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ABSTRACT

In multi-label learning, each example is represented by a single instance and associated with multiple
class labels. Existing multi-label learning algorithms mainly exploit label correlations globally, by as-
suming that the label correlations are shared by all the examples. Moreover, these multi-label learning
algorithms exploit the positive label correlations among different class labels. In practical applications,
however, different examples may share different label correlations, and the labels are not only positive
correlated, but also mutually exclusive with each other. In this paper, we propose a simple and effective
Bayesian model for multi-label classification by exploiting Local positive and negative Pairwise Label Cor-
relations, named LPLC. In the training stage, the positive and negative label correlations of each ground
truth label for all the training examples are discovered. In the test stage, the k nearest neighbors and their
corresponding positive and negative pairwise label correlations for each test example are first identified,
then we make prediction through maximizing the posterior probability, which is estimated on the label
distribution, the local positive and negative pairwise label correlations embodied in the k nearest neigh-
bors. A comparative study with the state-of-the-art approaches manifests a competitive performance of

our proposed method.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

With the ever-growing amount of digital data in multimedia
datab ases, there is a great need for algorithms that can provide
effective semantic indexing. Classification on big multimedia data
is a great challenging problem. Several issues lead to the difficulty
of this problem, including big in volume, unstructured, noisy, re-
dundant, and heterogeneous. What’s more, a multimedia data ob-
ject may describe many concepts simultaneously rather than a sin-
gle one. In multi-label setting, the examples (objects) can belong to
multiple labels (concepts) simultaneously and each example is rep-
resented by one single instance. The labels often have correlations
with each other, and exploiting label correlation can significantly
boost classification performance. The challenge is how to learn a
well constructed classification model by exploiting label correla-
tions to more accurately predict a set of possible labels for unseen
examples.
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To address this issue, a number of algorithms have been pro-
posed for multi-label classification by exploiting second-order and
high-order label correlations [1]. Most of these algorithms try to
exploit label correlations globally, by assuming that the label cor-
relations are shared by all the examples. In practical applications,
however, different examples may share different label correlations.
For example, as shown in Fig. 1, “sand” and “ship” both have
strong correlations with label “sea”. But these correlations may be
different on different groups of images. The correlation between
“sand” and “sea” is only shared by the examples like the images
annotated as “sand” and “sea” in Fig. 1. While the correlation be-
tween “ship” and “sea” is only shared by the examples like the
images annotated as “ship” and “sea” in Fig. 1.

On the other hand, exploiting label correlation globally may
lead to unnecessary and error predictions [2,3]. For example, sup-
pose there are three labels (e.g., y1, ¥ and y3), Fig. 2 shows two
simple examples of global label correlation. In Fig. 2(a), labels y,
and ys; are dependent on y;. It can be learned that labels y, and
y3 are conditional independent given y, thus the predictions of y,
(e.g., Pr(¥2]y1,x)) and y;3 (e.g., Pr(ys3|ys,x)) will be the same both
under global and local situation, respectively. If a new test exam-
ple is only associated with labels y; and y,, however, label y3 (an
irrelevant label to the new test example) will also be assigned to the
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Fig. 1. Image classification: exploiting label correlations.
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Fig. 2. Two simple examples of global label correlation.

new test example with a higher probability under the global label
correlation situation. In Fig. 2(b), label y5 is dependent on y; and
y, globally. In this situation, the incorrect prediction of label y; or
y, will propagate to the prediction of label y3 (e.g., Pr(y3|y1,¥2,X)).
The above problems will be worse if the label dependency is “one-
to-many” or “many-to-one”. However, these negative impacts will
be alleviated if the local label dependency structures for different
examples are appropriately exploited. ML-LOC [2] and GCC [3] ex-
ploit label correlations locally, and yield good results. These algo-
rithms only exploit the positive label correlations, i.e. an exam-
ple that belongs to one label is also likely to belong to another.
Such positive correlation among labels is often exploited by the
co-occurrence between the label pairs [1]. However, the negative
correlation, i.e. belonging to one label can indicate an example less
likely to belong to another one, or not belonging to one label can
indicate an example belong to another label with a higher proba-
bility [4], is often neglected. Thus, if two labels are negative corre-
lated, they might be mutually exclusive. For example, as shown in
Fig. 1, the correlations between “sea” and “train”, and “ship” and
“car”. These pairs of labels might be not co-occurred with each
other with a higher probability, and incorporating these negative
correlations may boost the performance of multi-label classifiers.

