a 3-strongly convex function w.r.t. a norm ||-|| defined on H satisfying f*(0) = 0. Let { be
a L-regular loss function and denote By := sup, ) , £(pn(x,y)). Let g1, ..., gnc be independent
N(0,1) distributed random variables. Then, for any 6 > 0, with probability at least 1 — 0 we have

1 - 4L | A - 2 log§
g g phW i, yz + n ?Eg Z:ZI H (g(jfl)nJrid)(mi))j:l . + 3B 2

We now consider the following specific hypothesis spaces using a || - ||2,,, constraint:
Hyn o= {0 = (W1, 6(@)), o, (Wer6(2) : [Wllap <A}, 1<p<2 (5)

Corollary 8 (¢,-norm MC-SVM generalization bound). Let ¢ be a L-regular loss function and
denote By := sup(, ) , £(pn(z,y)). Then, with probability at least 1 — 0, for any h™ € H, y the
generalization error R(h™) can be upper bounded by:

1 & [log 2
= U ppw (24, 13))+3By | —2
n; (pnw (s, i) +3B 5t

Remark 9. The bounds in Corollary [§| enjoy a mild dependence on the number of classes. The
dependence is polynomial with exponent 1/p* for 2 < p* < 2log ¢ and becomes logarithmic if p* >
2log c. Even in the theoretically unfavorable case of p = 2 [20]], the bounds still exhibit a radical
dependence on the number of classes, which is substantially milder than the quadratic dependence
established in [12} |14} 18] and the linear dependence established in [[13]]. Our generalization bound
is data-dependent and shows clearly how the margin would affect the generalization performance
(when £ is the margin loss £,,): a large margin p would increase the empirical error while decrease
the model’s complexity, and vice versa. [

Veldloge)tamee  ifp* > 2loge,
*)14"»# L

cr*, otherwise.

2.3 Comparison of the Achieved Bounds to the State of the Art

Related work on data-independent bounds. The large body of theoretical work on multi-class
learning considers data-independent bounds. Based on the /,,-norm covering number bound of
linear operators, [15]] obtain a generalization bound exhibiting a linear dependence on the class size,

which is improved by [9] to a radical dependence of the form O(n =2 (log 2n) \[) Under conditions



analogous to Corollary [8] [23]] derive a class-size independent generalization guarantee. However,
their bound is based on a delicate definition of margin, which is why it is commonly not used in the
mainstream multi-class literature. [1]] derive the following generalization bound

E P log (1 + Z eP(P*(VVy*vAVgﬁ(z))))} < HEIfI‘LIE F log (1 + Z ep(ﬂ*<wy7wg~,¢(z)>))
b 97y v b 7Y

o wlza] +
2(n+41)" 122

QSupa:E; k(x,x) ©)
n

where p is a margin condition, p > 0 a scaling factor, and A a regularization parameter. Eq. (6) is
class-size independent, yet Corollary [§] shows superiority in the following aspects: first, for SVMs
(i.e., margin loss £,), our bound consists of an empirical error (£ Y°" | ¢, (ppw (x;,;))) and a com-
plexity term divided by the margin value (note that L = 1/p in Corollary . When the margin
is large (which is often desirable) [[14], the last term in the bound given by Corollary [§] becomes
small, while—on the contrary—-the bound (6) is an increasing function of p, which is undesirable.
Secondly, Theorem [7] applies to general loss functions, expressed through a strongly convex func-
tion over a general hypothesis space, while the bound (6)) only applies to a specific regularization
algorithm. Lastly, all the above mentioned results are conservative data-independent estimates.

Related work on data-dependent bounds. The techniques used in above mentioned papers do not
straightforwardly translate to data-dependent bounds, which is the type of bounds in the focus of
the present work. The investigation of these was initiated, to our best knowledge, by [[14]: with the
structural complexity bound (3) for function classes induced via the maximal operator, [[14] derive a
margin bound admitting a quadratic dependency on the number of classes. [12] use these results in
[14] to study the generalization performance of MC-SVMs, where the components h;, ..., h. are
coupled with an || - ||2,,, p > 1 constraint. Due to the usage of the suboptimal Eq. (3), [12] obtain
a margin bound growing quadratically w.r.t. the number of classes. [[18] develop a new multi-class
classification algorithm based on a natural notion called the multi-class margin of a kernel. [18]]
also present a novel multi-class Rademacher complexity margin bound based on Eq. (3)), and the
bound also depends quadratically on the class size. More recently, [[13] give a refined Rademacher
complexity bound with a linear dependence on the class size. The key reason for this improvement
is the introduction of pg , := miny cy[h(z, y) —h(z,y’)+01, =,] bounding margin p;, from below,
and since the maximum operation in py j, is applied to the set ) rather than the subset ) — {y; } for
Pn, one needs not to consider the random realization of y;. We also use this trick in our proof of
Theorem [5} However, [13]] fail to improve this linear dependence to a logarithmic dependence, as
we achieved in Corollary [8] due to the use of the suboptimal structural result (3).

