
Probabilistic Multi-label Classification with Sparse Feature Learning

Yuhong Guo and Wei Xue
Department of Computer and Information Sciences

Temple University
Philadelphia, PA 19122, USA

Abstract

Multi-label classification is a critical problem in
many areas of data analysis such as image labeling
and text categorization. In this paper we propose a
probabilistic multi-label classification model based
on novel sparse feature learning. By employing an
individual sparsity inducingℓ1-norm and a group
sparsity inducingℓ2,1-norm, the proposed model
has the capacity of capturing both label interdepen-
dencies and common predictive model structures.
We formulate this sparse norm regularized learn-
ing problem as a non-smooth convex optimization
problem, and develop a fast proximal gradient algo-
rithm to solve it for an optimal solution. Our empir-
ical study demonstrates the efficacy of the proposed
method on a set of multi-label tasks given a limited
number of labeled training instances.

1 Introduction
Multi-label classification is a critical problem in many areas
of data analysis, where each data instance can be assigned
into multiple categories. For example, in image labeling
[Zhou and Zhang, 2006] or video annotation[Qi et al., 2007],
a given scene usually contains multiple objects of interests. In
text categorization[Schapire and Singer, 2000], a given arti-
cle or webpage can be assigned into multiple topic categories.
In gene and protein function prediction[Elisseeff and We-
ston, 2002], multiple functions are typically associated with
each gene and protein. Due to its complex nature, the labeling
process of a multi-label data set is typically more expensive
or time-consuming comparing to single-label cases, since the
annotator needs to evaluate each class label even when the
positive labels appear in a very sparse pattern. To mitigate
the needs hence the cost of collecting labeled data, learning
effective multi-label classifiers from a small number of train-
ing instances thus is important to be investigated.

One straightforward approach for multi-label classification
is to cast the multi-label learning problem as a set of indepen-
dent single label classification problems[Lewis et al., 2004;
Chenet al., 2007]. This simple method has the obvious draw-
back of ignoring useful correlation information between the
predictions of multiple labels. Developing methods to ex-
ploit the label dependency information and capture shared

prediction structures among the multiple labels is critical
in multi-label learning. In the literature, many approaches
have been proposed to address multi-label learning by either
exploiting label dependencies[Elisseeff and Weston, 2002;
Godbole and Sarawagi, 2004; Guo and Gu, 2011; Schapire
and Singer, 2000; Petterson and Caetano, 2011], or cap-
turing the common prediction structures of the multiple bi-
nary prediction tasks associated with the individual classes
[Yan et al., 2007; Zhang and Zhou, 2008; Yuet al., 2005;
Ji et al., 2010]. But very few have taken both aspects into
account for multi-label learning.

In this paper we propose a novel probabilistic multi-label
classification model to simultaneously exploit both label de-
pendency knowledge and shared prediction structures across
labels based on sparse feature learning. Sparse feature learn-
ing has been effectively exploited in simultaneous multi-task
learning problems by enforcing anℓ2,1 norm [Argyriou et
al., 2006; Liu et al., 2009; Obozinskiet al., 2006]. Dif-
ferent from these works which consider only common input
features, our model contains two types of features:struc-
tural label dependency featuresassociated with each individ-
ual single-label prediction task, andcommon input features
which are shared across the multiple single-label prediction
tasks. We first propose to learn sparse label dependency struc-
tures by associating anℓ1-norm regularization with the label
dependency features, aiming to overcome possible overfitting
issues. It induces a sparse conditional dependency network
under probabilistic multi-label predictors. Then by adding
anotherℓ2,1-norm regularization over the input features, we
formulate the overall probabilistic multi-label learningprob-
lem as a joint convex optimization problem with combined
sparse norm regularizations, where anℓ1-norm is used for the
sparse structural feature selection, and anℓ2,1-norm is used
for selecting the discriminative input features shared across
multiple binary predictors. We develop a fast proximal gra-
dient algorithm to solve the proposed optimization problem
for an optimal solution. Our empirical results on a num-
ber of multi-label data sets demonstrate the efficacy of the
proposed approach when the number of training instances is
small, comparing to a few related probabilistic methods.