In this paper, we propose a simple and effective Bayesian model
for multi-label classification by exploiting local positive and neg-
ative pairwise label correlation simultaneously, named LPLC, i.e.
multi-label classification by exploiting Local positive and negative
Pairwise Label Correlation. We exploit the positive and negative
correlated class labels for each ground truth label of each train-
ing instance. In our method, for each instance, we assume that the
positive label correlation only exists between any two ground truth
labels, and the negative correlation only exists between a ground
truth label and a label it does not have. The positive and negative
correlation for each training example is exploited by computing a
maximum conditional probability.

To be more specific, LPLC exploits the local positive and neg-
ative pairwise label correlations within two stages. First, in the
training stage, we discover the positive and negative label corre-
lations of each ground truth label for all the training examples.
Second, in the test stage, we first identify the k nearest neighbors
and their corresponding positive and negative pairwise label cor-
relations for each test example, then we make prediction through
maximizing the posterior probability, which is estimated on the la-
bel distribution, the local positive and negative pairwise label cor-
relations of the k nearest neighbors. Our major contributions are
summarized as follows:

» We propose to model local positive and negative pairwise la-
bel correlation for multi-label classification. To the best of our
knowledge, this is the first work which explicitly exploits the
positive and negative label correlations simultaneously.

« We propose a simple and effective Bayesian model for multi-
label classification based on the kNN algorithm, and make pre-
diction through maximizing the posterior probability, which is
estimated on the label distribution, the local positive and neg-
ative pairwise label correlations of the k nearest neighbors.

» The experimental results on twelve multi-label benchmark data
sets show the effectiveness of our method against the state-of-
the-art multi-label classification algorithms.

The rest of this paper is organized as follows. Section 2 reviews
previous works on multi-label learning. Section 3 presents details
of the proposed method LPLC. Experimental results and analysis
on twelve multi-label benchmark data sets are shown in Section 4.
Finally, we conclude our paper in Section 5.

2. Related work

Multi-label learning has attracted significant attention from re-
searchers. Unlike traditional single-instance single-label learning,
multi-label learning deals with examples having multiple class la-
bels simultaneously and each example is represented by one single
instance. Multi-label learning has been applied to a variety of do-
mains, such as text categorization [5-7], image annotation [8-11],
video annotation [12,13], social networks [14], music emotion cate-
gorization [15,16]. The challenge is how to learn a well constructed
classification model which can predict a set of possible labels for
unseen examples.

In the past decades, many well-established methods have been
proposed to solve multi-label learning problems in various do-
mains. According to[1,17], the multi-label learning algorithms can
be divided into two categories, including problem transformation
methods (fitting data to algorithm) and algorithm adaption meth-
ods (fitting algorithm to data). Problem transformation methods
transform the multi-label classification problem into either one
or more single-label classification (binary classification, multi-class
classification) problems, e.g., Label Powerset (LP) [17] and Binary
Relevance (BR) [18]. Algorithm Adaption Methods modify tradi-
tional single-label classification algorithms for multi-label learning,
which can handle multi-label data directly, such as the algorithms
constructed on kNN [19-24], decision tree [25,26], neural network
[5,27], support vector machines [2,28].

In multi-label learning, labels often have correlations with each
other. A multitude of algorithms have been proposed for multi-
label classification by exploiting the correlations among class labels
to improve the performance of multi-label classification. Based on
the way of label correlations being considered, existing algorithms
can be grouped into three major categories, i.e., first-order, second-
order and high-order algorithms.

First-order algorithms tackle multi-label classification problem
by decomposing it into a number of independent binary classifi-
cation problems without considering label correlations. BR [18] is
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a first-order multi-label classification algorithm. It is a representa-
tive algorithm of problem transformation methods, and the basic
idea of BR is to decompose a multi-label learning problem into g
independent binary (one-vs-rest) classification problems, where ¢
is the number of labels of a multi-label data set. ML-kNN [22] is
a first-order and algorithm adaption multi-label learning algorithm
which is derived from traditional kNN algorithm. The basic idea
of ML-kNN is to adapt k-nearest neighbor techniques to deal with
multi-label data directly. For each new test example, its k nearest
neighbors in the training data are firstly identified. Then, the maxi-
mum a posteriori (MAP) rule is utilized to make prediction by rea-
soning with the labeling information embodied in the neighbors.

Second-order approaches tackle multi-label learning problem
by mining pairwise relationships between class labels. One way
to consider pairwise relationship is to incorporate the criterion of
ranking loss into the objective function to be optimized by learn-
ing the classification models, e.g., RankSVM [28] and BP-MLL [5].
Another way to model pairwise correlation is to exploit the co-
occurrence patterns between label pairs, such as CLR [29] and LLSF
[30]. These algorithms only exploit the positive correlations be-
tween label pairs. However, in real applications, the class label
might be dependent on more than one class labels. Moreover, the
class labels might be negative correlated (or mutually exclusive)
with each other, i.e. belonging to one label can make an example
less likely to belong to the other label, or not belonging to one la-
bel can make an example more likely to belong to the other label.