3 Algorithms

Motivated by the generalization analysis given in Section [2] we now present a new multi-class
learning algorithm, based on performing empirical risk minimization in the hypothesis space (3).
This corresponds to the following £,-norm MC-SVM (1 < p < 2):

Problem 10 (Primal problem: ¢,-norm MC-SVM).
] 1 c % n
min = 3 [[wj 5] " + Y e(ta),
j=1 i=1

s.tt; = (wy,, o(z;)) — max(wy, o(z;)),
Y#£Yi

(P)

For p = 2 we recover the seminal multi-class algorithm by Crammer & Singer [20] (CS), which is
thus a special case of the proposed formulation. An advantage of the proposed approach over [20]
can be that, as shown in Corollary 8] the dependence of the generalization performance on the class
size becomes milder as p decreases to 1.

3.1 Dual problems

Since the optimization problem (P) is convex, we can derive the associated dual problem for the
construction of efficient optimization algorithms. The derivation of the following dual problem is
deferred to Supplementary Material [C| For a matrix ¢ € R™*¢, we denote by «; the i-th row.
Denote by e; the j-th unit vector in R€ and 1 the vector in R® with all components being zero.



Problem 11 (Completely dualized problem for general loss) The Lagrangian dual of (10) is:

—1)

sup  — 7[2 H Zam(b T; H } [ OZé* oz,y1 N

GRTLXL
S.L. aijSO AN a;-1=0, Vj;éyi,z:L...,n

Theorem 12 (REPRESENTER THEOREM). For any dual variable oo € R™*€, the associated primal
variable w = (w1, ..., W.) minimizing the Lagrangian saddle problem can be represented by:

Z H Za1]¢ «rz || ZO{Z]¢ xz ||P _2 ZQ7J¢ .Tz

For the hinge loss éh(t) = (1 — t)4+, we know its Fenchel-Legendre conjugate is ¢} (t) = t if
—1 <t < 0and o elsewise. Hence é;(—ag" ) = —a% if —1 < —a% < 0 and oo elsewise. Now
we have the following dual problem for the hinge loss function:

Problem 13 (Completely dualized problem for the hinge loss (£,-norm MC-SVM)).

2(p—1)

sup —{ZHZ%M IE] Y

(7

acERnXxc

s.t.aigeny ANa;-1=0, Vi=1,...,n

3.2 Optimization Algorithms

The dual problems (D) and (7)) are not quadratic programs for p # 2, and thus generally not easy to
solve. To circumvent this difficulty, we rewrite Problem[I0]as the following equivalent problem:

[[w; I3 -
mln Z Qé] 2 +C’;€(tz) N
S.t. t’L S <W1/13¢(xz)> - <Wy,¢($i)>, Yy 7& y’ul = ]-7 RN L2

The class weights 1, ..., . in Eq. (§) play a similar role as the kernel weights in £,-norm MKL
algorithms [19]. The equivalence between problem (P) and Eq. (8] follows directly from Lemma 26
in [24]], which shows that the optimal 3 = (531, ..., 8.) in Eq. (8) can be explicitly represented in
closed form. Motivated by the recent work on £,-norm MKL, we propose to solve the problem (8]
via alternately optimizing w and 3. As we will show, given temporarily fixed 3, the optimization
of w reduces to a standard multi-class classification problem. Furthermore, the update of 3, given
fixed w, can be achieved via an analytic formula.

Problem 14 (Partially dualized problem for a general loss). For fixed 3, the partial dual problem
Jfor the sub-optimization problem ) w.r.t. w is

sup **Zﬂjnzamﬁbxi ||2 ng* alyl

aERnXxe (9)
S.Z‘.OéijSO/\ai'].:O, VJ#yi,ZZL...,
The primal variable w minimizing the associated Lagrangian saddle problem is
n
=B ) aio(xi). (10)
i=1

We defer the proof to Supplementary Material [C} Analogous to Problem [I3] we have the following
partial dual problem for the hinge loss.