The remainder of the paper is organized as follows. We
introduce the related work on multi-label learning in Section
2. The proposed sparse multi-label learning method is pre-
sented in Section 3. We then report the experimental results



in Section 4 and conclude the paper in Section 5.

2 Related work
Multi-label classification has received increasing attention
from machine learning community in recent years, due to its
wide applications in practice. There is a rich body of work on
multi-label learning in the literature. We provide a reviewto
the most related methods in this section.

One simple approach for multi-label classification is to
cast the multi-label learning problem as a set of indepen-
dent single label classification problems[Lewis et al., 2004;
Chenet al., 2007]. Such an approach however is unsatisfac-
tory, since the different labels occurring in a multi-labelclas-
sification problem are not independent. On the contrary, they
often exhibit strong correlations or dependencies. Capturing
these correlations in different manners have led to many ad-
vanced developments in multi-label classification.

A significant number of multi-label learning approaches
have been proposed to exploit label dependencies in classi-
fication model formulation, including ranking based meth-
ods[Elisseeff and Weston, 2002; Schapire and Singer, 2000;
Shalev-Shwartz and Singer, 2006; Fuernkranzet al., 2008],
pairwise label dependency methods[Zhu et al., 2005; Petter-
son and Caetano, 2011], probabilistic classifier chains[Dem-
bczynskiet al., 2010], large-margin methods[Guo and Schu-
urmans, 2011; Godbole and Sarawagi, 2004; Hariharanet
al., 2010], and probabilistic graphical models[Ghamrawi
and McCallum, 2005; de Waal and van der Gaag, 2007;
Bielzaet al., 2011; Zaragozaet al., 2011; Guo and Gu, 2011].
Most of these methods however involve resource-consuming
optimization procedures or extensive model-structure learn-
ing processes. On the other hand, another set of meth-
ods attempt to exploit the relationships between multiple bi-
nary classification models in multi-label learning by captur-
ing their common prediction structures[Yan et al., 2007;
Zhang and Zhou, 2008; Yuet al., 2005; Ji et al., 2010].
These two types of multi-label prediction approaches have in
general all achieved good empirical performance. However,
very few methods have taken both aspects of label dependen-
cies and shared model structures into account for multi-label
learning. The Bayesian network models for multi-label learn-
ing [de Waal and van der Gaag, 2007; Bielzaet al., 2011]
although take steps in this direction by learning separate fea-
ture subnetwork, class subnetwork, and feature-class bridge
subnetwork, they nevertheless are limited to problems witha
small number of discrete feature variables.

The proposed approach in this paper aims to integrate the
strengths of label dependency based methods and common
prediction structure based methods within a novel convex
sparse feature learning framework. From the perspective
of capturing label dependency, our work is closely related
to the simple multi-label learning methods in[Godbole and
Sarawagi, 2004; Guo and Gu, 2011]. The work in [God-
bole and Sarawagi, 2004] uses a very intuitive and simple
procedure to exploit multi-label dependency information.It
first trains a set of binary SVM classifiers, one for each of
theK classes. Then it uses theK binary classifiers to pro-
duceK label features to augment the original features of

each instance. Finally another set ofK binary SVM clas-
sifiers are trained on the augmented instances. Its testing pro-
cess follows a corresponding procedure. This work is simple
and straightforward, but lacks of principled explanation.The
work of [Guo and Gu, 2011] generalizes this intuitive idea
into a principled probabilistic framework based on directed
conditional dependency networks (CDNs), where each label
variable takes all the other label variables as its parents.In a
CDN model, the training of multiple binary prediction mod-
els can be interpreted as maximizing the approximated joint
conditional distributions of the label variables. The training
process is even simpler than the SVM method in[Godbole
and Sarawagi, 2004]. It only requires training one set of
K independent binary probabilistic classifiers, and a simple
Gibbs sampling procedure is used for conducting inference
in the testing phase. Nevertheless, the CDN model in[Guo
and Gu, 2011] uses a fully connected directed graph as the
label dependency structure, which can easily fall into the trap
of overfitting, especially when there are a limited number of
training instances. With sparse feature learning, the proposed
approach in this paper aims to integrate the strength of the
CDN model but overcome its drawbacks.