High-order approaches tackle multi-label learning problem by
ming relationships between all the class labels or subsets of labels.
Classifier Chains (CC) [31] is a novel chain algorithm which models
high-order label correlations by using the vector of class labels as
additional example attributes. It transforms the multi-label classi-
fication problem into a chain of g binary classification problems,
and the i-th classifier h; is trained by using the results of labels
¥1.¥Y2....,¥i_1 as additional input information. The training stage
can be paralleled, while prediction for new instance is worked one
by one. To predict subsequent labels in a given chain order, CC re-
sorts to using outputs of the preceding classifiers, which makes
them prone to errors. The performance of CC is seriously con-
strained by the training order of labels and error propagation. Be-
sides, it may not be appropriate that each label is dependent on all
the preceding labels in a given order of labels. Probabilistic Classi-
fier Chains (PCC) [32] is an extended work on CC by formulating
a probabilistic interpretation. PCC suffers from the computational
issue that the inference (i.e. predicting the label of an example)
requires time exponential in the number of class labels. Moreover,
the performance of PCC is sensitive to the order of class labels
while training. There are several extended works on CC and PCC
by searching suitable order of labels or dependent structure be-
tween labels and reducing the computational complexity, such as
HIROM [33], PruDent [34], LLSF-DL [35], BCC [36], PCC-beam [37],
MCC [38], PACC [39], EMHG [40], and MIML-ECC [41].

Existing multi-label learning approaches mainly exploit label
correlations globally, by assuming that the label correlations are
shared by all the instances. In real-world tasks, however, differ-
ent examples may share different label correlations, and few cor-
relations are globally applicable. There are several works on ex-
ploiting label correlations locally, such as ML-LOC [2] and GCC [3].
ML-LOC [2] exploits label correlations locally for multi-label learn-
ing. It assumes that the instances can be separated into different
groups and each group shares a subset of label correlations. To en-
code the local influence of label correlations, it constructs a LOC
(LOcal Correlation) code for each instance and use this code as
additional features for the instance. The classifier is trained with
original features and LOC codes. For test examples, LOC codes are
unknown and regression models are trained to predict their LOC
codes. However, it is difficult to understand the semantic connec-

tion between LOC codes and the local label dependency structures.
GCC [3] is a group sensitive classifier chains multi-label classifier.
GCC first partition the data set into groups by clustering, and then
learns a directed label correlation dependency graph on each clus-
ter. The group specific classifier chains could be built based on the
examples in each cluster and the corresponding label-dependency
graph.

3. The proposed method

In this section, details of the proposed method LPLC will be pre-
sented. First, we will present how to model the positive and nega-
tive correlated local pairwise label correlations between labels, and
then give the details of the proposed model LPLC and the proba-
bility estimation for it.

3.1. Preliminaries

In multi-label learning, suppose X = R be an input space with
d-dimensional and Y = {y1,y,,...,¥q} be a finite set of q possible
labels. D = {(x;,y;)|1 <i<n} is a training data set with n exam-
ples. The ith example is denoted by a vector with d attribute val-
ues X; =[x, X2, ..., Xjgl, X € X, and y; = [yi1. ¥ip, ... Yiql Is @ set
of possible labels for x;. Each element y;; = 1 if the label y; is as-
sociated with x;, otherwise y;; = 0.

N (x) indicates the k nearest neighbors for example x, and k is
the number of nearest neighbors. The similarity between two ex-
amples is calculated according to Euclidean distance in this paper.
Let & =[c. ¥, ...c¥T be a k-dimensional column vector indi-
cating the membership to label y; of the examples in A/(x), the ith
component of which indicates whether the ith example amongst
the k-NNs of x belongs to class y;, i.e. o =Yij, ¥V X; € N(X). All the
symbols used in this paper and their definitions are summarized
in Table 1.

3.2. Local positive and negative pairwise label correlations

In multi-label learning, class labels often have correlations with
each other, including positive and negative correlations. For exam-
ple, an example that belongs to label y; is also likely to belong to
label y,, thus the correlation between y; and y, is positive. Con-
versely, if not belonging to label y; indicates that an example be-
longs to label y3 with a higher probability, we say that y; and
y3 are negatively correlated. Exploiting the positive and negative
correlations among class labels may improve the performance of
multi-label classification.