Problem 15 (Partially dualized problem for the hinge loss (£,-norm MC-SVM)).

sSup f ZB]HZOQJ(ZS xz H2+2a1y1

s.t.aigeyi~C’ A ai~1:0, Vz:l,...,

(1)



The Problems [T4] and [T5] are quadratic, so we can use the dual coordinate ascent algorithm [25] to
very efficiently solve them for the case of linear kernels. To this end, we need to compute the gradient
and solve the restricted problem of optimizing only one «;, Vi, keeping all other dual variables
fixed [25]]. The gradient of f can be exactly represented by w:

of d
Doy =B ) gkl ap) + Lymj = Lymj — (W, 6(2)). (12)
i=1
Suppose the additive change to be applied to the current «; is do;, then from (I2)) we have
(& 8f 1 c )
f(al, e a1, 05 + 0ay, Qg lyenny Oén) = 6ai7 - = Z Bjk’(.ﬁi, 331)[(504”] -+ const.
= 8&@‘ X 2 =

Therefore, the sub-problem of optimizing d«; is given by

1 C 2 C
ol igﬁjk(:’”’xi)[éa”} +; Ba; 0 (13)

st.da; < ey, -C—o; A doy;-1=0.

We now consider the subproblem of updating class weights 3 with temporarily fixed w, for which
we have the following analytic solution. The proof is deferred to the Supplementary Material [C.T}

Proposition 16. (Solving the subproblem with respect to the class weights) Given fixed w, the
minimal B; optimizing the problem (§)) is attained at

p—2

8 = |wj||§-P(Z ||w;|§) . (14)
j=1

The update of §; based on Eq. requires calculating ||w;||3, which can be easily fulfilled by
recalling the representation established in Eq. (T0).

The resulting training algorithm for the proposed ¢,,-norm MC-SVM is given in Algorithm|l| The
algorithm alternates between solving a MC-SVM problem for fixed class weights (Line 3) and up-
dating the class weights in a closed-form manner (Line 5). Recall that Problem [TT] establishes a
completely dualized problem, which can be used as a sound stopping criterion for Algorithm|[I]

Algorithm 1: Training algorithm for £,,-norm MC-SVM.

input: examples {(z;, y;)"_, } and the kernel k.

initialize 5; = {/1/c,w; =0forallj=1,...,c

while Optimality conditions are not satisfied do
optimize the multi-class classification problem (9)
compute ||w,||3 forall j = 1,..., ¢, according to Eq.
update §; forall j = 1,..., ¢, according to Eq. (14)

end

4 Empirical Analysis

We implemented the proposed £,-norm MC-SVM algorithm (Algorithm 1) in C++ and solved the
involved MC-SVM problem using dual coordinate ascent [25]. We experiment on six benchmark
datasets: the Sector dataset studied in [26], the News 20 dataset collected by [27]], the Rcv1 dataset
collected by [28], the Birds 15, Birds 50 as a part from [29] and the Caltech 256 collected by
griffin2007caltech. We used fc6 features from the BVLC reference caffenet from [30]. Table
gives an information on these datasets.

We compare with the classical CS in [20], which constitutes a strong baseline for these datasets
[25]. We employ a 5-fold cross validation on the training set to tune the regularization parameter
C by grid search over the set {2712, 2711 . 212} and p from 1.1 to 2 with 10 equidistant points.
We repeat the experiments 10 times, and report in Table 2] on the average accuracy and standard
deviations attained on the test set.



Dataset | No. of Classes | No. of Training Examples | No. of Test Examples | No. of Attributes
Sector 105 6,412 3,207 55,197
News 20 20 15,935 3,993 62,060
Revl 53 15, 564 518,571 47,236
Birds 15 200 3,000 8, 788 4,096
Birds 50 200 9,958 1,830 4,096
Caltech 256 256 12,800 16, 980 4,096
Table 1: Description of datasets used in the experiments.
Method / Dataset Sector News 20 Revl Birds 15 Birds 50 | Caltech 256
{p-norm MC-SVM [94.204+0.34|86.19+0.12(85.744+0.71|13.73+1.4|27.86+0.2({56.00+1.2
Crammer & Singer| 93.8940.27 | 85.124+0.29 | 85.214+0.32 | 12.53+£1.6 | 26.28+£0.3 | 54.96+£1.1

Table 2: Accuracies achieved by CS and the proposed £,,-norm MC-SVM on the benchmark datasets.

We observe that the proposed £,-norm MC-SVM consistently outperforms CS [20] on all considered
datasets. Specifically, our method attains 0.31% accuracy gain on Sector, 1.07% accuracy gain on
News 20, 0.53% accuracy gain on Revl, 1.2% accuracy gain on Birds 15, 1.58% accuracy gain on
Birds 50, and 1.04% accuracy gain on Birds 15. We perform a Wilcoxon signed rank test between
the accuracies of CS and our method on the benchmark datasets, and the p-value is 0.03, which
means our method is significantly better than CS at the significance level of 0.05. These promising
results indicate that the proposed £,-norm MC-SVM could further lift the state of the art in multi-
class classification, even in real-world applications beyond the ones studied in this paper.