3 Multi-label Classification with Sparse
Feature Learning

Assume we have a set ofN multi-label training instances
D = {(xi, yi1, · · · , yiK)}Ni=1, wherexi ∈ IRd is a column
feature vector,yik has value+1 when thekth label is assigned
to instancei, and has value−1 otherwise. In this section, we
present a sparse feature learning model for multi-label clas-
sification. We propose to first learn sparse label dependency
features withℓ1 norm under a probabilistic conditional depen-
dency network framework, and then learn sparse discrimina-
tive common features shared among the multiple single-label
predictors by conducting multi-task style learning. Together,
these two steps of sparse feature learning contribute to a novel
sparse multi-label optimization problem. We develop a fast
proximal gradient algorithm to solve the formulated problem
for a global solution.

3.1 Learning Sparse Label Dependency Features

Inspired by the CDN model, we plan to capture the label de-
pendency information using the structurallabel dependency
featureswithin a probabilistic framework of conditional de-
pendency networks. The fixed fully connected dependency
structure used in[Guo and Gu, 2011] can capture arbitrary
label interdependency relationships, but is prone to overfit-
ting given a limited number of labeled training instances. It
is important to identify the most informative structural label
dependency features to use.

Let X denote all the feature variables andY =
{Y1, · · · , YK} denote theK label variables. The fully con-
nected conditional dependency network assumes that each
label variableYk takes all the other label variablesYk =
{Y1, · · · , Yk−1, Yk+1, · · · , YK} as its augmented parent fea-
tures in addition to the input featuresX. Given the obser-
vation feature variablesX and all label dependency feature



variablesYk, a probabilistic prediction function is associ-
ated with each label variableYk to define its local conditional
probability distributionsp(Yk|X,Yk). Following the work
[Guo and Gu, 2011], we use L2-norm regularized binary lo-
gistic regression classifiers as probabilistic predictors. For an
instance(x, y1, · · · , yK), the conditional probability of each
yk given all other variable values can be computed as follows
using a logistic regression predictor

p(yk|x,yk,θk) =
1

1 + exp
(
− yk(w⊤

k x+ v⊤

k yk + bk)
) (1)

whereθk = [wk;vk; bk] are the model parameters,wk is
the weight vector for the input featuresx, vk is the class-
dependent weight vector for augmenting featuresyk, andbk
is a bias term. Given the labeled training dataD, K logistic
regression predictors can be trained independently by mini-
mizing the regularized log-loss of the training instances

min
θk

−
N∑

i=1

log p(yik|xi,yi

k
,θk)+

λ1

2
‖wk‖2+

λ2

2
‖vk‖2 (2)

for all k = 1 · · ·K. Here‖ · ‖ denotes the Euclidean norm
of a vector,λ1 andλ2 are tradeoff parameters that control the
degree of regularization.

The objective function in (2) assumes each label variable
Yk depends on all the other label dependency feature vari-
ablesYk. It corresponds to a fully connected directed graph
over all the label variablesY1, · · · , YK . However, in practice,
label dependencies often exhibit sparse patterns, and eachYk

may only have dependency relationships with a subset label
variablesYπk

⊆ Yk. Thus a fully connected structural de-
pendency can easily capture spontaneous label correlationre-
lationships and suffer from overfitting, especially when the
training set is small. To tackle this problem and expose the
sparse structure of conditional dependency networks, we add
anℓ1-norm regularization on parametersvk in each indepen-
dent logistic regression training to learn sparse label depen-
dency features:

min
θk

−
N∑

i=1

log p(yik|xi,yi

k
,θk)+ (3)

λ1

2
‖wk‖2 +

λ2

2
‖vk‖2 + γ‖vk‖1

As one of the simplest sparsity inducing norm,ℓ1-norm has
been widely used for feature selection[Ng, 2004; Zou and
Hastie, 2005]. The ℓ1-norm regularization here can push
many elements ofvk to zeros, which correspondingly will
drop someYt ⊂ Yk features and remove the directed edges
fromYt to Yk. Moreover, with bothℓ1-norm and squaredℓ2-
norm overvk, it forms an elastic-net regularization[Zou and
Hastie, 2005], which can lead to stabilized feature selection
even when the data exhibits strong correlations amongYk.