Considering different examples may share different label cor-
relations, in this paper, we try to exploit the positive and neg-
ative pairwise label correlations locally. We define two matrices
P cR™4 and N € R™4, P stores the most positive correlated la-
bel for each ground truth label to which each training example
X; belongs, i.e. if y;; = 1, P; stores the index of the most positive
correlated class label (e.g., yc) of y; for x;, then P;; = ¢, otherwise,
P;; = 0. If there are multiple most positive correlated class labels
with y;, the label with the largest value of |c§[_|1 will be selected.
N stores the most negative correlated label for each ground truth
label to which each training example x; belongs, i.e. if y;; =1, N
stores the index of the most negative correlated class label (e.g.,
Yc) of y; for x;, then N;; = ¢, otherwise, N;; = 0. If there are multi-
ple most negative correlated class labels with y;, the label with the
largest value of |E§i|1 will be selected.

3.2.1. Discovering local positive label correlations

For the positive label correlations, if class label y; is associated
with example x;, y; might also be associated with x; with a higher
probability. Therefore, the annotation of y; can help the annotation
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Table 1
Important notations.
Symbol Definition
k the number of nearest neighbors
X; = [Xi1, Xi2s - - - Xial the feature vector for the ith training example
Vi = Wi, Yizs - -» Yigl the vector of variables for the label set of example x;, and y;; € {0, 1}, 1 <j <¢q
Vi =i Yiz, - Vig Vij=1-yj1<j<gq
D ={(x;,y)}L, a training data set with n examples
N(X) o v a subset of the training data set composed of the k nearest neighbors of example x B -
c§§ = [c,l‘l_, c,z‘f 44444 c’,ﬁ{]T the vector of variables for the membership of the examples x;(1 < i < k) to label y;, X; € N'(x), i ef0,1}and ¢f =y;;, 1 <i<k
=y, di=1-dl1<i<k
P e R™ P stores the index of the most positive correlated label for each ground truth label to which each training example x; belongs
N e R™1 N stores the index of the most negative correlated label for each ground truth label to which each training example x; belongs
NCp(Xt) the positive pairwise label correlations shared by the examples in N (x;)
NCN(Xt) the negative pairwise label correlations shared by the examples in A (x;)
pa; (xt) the set of positive correlated labels of label y; in NCp(X;)
pa; (x¢) the set of negative correlated labels of label y; in NCy(x)
of y;. In our proposed model, the most positive correlated class la- Eq. (4),
bel of y; for x; is explored according to the posterior probability o
of label y; given by another ground truth label of example x; and pyj =1y =0NX)) = ﬁ (4)
X 1

the k nearest neighbors A/ (x;), where the posterior probability is
calculated by Eq. (1),

Pjj = argmaxy p4j g y,—1 PYj = 1y = LN (%)) (M

If two class labels are strongly correlated, the posterior prob-
ability will be large; otherwise, it will be small. We assume that
the strong positive pairwise label correlation only exists among the
ground truth labels to which each training example belongs. When
calculating P; by Eq. (1), y; and y; should be associated with x;,
ie. yy=1 and y;; = 1. Because, if two labels are strongly corre-
lated, they must be often co-occurred with each other, and thus
the value of Eq. (1) will be larger. This constraint will make our
algorithm exploit local pairwise label correlation efficiently. It is
worth noting that P; may not equal to Py, i.e label y; may depen-
dent on y;, but y; may not dependent on y;. For example, in image
annotation, if we know one image is annotated as “ship”, it will
be annotated as “sea” with a higher probability, but not the vice
versa.

If label y; is chosen as the strongest positive correlated class
label of label y; for x;, it results in a maximum conditional
probability of p(y; = 1]y; = 1, N(x;)). The probability p(y; = 1|y, =
1, N(x;)) is calculated by Eq. (2),

d e
pyi=1ly =1 NX)) = o

ek T

(2)

Thus, the probability p(y; =0ly;=1.N(x))=1-py;=1ly; =
1, N(x)).

3.2.2. Discovering local negative label correlations

For the negative label correlations, if class label y; is not asso-
ciated with example x;, then y; might be associated with x; with
a higher probability. Therefore, this negative label correlation can
help the annotation of y;. The most negative correlated class label
of y; for x; is explored according to Eq. (3),

Njj = argmaxy ;..j & y,=1 PO = 11y = 0, N (X)) (3)

If two class labels are strongly negative correlated, the poste-
rior probability will be large; otherwise, it will be small. We as-
sume that the strong negative pairwise label correlation only ex-
ists between a label associated to it and a label it does not have.
When calculating Nj; by Eq. (3), y; should be associated with x;,
and y; should not be associated with x;, i.e. y;j =1 and y; = 0. Be-
cause, if two labels are strongly negative correlated, they might not
be co-occurred with each other, and thus the value of Eq. (3) will
be larger. The probability p(y; =1ly; =0, N (x;)) is calculated by

where & =1-¢}, and 1 is a k x 1 column vector with all
its elements being 1. Consequently, the probability p(y; =0ly; =
0, N(x;)) =1—p(yj=1ly; =0, N(x;)). All the procedures of ex-
ploring the local positive and negative pairwise label correlations
are summarized in Algorithm 1.