5 Conclusion

Motivated by the ever growing size of multi-class datasets in real-world applications such as im-
age annotation and web advertising, which involve tens or hundreds of thousands of classes, we
studied the influence of the class size on the generalization behavior of multi-class classifiers. We
focus here on data-dependent generalization bounds enjoying the ability to capture the properties of
the distribution that has generated the data. Of independent interest, for hypothesis classes that are
given as a maximum over base classes, we developed a new structural result on Gaussian complex-
ities that is able to preserve the coupling among different components, while the existing structural
results ignore this coupling and may yield suboptimal generalization bounds. We applied the new
structural result to study learning rates for multi-class classifiers, and derived, for the first time, a
data-dependent bound with a logarithmic dependence on the class size, which substantially outper-
forms the linear dependence in the state-of-the-art data-dependent generalization bounds.

Motivated by the theoretical analysis, we proposed a novel £,-norm MC-SVM, where the parameter
p controls the complexity of the corresponding bounds. This class of algorithms contains the classi-
cal CS [20] as a special case for p = 2. We developed an effective optimization algorithm based on
the Fenchel dual representation. For several standard benchmarks taken from various domains, the
proposed approach surpassed the state-of-the-art method of CS [20] by up to 1.5%.

A future direction will be to derive a data-dependent bound that is completely independent of the
class size (even overcoming the mild logarithmic dependence here). To this end, we will study more
powerful structural results than Lemma [4] for controlling complexities of function classes induced
via the maximum operator. As a good starting point, we will consider £,,-norm covering numbers.
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Supplementary Material

A Proofs of Structural Results on Gaussian Complexities

Our discussion on complexity bound is based on the following comparison result of Gaussian pro-
cesses due to [1]].

Lemma A.1 (E.g., Theorem 1 in [2]). Let {Xy : § € ©} and {Yo : 0 € O} be two mean-zero
separable Gaussian processes indexed by the same set © and suppose that
E[(Xo — X5)°] <E[(Do —Vp)’], V6,0 € 0. (A1)

Then,

E[sup Xq] < E[sup Q).
0c6 6o

Proof of Lemmald] Define two mean-zero separable Gaussian processes indexed by the finite di-
mensional Euclidean space {(h(z1),...,h(zy)) : h = (h1,...,h.) € H} (for simplicity, we use
here the index h to denote (h(x1),...,h(z,)))

Xp = Zgi max{hy(z;), ha(x;), ..., he(z;)},

Dn =Y > gi-vnihj(x:),  VheH.
i=1 j=1

For any h = (hq,...,h.),h = (hy,...,h.) € H, the independence of the g; and the equalities
Eg? = 1 imply that

n

E[(X, — X3)%] = Z [ max{hy(z;),. .., he(z;)} — max{hy(z;),. .., ﬁc(xi)}]Q

i=1

(A.2)
E[(Dn ~ V3)%] ZZm 2i) = hy(a)[.
i=1 j=1
Forany a = (ay,...,a.),b = (b1,...,b.) € RE, it can be directly checked that
| max{a,...,a.} — max{by,...,b.}| < max{|a; — bi|,...,|ac — bc|} < Z la; — bi|. (A.3)

=1

Applying the above inequality with @ = (hy(z;),. .., he(z5)),b = (hi(x;),... he(xi)),i =
1,...,n, yields directly the following bounds relating the increments of the two Gaussian processes

Xn, Dn:

E[(%, — %3)%] B Y [max{hu (@), ..., he(@i)} — max{fi (@), ..., he(x)}]?

-

Il
i

@ max{[hn (1) — Fa(@), . hels) — Foles) Y

'MS

Il
—

ax{|h1 IL', }_11(177)|2,7‘h(.(f£1) 77L((I7)|2}

=

SOS T by - by B9 - 25)2, VR e H.

i=1 j=1

G|

That is, the condition (A.T) holds and therefore Lemma [A.T| can be applied here to yield the stated
result. -



The following structural lemma regarding the Gaussian complexity of simplistic multi-class hypoth-
esis spaces (not involving any argmax operator) will be used further below in the proof of Theorem

Lemma A.2. Let H be a class of functions defined on X x Y with Y = {1,...,c}. Let
S ={(z1,y1),-- -, (Tn,Yn)} be a sequence of examples. Let g1, ..., gnc be independent N(0,1)
distributed random variables. Then the empirical Gaussian complexity of H can be controlled by:

65(H)S%Eg ZZQ] 1n+z )

h=(hy,..., h)€H71]1

Proof. Define two Gaussian processes indexed by [ :

X, = Zgzhyz(xz)> Q.)h = ZZQ(J 1) ”+Z z) Vh € H.
=1

=1 j=1

For any h, h € H, it is obvious that
n

E[(Xn — X3)%] = Y[y, (2:) = hy, (@)

%

IN

1
[(ha(zi) = ha(z0))® + - + (he(as) — he(@:))?]
1
=E[(Dn — D5)*].
Now the stated inequality follows directly from Lemma[A.T] O

=

!

B Proof of Generalization Bounds for Multi-class Classification

B.1 Proof of Generalization Bound for General Multi-Class Classification (Theorem [3)

One of the main results of this paper is proved in this section. We first give a concentration inequality
attributed to [3]].

Lemma B.1 McDiarmid inequality [3]). Let Z1, ..., Z, be independent random variables taking
values in a set Z, and assume that f : Z"™ — R satisfies

_ sup |f(z1, yzn) = f(21, s 2h—1, Zhy Zht1s 0 5 20)| S (B.1)
sez
for 1 < k < mn. Then, for any 0 < 0 < 1, with probability at least 1 — 6 we have
c2log(1/é
f(Z1,.... 2,) <Ef(Z1,.... 20 \/Zk 16 10g(1/9),

Proof of Theorem[8l For any # > 0, introduce the following function bounding pp,(z,y) from
below:

po.n(x,y) = h(z,y) —max[h(z,y') — 01,—,] = min[h(z,y) — h(z,y’) + 01,—,].
y' ey y' ey

It can be checked that pg p,(z,y) = min(pn(x,y),d). Introduce two function classes derived from
PO,h: . .
Hp={pon(z,y) :he€ H},  LoHy={l(pon(z,y)):heH}
According to the definition of L-regular loss function and the relationship pg 5, < pp,, we have
R(h) =E[l,,(x,y) < 0] <E[l,, ,(x,v) < 0] <E[l(psn(X,Y))],
which, together with McDiarmid inequality [3]] and the symmetrization technique (e.g., Theorem
4.4 in [4]), yields the following inequality

1< N log 2
R(R) < =3 Upo.u(ws, i) +2Rs (£ Ho) + 3B, an(;’ VheH (B.2)

i=1




with probability at least 1 — 4.

For the fixed parameter 0 = ¢,, we observe that pg ,(z,y) = min(ps(z,y), ce). If pp(z,y) > co,
the definition of L-regular loss implies that

Upo.n(x,y)) = l(ce) = 0= Lpn(2,y)).
Otherwise, we have pg (x,y) = pn(z,y). Therefore, for any (x,y) we have {(pgn(z,y)) =
2(pn(z,y)), which, coupled with the Lipschitz property of ¢ and Eq. (B.2), yields the following
inequality with probability at least 1 — §:
R(h)<lzn:€( (zi,9:)) + 2LRs(Hy) + 3B 25 hen (B.3)
= Pr\Ti,Yi S (4 0 m . .

i=1

The Rademacher complexity of Efg satisfies the following inequality:

%S(ﬁ;) = 7E [ sSup Z Uz xu yz gleaj})((h(xiv y) - ely:yz))]

heH %
< 7E 5 + ]E |: h iY) — 91 =Yi
<- sggzaz i, i) ,éggZoz max(h(i, y) = 01y=y.)
1
< \/7055( )—l—fHEEq[ su Zglmax ha(z;) — 01y,=1, ..., he(zs) — 01y,=c) |,
nV 2 “l_n,.., h VeH i ' '

B4
where the last step follows from the relationship between Gaussian and Rademacher processes ex-
pressed in Eq. (2)). Furthermore, according to Lemmaf] the last term of the above inequality can be
addressed by

Egl sup Zgl max{hi(x;) — 01ly,=1,..., he(z;) — 01y,=c}]
h:(hlp. )EH’L 1
Lemma [
Eq ZZQ(J Dnti(hy(2:) = 01y, =)
h= )EH 1] f
= IEg sup ZZQ] 1)n+z gzzgj 1)n+191y,—]
h:(hl, h)EH’L 1j=1 =1 j5=1

=0

=Eg sup Z Zg G—1yntili (i)

h=(h1,...,hc)€H ; i=1j=1
With this inequality and using Lemma to tackle g(H ), we immediately derive the following
bound on Rs(Hp):

—~ V2T
mS(HG) < 7]Eg sup ZZQ(J 1)n+z )

n h=(h1,....he)E€H ;27 529

Plugging this Rademacher complexity bound back into Eq. (B.3), we obtain the stated result. [

B.2 Proof of Generalization Bound for Kernel-Based Multi-Class Classification and
MC-SVMs (Theorem 7))

To apply Theorem 5| we need to control the term sup,e g > ;g D51 9(j—1)ntilj(2i), which we
tackle by the following lemma due to [3].