3.2 Learning Common Predictive Features Shared
Across Prediction Models

The sparse learning withℓ1-norm above captures sparse
structural label dependency features. We next consider the

input featuresX. With a large set of input features available
for use in a prediction task, it is often beneficial to use only
an informative small subset of input features to reduce over-
fitting and improve generalization performance, especially
when the labeled training set is small. Moreover, the multiple
binary prediction tasks, one for each label variable predic-
tion, are closely related within the same input feature space.
It is thus essential to select the common predictive features
shared across the multiple binary prediction models, with the
expectation of improving the generalization performance of
multi-label classification. This naturally forms a group fea-
ture selection problem over the model parameters associated
with the common input features in the multiple binary predic-
tion models. We employ a group sparsity inducingℓ2,1-norm
to conduct group feature selection and trainK logistic regres-
sion classifiers in one joint minimization problem

min
W,V,b

−
K∑

k=1

N∑

i=1

log p(yik|xi,yi

k
,W:k, V:k, bk) + (4)

λ1

2
‖W‖2F +

λ2

2
‖V ‖2F +γ

K∑

k=1

‖V:k‖1+ µ‖W‖2,1

whereW = [w1, · · · ,wK ] is ad × K matrix,W:k denotes
its kth column containing the parameter vectorwk used for
thekth logistic regression classifier;V = [v1, · · · ,vK ] is a
(K − 1) ×K matrix,V:k denotes itskth column containing
the parameter vectorvk used for thekth logistic regression
classifier;b = [b1, · · · , bK ]⊤ is aK × 1 vector containing
the bias terms for theK logistic regression classifiers;‖ · ‖F
denotes the Frobenius norm, and theℓ2,1-norm is defined as
‖W‖2,1 =

∑d

j=1 ‖Wj:‖. This optimization problem encodes
both sparse label dependency feature learning by theℓ1-norm
regularizers,

∑K

k=1 ‖V:k‖1, and common predictive feature
learning by theℓ2,1-norm regularizer,‖W‖2,1.
ℓ2,1-norm has been frequently used for robust group feature

selections in multi-task learning scenarios[Obozinskiet al.,
2006; Liu et al., 2009; Nieet al., 2010; Yanget al., 2011].
The multi-label learning problem can be viewed as a very
special multi-task problem, where each task is the binary pre-
diction problem associated with each class label. It is thus
reasonable to useℓ2,1-norm to induce robust common feature
selections here. Although optimization problems withℓ2,1-
norm regularizations have been addressed in different ways
in the literature, the joint optimization problem we formu-
lated above in (4) is unique from any previous work by con-
taining three different types of norms:ℓ2-norm,ℓ1-norm, and
ℓ2,1-norm. We will present a fast proximal gradient descent
algorithm to solve this novel optimization problem.

3.3 Fast Proximal Gradient Descent
Although the minimization problem (4) is a convex optimiza-
tion problem, the objective function is non-smooth due to
the non-smoothness of theℓ1-norm regularization terms and
the ℓ2,1-norm regularization term. We develop a fast proxi-
mal gradient algorithm to solve this non-smooth optimization
problem for a global optimal solution.