Algorithm 1: Exploring Local Positive and Negative Pairwise
Label Correlations.
Input: D: the training data set,
D ={(x;.y;)|1 <i<n},y; € {0,1}9;k: the number of
nearest neighbors;
Output: P and N : local pairwise label correlation matrix;

1fori=1tondo

2 Dy =D7X,‘;

3 find the k nearest neighbors N (x;) of x; from D;;
4 forall theyij;l,l <j<qdo

s [ HC’,Z.H] :

6 forall the y; =1,1<1<q do

7 if j# 1 and p(y; = 1]y, = 1, N(X;)) > Prmgx then
8 PU = l;

9 L Prmax=p0’j:1|yl:1sN(Xi)):

o Py — Hc;lé.\h :

1 forall the y; =1,1<l<qdo

12 if p(yj = 1ly; = 0, N(X;)) > Prmax then

13 Nij = l;

14 Prmax = p(yj = 1ly; = 0, N (X));

5 return P and N;

—

3.3. LPLC Model

Once the local positive and negative pairwise label correlations
are obtained for each training example, it can be incorporated into
multi-label classification models to improve the performance. We
assume that similar examples may share the same label correla-
tions. In the test stage, we first find the k nearest neighbors of
each test example, and the corresponding local pairwise label cor-
relations of these nearest neighbors. The test example will share
these local pairwise label correlations with its k nearest neighbors.
Fig. 3 shows the learning structure of the proposed method LPLC.
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Fig. 3. Framework of the proposed method LPLC.

Given a test example X;, N'(X;) is its k nearest neighbors. NCp(X;)
and NVCy(X;) are the local positive and negative pairwise label cor-
relations of A/ (X¢), and can be obtained from P and N, respectively.
The test example x; shares the same local pairwise label correla-
tions with its k nearest neighbors N (x;). pal.+ (x;) is the set of pos-
itive correlated labels of label y; in the local pairwise label correla-
tions NCp(X;), and pa; (X;) is the set of negative correlated labels
of label y; in the local pairwise label correlations NCy(X;). To de-
termine the prediction of the ith class label for x;, the proposed
LPLC algorithm uses the following Maximum a Posteriori (MAP)
rule Eq. (5),

hi(x¢) = argmax, (o 1) Pr(y; = b|x,)

=ole T poi=bye=1ve
yeepal (x)
FA-a) Y pyi=bye=0IN(x))
Yeepa; ()
— e X b= blye= 1N KOIPOE = 1IN
Yeepay (Xe)
+(1-a) Y pyi=blye=0.NX))pyc=0|N(X))

Yeepa; (X;)
(3)

where Z is the normalizing constant which is needed to ensure
that the density integrates to one, i.e. Z =Pr(y; = 1|x;) + Pr(y; =
0]x;). Parameter ¢ € [0, 1] controls the tradeoff between the posi-
tive and negative correlations. The probability p(y. = b|N (X;)) can
be calculated by Eq. (6),
k(1=b)+(-1) 1P|l ||
p(e = BIN (%)) = ———F——= (6)
After computing the probabilities Pr(y; = b|x;),1 <i<q. The
LPLC classifier can be written as Eq. (7),

h(xe) = {h1(Xe), ha(X¢), ..., hq(X¢)} (7)
where each classifier h;(X;) is defined as Eq. (8),
hi(x¢) = argmax (o 1y Pr(y; = b|x,) (8)

The prediction procedures of LPLC can be summarized as
Algorithm 2.

The complexity of LPLC has two parts: training and test (see
Algorithms 1 and 2). In the training stage, LPLC needs to find k
nearest neighbors for each training example. This leads to O (n?)

Algorithm 2: LPLC Prediction.