Lemma B.2 (Corollary 4 in [3])). If f is 5-strongly convex w.r.t. || - || and f*(0) = O, then, for any

sequence v1, . . . , Uy and for any p we have
n

Z<7}i,ﬂ> SZ vf Ulz 1 Uz 262”“%”

i=1
where v1.; denotes the sum Zj:l vj



Proof of Theorem[7l For the hypothesis space H and any A > 0, applying Lemma [B.2] with y =
(W1,...,we) and v; = AN(gid(24), Gn+id(Xi), - - - Gle—1)ntiP(xi)), We have

A sup ZZQ(] 1)n+1 xz = Sup ZZQ(] 1)n+i ij)\qb(xz»

hveH =5 5 hWGHZ =t

n

= s D (Wi We)y (AGi(20)s A i (), - Aoy i ()
=1

< sup f(wi, ..o, Wo) + Y (T (0ro1),vi) + 2% D 1Gid @), gntid (@), - - Gem1ynsi(@:)) |2
i=1 i=1

hwecH

Taking expectation on both sides w.r.t. the Gaussian variables ¢1,...,0gne, the term
S (Vf*(v1:-1), v;) vanishes, and therefore we obtain

(& A )\ n
Eg sup ZZQ; Dntihy (@) < X""ﬁZE9||(gi¢('ri)agn+i¢(xi)v---vg(cfl)n+i¢($i))”z'
=1

LweHl 1j5=1

: _ 2BA . .
Choosing A = \/E?:1 o [ (7 oy N 7y N TS )1 the above inequality translates to

20
g sup Z Zg (G— 1)n+z ’L) < ? ZEQ||(91¢(mz)ugn+z¢(xz)7 R 7g(c—1)n+i¢(xi))”z-
i=1

hweH (=5 i

Putting the above complexity bound into Theorem[5] we obtain the stated result. O

B.3 Proof of Generalization Bound for /,-norm Multi-class SVMs (Corollary

The following simple lemma controls the p-th moment of a N (0, 1) distributed random variable. We
give the proof here for completeness.

Lemma B.3. Let g be N(0,1) distributed. For any p > 0, the p-th moment of g can be bounded by
[Elgl]> < (2p)3*

Proof. Let¥n € Ny : I'(n) = (n — 1)! be the Gamma function. The p-th moment of a N (0, 1)
distributed random variable can be exactly expressed via Gamma function [6]:

25 p+1 25 p+1
E|g|P = =T < r([—
g" = 2T (7)< AP
25 p—1 2% p—1_rp-17,1
=—= N < =Vor[———]"7 1"z
N VT 2
< (2p)%*

where in the above deduction we have used Stirling’s approximation [[7]:
n! < v otz e nt1/(12n)

O

Proof of Corollary[8] Let g1,...,gn. be independent N (0, 1) distributed random variables. De-

note by 7, = [E|g1|*]* the sth moment of a N(0,1) distributed random variable. Let ¢ be any

number satisfying p < ¢ < 2. Introduce the function folw) = %||w||§q Any bV € H, 5 satisfies
the inequality

1, 1,

falw) = lIwl3, < 3A%

Since f,(w) is 1/¢*-strongly convex w.r.t. the norm || - ||2,4, and the dual norm of || - ||2 4 is || - ||2.
(Cf. section 4.2 in [§]]), the summation of the squared dual norm in Theorem can be rewritten as




follows:

n
2
a

ZEgH(gid)(Ii)a---,g(c Dnti®(@i)|[5, 4 = Z Z l9G-1ynrid(xi)ll3 | ©
i=1 j=1

Z z 19G-1)n+il " ] ‘%k(xz,ﬂﬂz)
poc it
g[Sl k)
j*l i=1

Jensen

< cr 72 Zk Xy T;).