For simplicity of presentation, we useθ to denote the pa-
rameter column vector formed by combing all parameters



{W,V,b} together in a vector form, and use the notations
θ and{W,V,b} in an interchangeable manner. Then (4) can
be re-expressed as

min
θ

F (θ) = f(θ) + g(θ) (5)

where

f(θ) = −
K∑

k=1

N∑

i=1

log p(yik|xi,yi

k
,W:k, V:k, bk) (6)

+
λ1

2
‖W‖2F +

λ2

2
‖V ‖2F

g(θ) = γ

K∑

k=1

‖V:k‖1 + µ‖W‖2,1 (7)

The objective functionF (θ) is a sum of two functions, where
the first functionf(θ) is a convex and smooth function, and
the second function as a sum ofℓ1-norms andℓ2,1 norm is
convex but non-smooth. To develop a proximal optimization
method, we consider the second order approximation of the
objective functionF (θ). For anyL > 0, at a given pointθ(t),
we define

QL(θ,θ
(t)) = f(θ(t)) + (θ − θ

(t))⊤∇f(θ(t)) (8)

+
L

2
‖θ − θ

(t)‖2 + g(θ)

where∇f(θ(t)) denotes the gradient function off(·) regard-
ing θ at pointθ(t).

Proposition 1 [Beck and Teboulle, 2009] Let L(f) denote
the Lipschitz constant of∇f(θ). Then for anyL ≥ L(f),
one has

QL(θ,θ
′) ≥ F (θ) (9)

It is straightforward to prove the Proposition based on the def-
inition of Lipschitz constant and the convexity and smooth-
ness off(θ). From now on, we assumeL ≥ L(f). Ac-
cording to Proposition 1, we haveQL(θ,θ

(t)) ≥ F (θ). By
minimizingQL(θ,θ

(t)), a unique solution can be returned,

pL(θ
(t)) = argmin

θ

QL(θ,θ
(t))

= argmin
θ

{
L

2

∥∥∥θ − θ̂

∥∥∥
2

+ g(θ)

}
, (10)

whereθ̂ =
(
θ
(t) − 1

L
∇f(θ(t))

)
. The minimization in (10)

can be equivalently decomposed into a set of separate mini-
mization problems overW, {V:k}, b respectively, such as

pL(W
(t)) = argmin

W

{
L

2

∥∥∥W−Ŵ
∥∥∥
2

+µ‖W‖2,1
}
, (11)

pL(V
(t)
:k ) = argmin

v

{
L

2

∥∥∥v−V̂:k

∥∥∥
2

+γ‖v‖1
}
, (12)

pL(b
(t)) = argmin

b

{
L

2

∥∥∥b−b̂

∥∥∥
2
}
, (13)

Algorithm 1 Fast Proximal Gradient Algorithm

Initialize: L0 > 0, η > 1, z(1) = θ
(0), α1 = 1, t = 0.

Repeat
1. Sett = t+ 1, L = Lt−1

2. While F (pL(z
(t))) > QL(pL(z

(t)), z(t))
L = ηL

3. SetLt = L and update
θ
(t) = pLt

(z(t)),

αt+1 =
1+

√
1+4α2

t

2 ,

z(t+1) = θ
(t) +

(
αt−1
αt+1

)
(θ(t) − θ

(t−1))

Until Convergence is achieved

which have closed-form solutions. The closed-form solu-
tions of the convex optimization problems with sparsity-
inducing norms in (11) and (12) can be computed by apply-
ing group soft-thresholding and direct soft-thresholdingoper-
ators[Bachet al., 2011] respectively, such as

pL(W
(t)) = Ŵj:

(
1− µ

L‖Ŵj:‖

)

+

, ∀j; (14)

pL(V
(t)
:k ) = sign(V̂:k) ◦

(
|V̂:k| −

γ

L

)
+
, ∀k; (15)

where◦ denotes elementwise vector product and the operator
(·)+ = max(·, 0). The closed-form solution of (13) is

pL(b
(t)) = b̂ (16)

By conducting iterative updates according to Equa-
tion (10), we can obtain a sequence of points,θ

(0),θ(1), . . .,
to minimize the objective functionF (θ). But to achieve an
optimal convergence rate, we further adopt a fast conver-
gence update scheme of FISTA[Beck and Teboulle, 2009].
The overall fast proximal gradient algorithm is given in Al-
gorithm 1. With the fast update scheme, the iterative algo-
rithm has a convergence rate ofO( 1

t2
), under the condition

of QL(θ
(t+1),θ(t)) ≥ F (θ(t+1)). To findL values in each

iteration guaranteeingQL(θ
(t+1),θ(t)) ≥ F (θ(t+1)), we use

a step search procedure.