Input: D: the training data set,
D ={(x;,y;)|1 <i=<n},y; €{0,1}9; x;: a test example;
k: the number of nearest neighbors; P and N: local
pairwise label correlation matrices;
Output: y; : the set of predicted labels for x;;
1 find the k nearest neighbors NV (x;) for Xx;;
2 get the local positive pairwise label correlations NCp(x;) of
the examples in AV (x;) from P;
3 get the local negative pairwise label correlations NCy(X;) of
the examples in A/ (X;) from N;
4fori=1toqdo
get the correlated labels p.‘:ll.+ (x¢) of y; from NCp(X¢);
get the correlated labels pa; (x;) of y; from NCp(X¢);
calculate Pr(y; = b|x;) by Eq. (5);
hi(x¢) = arg maxc(g 1) Pr(y; = b|Xc);

9 Ve = [h1 (X)), ha(Xe), ..., hg(Xe)];

o N W

time complexity and ©(n?) memory consumption. To find the
most positive and negative correlated class labels for each train-
ing example, it leads to O(ncq) time complexity and O(2nq) mem-
ory consumption, where c indicates the Cardinality (i.e. the average
number of labels per instance) of a data set and it could be cal-
culated according to Eq. (9), and q is the number of class labels of
the data set. In the test stage, LPLC needs to find k nearest neigh-
bors for each test example. This leads to ©(mn) time complexity
and O(mn) memory consumption. where m is the number of test
examples. To predict the class labels for the test examples, it leads
to O(mq) time complexity and ©(mq) memory consumption,

4. Experiments

In this section, we empirically evaluate the effectiveness of our
proposed method LPLC. We compare our method with five well-
established multi-label learning algorithms over twelve multi-label
benchmark data sets from various domains and scales. Sensitivity
analysis for LPLC over the parameters k and « is conducted.

4.1. Experiment setup

4.1.1. Data sets

Twelve multi-label benchmark data sets are studied in this pa-
per. The detailed characteristics of these data sets are summarized
in Table 2. Data sets are ordered by the number of instances, and
all these data sets can be downloaded from mulan', lamda?, and
meka®. In Table 2, for each data set, “# Instances” indicates the
total number of examples, “# Features” means the number of fea-
tures, and “# Labels” means the total number of class labels. “Car-
dinality” indicates the average number of labels per instance of a
data set, which is calculated by Eq. (9).

n
Cardinality = % > lvils 9)
iz1

where n is the number of total instances of a data set, y; is a label
set of the ith example.

1 http://mulan.sourceforge.net/datasets.html
2 http://lamda.nju.edu.cn/Data.ashx#data
3 http://meka.sourceforge.net/
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Table 2

Description of data sets.
ID  Data set # Instances  # Features  # Labels  Cardinality = Domain
1 flags 194 19 7 3.392 image
2 cal500 502 68 174 26.044 music
3 emotions 593 72 6 1.869 music
4 yeast 2417 103 14 4.237 biology
5 corel5k 5000 499 374 3.522 image
6 rcvlisubsetl 6000 944 101 2.880 text
7 rcvlsubset2 6000 944 101 2.634 text
8 corel16k001 13766 500 153 2.859 image
9 corel16k002 13761 500 164 2.882 image
10 delicious 16015 500 983 19.020 text
1 bookmark 87856 2150 208 2.028 text
12 imdb 120919 1001 28 2.000 text

4.2. Evaluation criteria

To evaluate the performance of different algorithms for
multi-label classification, we use six common evaluation crite-
ria in multi-label classification. Given a testing data set Diest =
{(x;, ¥)}",. where y; € {0, 1}9 is a ground truth label of the i-th
test example, and y; is a predicted label.

Hamming Loss evaluates how many times an instance-label
pair is misclassified, i.e., a label not belonging to the instance is
predicted or a label belonging to the instance is not predicted,

. 11 o
H Loss = — > ~|y;A¥;
amming Loss 2 qul Vil

(10)

where A represents the symmetric difference of two sets.
Accuracy evaluates Jaccard similarity between the ground truth
labels and the predicted labels,

Z lyi A Vil

lyi v ¥il

Accuracy = (11)

Exact-Match evaluates how many times the ground truth labels
and the predicted labels are exactly matched,

l m
m Z[[Yi =Vi
i=1

F; is the integrated version of precision and recall for each ex-
ample,

1 n Zpir;
Fr=—
! mgpi-i—ri

Exact-Match = (12)

(13)

where p; and r; are the precision and recall for the ith example.
Macro F; is the integrated version of precision and recall for
each label,

1 Xq: 2pir;
q = PitTi
where p; and r; are the precision and recall for the ith label.
Micro F; is an extended version of the single label F; Measure
to multi-label classification, and it treats every entry of the la-

bel vector as an individual instance regardless of label distinc-
tion,

Macro F, (14)

Micro Fy = — m]:1 =l T (15)
Z Zyij + Z Zﬁu
j=1i=1 j=1i=1

The above evaluation criteria include label-based evaluation cri-
teria (e.g., Macro-F; and Micro-F;) and example-based evaluation

criteria (e.g., Hamming Loss, Accuracy, Exact-Match and F;). These
evaluation criteria are widely used in multi-label literatures, and
they evaluate the performance of multi-label algorithms from var-
ious aspects. For all of these criteria except hamming loss, the
larger the value of them, the better the performance of the clas-
sifier.