From which Theorem [7|immediately implies the following bounds, with probability at least 1 — ¢
and for any A" € Hy 4:

ALAM T 1y | gt & log 2
§ Cpnw (i, i) 7@( % E k(i x;) + 3By 2n5'
i=1

From the trivial inequality ||w||2
for any h™ € Hj, a, we have

2.p > ||W]|2,4, we immediately conclude Hy, o C H, o. Therefore,

2
log 5
2n

1 2": + inf ALACM T 7,
n £ Ph“’ Izayz pg;gz n

Tq* —

It can be directly checked that the function ¢t — +/tc'/* is decreasing along the interval (0,2logc)
and increasing along the interval (2log ¢, c0). Therefore, the above generalization bound satisfies
the inequality

n

ROM) < 3 Hpw (i) + 3B,

=1

{\/26 log cto10gc, ifp* > 2loge,

N .
P Tpe /P, otherwise.

Applying Lemma [B.3|to bound the moments of Gaussian variables, the stated result follows imme-
diately. O

C Proofs on the Dual Problems

C.1 Equivalent Representation of /,-norm Multi-class Classification

The equivalence between Problem (P) and Eq. (8 follows directly from the following lemma due to
191
Lemma C.1 ([9]). Leta; > 0,7 € Ngand 1 < r < oo. Then

1+
. a; _r_
min E == ( E a[“)
. ,

n:n; 20,ZieNd nr<1 ey

and the minimum is attained at




Proof of Proposition[I6] Fixing w, the sub-optimization of Eq. (8) w.r.t. B is

[[w; 113
m n
Z 25,
s.t. ||5H;5 <Lp=p2-p) "5 >0
The stated result now follows directly by applying Lemma C.1|with r = p and o; = ||w;||3. O
C.2 Derivation of the Completely Dualized Problem (Problem [11)
Derivation of Problem[I1l Problem (P) translates to the following equivalent problem
) 1 c % n
min o[ Y wll5] " + €t
j=1 i=1
s.it.t; < <Wy77¢(xl)> - <wya ¢(x1)>7 Yy 7£ yivi = ]-7 ey n

The Lagrangian of the above convex optimization problem is

_ % [0 Iwslg] ™+ 0Dttt + 303 it + (s 6(1)) — {wy, 6(2))),
j=1 i=1

=1 j#y;

with Lagrangian variables 0 < & € R™*(¢~1)_ For the last term of the Lagrangian, we have the
following identity:

ZZa” — Wy, () ZZQM (W, d(x;)) ZZa (Wy,, o(z:))

(C.1)

i=1 j#y; i=1 jF#y; i= 1]7$y1
(&
LTI SR AESIES D Dl SLMIITEN Wrers
Jj=1 iy #J J=1luyi=j j#5
(&
=2 (Wi D Gudlw) = 3, D age(n)
Jj=1 LY #J LYi=] j#£j

With this identity, the Lagrangian translates to

[anjnp] +ij,za”¢xz S S dso()

iy £ VYi=] j#£j

n 1 .
C’Z[f(ti) +5 Z a;5ti]. (C3)
=1 J#Yi
According to the definition of Fenchel conjugate function, it holds that

2

e[S S X o - 5 g

J=1 Jj=1 By £] BYi=] j#£j
_ C;sgp[—ﬂ(ti) — j;yi é&iﬂ'ti]
- S e X Sage) L)
Ly FJ GYi=] j£j
S TR Yy
_Cizzlé ( C#yi%])
=51 ( X awotwn - X Fagewa) [ . —cze* =3 aw),
iy #£j LYi=] j#5 J#yi

(C4)



where in the last step of the above deduction we have used the identity: (1| -[[>)" = 1||-|| and the
fact that the dual norm of | - ||2,, is || - [|2,_2_. Consequently, the dual problem becomes
b 2(p—1) n 1
sup —‘*[E:H > ayole) — Y Sage@)|iT] D IACED I}
GeRnx (=D PR iyi=] joAj i=1 i

s.t.a > 0.

Introducing av € R™*€ via the substitution:

Qi = i - 1 ‘7 7y (C.5)
Vi G5 1T =i

we have
S aio(@) = Y Y agda) =— Y aie(z) - Y ),  (C6)
iy #J iyi=J j+£j iy #j iy =j
from which the stated dual problem follows directly. O

C.3 Proof of the Representer Theorem (Theorem [12)

Let Hy,..., H.be cHilbert spaces and p > 1. Define the function g, (v1,...,v.) : Hi x---xH, —
R by

1
gp(V1,. .., 0c) = 5”(111, ... ,vc)||§7p, p>1.
Lemma C.2. The gradient of gy, is

dg (vl —2
p’—’ le?fll sl

Proof. By the chain rule, we have
9gp(v1, - .-, ve 7—13 vj,v]>§
S T Z oy 157~ St

Vi,V p_
Zn #ﬁm,w !
J

2_1 _92
[ZHv;Hg]p [0 115 0.
j=1

O

Proof of Representer Theorem (Theorem[12). In our derivation of the dual problem (see Eq.
(C4)), the variable w should meet the optimality in the sense that