Testing After the training process,K logistic regression
classifiers will be returned to define the conditional proba-
bilistic distributions associated with each label variable given
its parents. The sparse structure of the conditional depen-
dency network is determined according to theV parameter
matrix. Then given new instances, the prediction can be con-
ducted using a Gibbs sampling inference algorithm, which is
similar but more efficient than in the CDN model of[Guo and
Gu, 2011].

4 Experiments
To evaluate the effectiveness and robustness of the proposed
method on learning multi-label classification models from a
small set of labeled training instances, we conducted exper-
iments on six multi-label data sets, comparing the proposed
approach to a number of alternative approaches. In this sec-
tion, we report our experimental setting and results.



Table 1: The number of instances, label cardinality (LC) and
dimensions of the six constructed data sets.

DATA SET NO. OF INST. LC DIMENSIONS

COREL 5K 1654 2.27 1000
IAPR TC12 9494 2.63 1000
MIR FLICKR 1396 2.23 1000
ENRON 1302 2.94 1001
MEDICAL 785 1.19 1449
BIBTEX 3400 1.13 1836

4.1 Experimental Setting

Data Sets We conducted experiments on six commonly
used multi-label data sets,Corel 5k, IAPR TC12, MIR Flickr,
Enron, Medical, andBibtex. The first three data sets come
from INRIA feature data sets,1 which are benchmarks for
computer vision tasks. The rest three data sets are for text
categorizations, and can be found at mulan website.2 For
the three image data sets, we used SIFT descriptors as fea-
tures. Each instance in these data sets is represented as a
1000-dimensional SIFT feature vector. The three text data
sets, are represented in terms of 0-1 indicator features, inthe
size of 1001, 1449 and 1836 respectively. One key measure
of multi-label data sets is their label cardinality[Tsoumakas
and Katakis, 2007], which is defined as the average num-
ber labels assigned to each instance. Thus it should be a
value between 1 andK, whereK is the number of classes.
The label cardinality of most existing multi-label data sets
is small. However, if the label cardinality of a data set is
close to1, the multi-label classification task will be close to a
standard single labeled multi-class task, and it does not make
much sense to capture label dependencies on such a data set.
The effectiveness of multi-label learning can most likely be
demonstrated on data sets whose label cardinality is reason-
ably large. We thus chose ten most popular labels, i.e., labels
most frequently appeared, from each of the six data sets to
use, aiming to produce multi-label data sets with reasonable
label cardinality values. According to these labels, we extract
subsets from these data sets by eliminating instances not la-
beled with any one of the selected ten labels. Table 1 shows
the statistics, data size and label cardinality information of
these constructed data sets.

Methods We compared the following six probabilistic
multi-label learning methods in the experiments:

(1) LR, the baseline method that decomposes multi-label
classification into a set of binary classification problems
using 1-vs-all scheme, and uses binary logistic regression
as classifiers;

(2) PCC, the probabilistic multi-label chain classifiers devel-
oped in[Dembczynskiet al., 2010];

(3) CDN, the conditional dependency network method devel-
oped in[Guo and Gu, 2011];

1http://lear.inrialpes.fr/people/guillaumin/data.php
2http://mulan.sourceforge.net/datasets.html

(4) ℓ1-CDN, the sparse CDN with anℓ1-norm regularizer.
This is the optimization problem we constructed in Eq.
(3), which can be solved using a modified version of the
proximal gradient algorithm in Algorithm 1;

(5) ℓ2,1-LR, a variant of our proposed method by dropping
the structural dependency features, which captures only
the shared features among the multiple binary LR classi-
fiers using aℓ2,1-norm regularizer;

(6) Sparse, the proposed sparse feature learning method,
which is a combination ofℓ1-CDN andℓ2,1-LR and cap-
tures both label interdependency and shared predictive
features of multi-label learning.