4.3. Comparison algorithms

We compare our proposed method LPLC with the following
state-of-the-art multi-label classification algorithms.

1. ECC [31]: Ensemble Classifier Chains. It is an ensemble ver-
sion of CC, where the ensemble size m is set to be 10. The
chains order y; 1y, Yz 2. ---» Yz for each CC is generated ran-
domly. Libsvm [42] is utilized as base binary learner for each
binary (one-vs-rest) classifier of ECC, where the kernel func-
tion is set as linear kernel, and the parameter C is tuned in
{1074,1073, ..., 10%}.

2. MCC* [38]: Efficient monte carlo methods for multi-
dimensional learning with classifier chains. SVM fitted with
logistic models in the SMO implementation with polynomial
kernel is utilized as base binary learner for each binary (one-vs-
rest) classifier of MCC, and C is tuned in {104,103, ..., 10%}.

3. ML-LOC® [2]: Multi-label learning by exploiting label correla-
tions locally. For ML-LOC, m = 15, and XAq, A, are searched in
{104,103, ..., 10%}.

4. ML-KNNGC [22]: A lazy learning approach to multi-label learning.
k is searched in {3,5,...,21}.

5. LLSF’ [30]: Learning label specific features for multi-
label classification. Parameters «, B are both searched in
{210 2-9 210} and p is searched in {0.1, 1, 10}.

6. LPLC®: The proposed method in this paper. Parameter « is
searched in {0.1,0.2,...,1}, and k is searched in {3,5,...,21}.

All the comparing algorithms are summarized in Table 3. The
column named “Type of Correlation” indicates which type of label
correlation the corresponding algorithm incorporates.

4.4. Parameter sensitivity analysis

In our proposed method LPLC, there are two important param-
eters, i.e., k is the number of nearest neighbors, and « controls the
tradeoff between positive and negative correlation. To study the

Source code: http:

4 /meka.sourceforge.net/
5 Source code: http:
6

7

/lamda.nju.edu.cn/Data.ashx
Source code: http://cse.seu.edu.cn/PersonalPage/zhangml/
Source code: http://www.escience.cn/people/huangjun/index.html.
8 Source code will be available at: http://www.escience.cn/people/huangjun/
index.html.
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Table 3

Comparing algorithms.
Method Type of correlation Publication
ECC High-order, global, positive [31]
MCC High-order, global, positive [38]
ML-LOC High-order, local, positive [2]
ML-kNN  First-order [22]
LLSF Second-order, global, positive [30]
LPLC Second-order, local, positive and negative  proposed

sensitivity of LPLC with respect to k and «, we conduct parameter
sensitivity analysis for LPLC on five data sets, e.g., emotions, cal500,

rcvlsubsetl, corel16k001, and delicious. Parameter k is searched in
{3, 5, .., 21}, and « is tuned in {0.1,0.5,0.6,...,1}. Fig. 4 illus-
trates the experimental results of LPLC in terms of each evaluation
criterion. The horizontal axis of each sub-figure indicates different

57 9111315171921
k

(ac)

Fig. 4. Parameter sensitivity analysis of LPLC with respect to k and «.

Table 4

Summary of the Friedman Statistics F:(k =6, N = 10) and the
critical value in terms of each evaluation criterion (k: # Com-
paring Algorithms; N:

3579 ‘Hk1315171921

(ad)

# Data sets).

Evaluation criterion  Fg Critical value (@ = 0.05)
Hamming Loss 9.2609 24221

Accuracy 11.4148

Exact-Match 5.5564

Fi 11.2442

Macro F; 23.7784

Micro Fy 16.7563

values of k, and the vertical axis represents the result of each eval-
uation criterion.

Based on the experimental results, the following observations
can be made:
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Table 5

Experimental results of each comparing algorithm (mean+ std) on ten data sets in terms of Hamming Loss, Accuracy and

Exact Match.