1 C 2 c n
w = argmgx—i[zl ;1817 + Zl<vj,§;aij¢<x
J= J= =

Since (7 f)~! = 7 f* for any convex function f, and the Fenchel-conjugate of g,, is g,+, we obtain
the following representation of w:

w =Yg, (Zaﬂ(ﬁ Zi), Zaw¢ x;) )
= Vgp (Zall¢ xl . Zazc¢ 1'7. )
Z | Zazj¢ Li ”2 (H Z ai19( Iz ’p 72 Zaz1¢ 7- .. || Zazcﬁﬁ(x?)HZ*iQ[Z azc¢(xz)]>
= i=1 i=1



That is,

= [Z I Z aijé(l’i)ng*] O | Z aio(x;) ||§*_2 [ Z ()]

C.4 Derivation of Partially Dualized Problem (Problem [14)

Derivation of Problem[14l The Lagrangian of the problem (§) w.r.t. w is

r— Z ||ij2 F O Ut + D03 dj(ti+ (wy p(a)) — (W, 6(:)),
i=1 i=1 jty:

with Lagranglan variables 0 < & € R?*(¢=1),

According to the identity (C.2)), the Lagrangian translates to

Z ||WJH2 +Z<Wﬂ" Z & d(xs) Z ZO‘U é(z:))
j=1

LY FJ LYi=] j#£j
n 1 }
C Y let:) + o > agt]. (€O
i=1 i
According to the definition of Fenchel conjugate function, it holds that

mie == [ s (= glhwll = (w55 3 dsole) = 30 3 agote)]

j=1 1Y #J LYi=] j£j
— CZsup[—f(ti) — Z édijti]
i=1 % iy
“rigl - 1 3
== [gb“ﬁj( Y dydle) — Y Y dgée)ll; } } SONACFDIET)
j=1 " Y FJ BYi=J j#£j =1 JF#Yi

_%ZﬁjH Z a23¢ Z ZOE;(Z)(QJ) z_czg*(_ézdij)’

LY FE] GYi=] j#£j i=1 £y

where in the last step of the above deduction we have used the identity: (3| -||?) f = 11-112 and the

fact that the dual norm of || - ||2 2 is itself. Consequently, the dual problem becomes
1 c n X 1 .
BRI 31 DOE RIS 35 SRS S CES SN}
GERnX (e~ j=1 iy #Eg Byi=] j£4 i=1 Iy

s.t. & > 0.
Introducing o € R™*¢ as in Eq. (C.3) and noticing the identity (C.0), the above dual problem

becomes
sup - — Z@HZ%W HQ_CZE* am

aERnXe

(C.8)
s.t.Zaij:O, Vi=1,2,...,n,

Ctijéo, ]#yl,VZZI,,n
Note that in the above derivation of the dual problem, the variable w should meet the optimality in

the sense that
1 C 2 C n
w=argmx =g 3l + 3 Bife D il
Jj= = =

The representer theorem stated in Problem|[I4]follows directly from this optimization condition. [



D Note on Used Features for Caltech256 and UCSD birds

For the purpose of having features, we took the features from a fc6 layer of the BVLC reference
caffenet [10] computed for all images from the UCSD birds dataset [11] and Caltech256 [12]. Note
that we neither used fc7 or fc8 layers, nor did we perform finetuning. Images were warped [13] so
that they fitted into the quadratic reception field. As the goal was not on maximizing performance
but comparing learning machines we resorted to computing one feature per image at training and test
time without using the large number of region proposals which yield state of the art in fine-grained
classification tasks [[14], or mirroring and detection-like approaches like the 500 windows per image
as in [[15]).

E Execution Time Experiments

This section report the training time of the classical CS [[16] and the proposed ¢,-norm MC-SVM
on the benchmark datasets. We repeat the experiments 10 times and report the average as well as
standard deviation (in seconds) in Table [E.T} For our method, the result is for the single p selected
via cross-validation.

Method / Dataset Sector News 20 Birds 15 Birds 50
£p-norm MC-SVM [4914 4 64.7|3894 £+ 71.1{912.6 £ 22.1{518.4 + 34.8
Crammer & Singer|3442 + 91.8(2227 +43.7|701.7 £ 50.6|314.1 £ 17.1

Table E.1: Training time for the classical CS and the proposed £,-norm MC-SVM on the benchmark
datasets.

From Table [E.I] we see that our method needs longer training time than CS, but the increase is not
that large and 1s well compensated by its improvement on accuracies.
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