Evaluation Measures In our experiments, we used twoF1
measures, Micro-F1 measure and Macro-F1 measure, to eval-
uate the multi-label prediction performance. The twoF1
measures take both the precision and recall into accounts in
different ways. The precision and recall,Pk andRk, for each
labelk, are defined as follows:

Pk =

∑
i(y

i
k)+(ŷ

i
k)+∑

i(ŷ
i
k)+

, Rk =

∑
i(y

i
k)+(ŷ

i
k)+∑

i(y
i
k)+

whereyik and ŷik are the true label value and predicted label
value respectively for theith instance on thek-th class; and
(·)+ = max(·, 0). Then we have Micro-F1 and Macro-F1
measure as

Macro-F1=
1

K

K∑

k=1

2PkRk

Pk +Rk

=
1

K

K∑

k=1

2
∑

i(y
i
k)+(ŷ

i
k)+∑

i(y
i
k)+ +

∑
i(ŷ

i
k)+

Micro-F1=
2
∑K

k=1

∑N

i=1(y
i
k)+(ŷ

i
k)+∑K

k=1

∑N

i=1(y
i
k)+ +

∑K

k=1

∑N

i=1(ŷ
i
k)+

4.2 Experimental Results
When there are sufficiently large number of training in-
stances, good classification performance can be achieved
even with simple binary classifiers. However, it is costly and
time consuming to obtain labeled data and thus it is benefi-
cial to develop methods that can learn good multi-label clas-
sification models with a small number of training instances.
The purpose of our experiments is to investigate the perfor-
mance of the proposed methods when the number of training
instances is small. In particular, we conducted two sets of
experiments on the constructed data sets using two different
training sizes,|D| = {200, 400}.

In each set of experiments, with the given training size,
we randomly divided each data set into partitions containing
training set and test set, with a test size of 1000 when pos-
sible. The trade-off parameters for the comparison methods
are pre-selected using one random training and test partition.
The parameters are selected to maximize the average value
of the two F1 measures. The methods,LR, CDN,ℓ1-CDN,
ℓ2,1-LR, andSparse, all involve some or all of the following
trade-off parameters:λ1, λ2, γ, andµ. We setλ1 = λ2 =
0.1. γ andµ are selected from the following sets of values,
{1e−4, 1e−3, 1e−2, 1e−1} and{1e−5, 1e−4, 1e−3, 1e−2}, re-
spectively.



Table 2: Performance in Macro-F1 measure (%)

#TRAIN . METHOD COREL 5K M IR FLICKR IAPR TC12 ENRON MEDICAL BIBTEX

200

LR 34.9±1.0 28.9±0.8 38.8±0.5 44.5±1.2 62.9±2.5 60.0±4.6
PCC 38.5±1.4 30.2±1.0 39.7±0.6 50.0±1.6 79.9±4.6 57.0±5.4
CDN 36.7±0.9 32.1±0.8 41.5±0.8 49.5±1.9 71.4±6.7 46.1±4.2
ℓ1-CDN 38.9±0.9 31.5±1.6 42.4±0.2 50.0±1.8 75.8±4.7 52.3±5.0
ℓ2,1-LR 40.8±0.2 33.5±0.7 42.4±0.6 50.6±2.3 78.9±4.2 53.4±4.5
SPARSE 44.5±1.3 34.4±0.4 44.3±0.8 51.2±1.7 83.1±4.6 62.3±3.8

400

LR 33.0±1.0 30.7±0.7 39.5±0.5 45.2±0.8 65.0±3.7 68.8±1.5
PCC 35.7±1.6 31.4±0.8 40.0±0.4 51.1±1.6 86.1±1.2 69.6±1.2
CDN 37.6±0.5 33.7±1.9 41.0±0.8 53.6±1.5 83.4±1.2 60.6±2.8
ℓ1-CDN 38.4±0.9 32.2±1.4 42.1±0.8 54.4±2.0 85.3±1.6 65.1±1.9
ℓ2,1−LR 42.8±1.0 33.2±1.2 43.5±0.8 54.2±1.9 87.0±2.2 65.8±1.5
SPARSE 45.1±1.0 34.4±1.0 44.8±0.7 55.0±1.5 86.1±1.1 72.2±1.2

Table 3: Performance in Micro-F1 measure (%)

#TRAIN METHOD COREL 5K M IR FLICKR IAPR TC12 ENRON MEDICAL BIBTEX

200

LR 40.0±1.2 30.9±1.2 41.3±0.8 53.9±1.2 70.5±2.9 76.4±3.6
PCC 45.8±0.9 31.9±0.8 42.5±0.2 61.8±2.6 85.5±2.0 74.5±4.9
CDN 39.4±1.1 33.3±0.8 41.5±0.8 62.7±1.6 80.6±1.7 63.0±2.7
ℓ1-CDN 42.0±1.4 32.3±1.5 42.7±0.2 64.4±1.0 83.7±1.6 71.9±2.6
ℓ2,1-LR 48.5±1.1 34.4±1.3 44.4±0.7 64.3±0.8 84.9±0.7 72.5±1.1
SPARSE 48.8±1.9 35.1±1.6 45.6±1.0 64.3±2.4 86.6±1.6 77.2±4.5

400

LR 36.7±1.2 32.0±0.2 41.4±1.3 53.5±1.6 69.8±0.9 80.1±2.7
PCC 39.4±1.5 32.5±1.0 41.7±0.8 61.0±0.6 87.9±1.3 80.1±1.1
CDN 40.5±1.2 34.5±1.4 41.3±1.1 64.7±1.6 85.7±2.7 74.2±3.8
ℓ1-CDN 41.4±0.7 32.8±0.5 42.6±1.2 65.6±2.1 87.8±0.9 78.9±2.4
ℓ2,1-LR 50.8±1.3 34.6±0.3 45.8±0.7 65.8±0.5 88.8±1.8 79.4±2.4
SPARSE 51.2±1.1 35.3±1.0 46.3±0.7 65.9±0.5 87.1±1.3 82.4±0.8

With the selected parameters, we then repeatedly run each
method 10 times on 10 sets of randomly partitioned training
and test data. The average results for the six methods on the
six data sets are presented in Table 2 and Table 3 in terms of
Macro-F1 measure and Micro-F1 measure respectively. We
can see that thePCC method, with an ensemble of differ-
ent label interdependencies, has a clear win overLR except
on theBibtexdata. With the small training sizes, although
the CDN method still outperforms the baselineLR method
in many cases, it has inferior performance on two data sets,
Corel 5kandBibtex. With an additionalℓ1-norm to induce
sparse dependency structure, the resultedℓ1-CDN can im-
proveCDN in all cases except on theMir Flicker data set. On
the other hand, with onlyℓ2,1-norm regularization, theℓ2,1-
LR outperforms all the previous four methods onCorel 5k,
Mir Flicker, andIAPR TC12for both training sizes, and on
Medical for training size 400. But onEnron, it demonstrates
similar performance asℓ1-CDN, and onBibtex, it produces
inferior performance even comparing to the baselineLR. By
integrating the two types of sparse feature learning together,
the proposedSparsemethod, with bothℓ1-norm andℓ2,1-
norm regularizations, outperforms all the other five methods
on almost every data set of different training sizes, except
only on theMedicalwith training size 400 where its perfor-
mance is still competitive to the best. These results suggest

that the two types of sparse feature learning over label de-
pendency features and common input features respectively
can complement each other in most cases, and our proposed
sparse learning method provides an effective framework for
integrating their strengths on multi-label classification.

5 Conclusions

In this paper we proposed a novel probabilistic multi-label
classification model based on sparse feature learning. By em-
ploying an individual sparsity inducingℓ1-norm and a group
sparsity inducingℓ2,1-norm together, the proposed model
can induce both a sparse dependency network structure over
the label variables, and a common set of predictive features
across the multiple binary predictors associated with the mul-
tiple classes. The resulted optimization problem is a con-
vex but non-smooth optimization problem. We developed a
fast proximal gradient algorithm to solve the proposed prob-
lem for a global optimal solution. Our empirical results on
a number of multi-label data sets show the proposed sparse
learning approach can outperform a set of related probabilis-
tic multi-label learning methods and produce effective results
even when the number of training instances is small.
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