Data set Hamming Loss |,

MLKNN ECC MCC ML-LOC LLSF LPLC
flags 0.284+ 0.027 0.288+ 0.022 0.273+ 0.048 0.262+ 0.027 0.267+ 0.015 0.279+ 0.010
cal500 0.140+ 0.001 0.138+ 0.005 0.204+ 0.006  0.138+ 0.002 0.144+ 0.005 0.155+ 0.002
emotions 0.202+ 0.004 0.214+ 0.016 0.215+ 0.021 0.210+ 0.008 0.191+ 0.013 0.197+ 0.011
yeast 0.197+ 0.007 0.228+ 0.008 0.218+ 0.012 0.193+ 0.003 0.203+ 0.007 0.202+ 0.008
corel5k 0.009-+ 0.000  0.012+ 0.000 0.017+ 0.000 0.009+ 0.000  0.012+ 0.000 0.011+ 0.000
rcvlsubsetl 0.026+ 0.000  0.029+ 0.000  0.034+ 0.000  0.026+ 0.000 0.029+ 0.000 0.030+ 0.000
rcvlsubset2 0.024+ 0.000 0.025+ 0.001 0.033+ 0.004  0.022+ 0.000 0.025+ 0.001 0.027+ 0.000
corel16k001 0.019+ 0.000 0.021+ 0.001 0.020+ 0.000  0.019+ 0.000 0.023+ 0.000 0.025+ 0.000
corel16k002  0.017+ 0.000  0.019+ 0.001 0.030+ 0.000  0.019+ 0.000  0.021+ 0.000  0.024+ 0.000
delicious 0.018+ 0.000 0.031+ 0.000 0.029+ 0.000  0.018+ 0.000 0.019+ 0.000 0.022+ 0.000
bookmark 0.009+ 0.000  0.016+ 0.000 DNF DNF 0.009+ 0.000  0.017+ 0.000
imdb 0.071+ 0.000 0.085+ 0.000  0.120+ 0.000 DNF 0.085+ 0.000 0.081+ 0.003
Data set Accuracy 1

MLENN ECC MCC ML-LOC LLSF LPLC
flags 0.555+ 0.035 0.560+ 0.027 0.580+ 0.069 0.568+ 0.028 0.581+ 0.038 0.607+ 0.016
cal500 0.201+ 0.007 0.194+ 0.011 0.201+ 0.005 0.204+ 0.007 0.263+ 0.014 0.276+ 0.007
emotions 0.541+ 0.018 0.540+ 0.034  0.553+ 0.042 0.497+ 0.029 0.518+ 0.038 0.565+ 0.016
yeast 0.509+ 0.015 0.490+ 0.019 0.491+ 0.025 0.510+ 0.000 0.500+ 0.017 0.542+ 0.013
corel5k 0.041+ 0.005 0.118+ 0.009 0.104+ 0.003 0.039+ 0.002 0.144+ 0.007 0.121+ 0.009
rcvlsubsetl 0.274+ 0.008 0.339+ 0.008  0.320+ 0.006  0.256+ 0.003 0.351+ 0.005 0.377+ 0.004
rcvisubset2  0.281+ 0.007  0.411+ 0.013 0332+ 0.041  0.308+ 0.009  0.356+ 0.007  0.383+ 0.012
corel16k001 0.026+ 0.002 0.091+ 0.016 0.106+ 0.001 0.034+ 0.004  0.144+ 0.005 0.117+ 0.001
corel16k002 0.026+ 0.004 0.095+ 0.025 0.100+ 0.002 0.029+ 0.004  0.132+ 0.004 0.122+ 0.005
delicious 0.129+ 0.005 0.154+ 0.001 0.168+ 0.001 0.134+ 0.003 0.201+ 0.002 0.194+ 0.001
bookmark 0.236+ 0.004 0.271+ 0.001 DNF DNF 0.257+ 0.003 0.292+ 0.002
imdb 0.006+ 0.000  0.083+ 0.001 0.143+ 0.002 DNF 0.243+ 0.002 0.211+ 0.006
Data set Exact-Match 1

MLKNN ECC MCC ML-LOC LLSF LPLC
flags 0.098+ 0.030 0.191+ 0.014 0.140+ 0.086 0.115+ 0.038 0.139+ 0.055 0.123+ 0.030
cal500 0.000+ 0.000  0.000+ 0.000  0.000+ 0.000  0.000+ 0.000  0.000+ 0.000  0.000+ 0.000
emotions 0.292+ 0.031 0.309+ 0.041 0.299+ 0.060 0.261+ 0.014 0.292+ 0.027 0.303+ 0.023
yeast 0.174+ 0.015 0.164+ 0.026 0.189+ 0.021 0.199+ 0.004 0.151+ 0.019 0.186+ 0.026
corel5k 0.005+ 0.001 0.015+ 0.003 0.007+ 0.004 0.007+ 0.000  0.008+ 0.001 0.016+ 0.002
rcvlsubsetl 0.090+ 0.011 0.222+ 0.007 0.137+ 0.007 0.095+ 0.005 0.051+ 0.006 0.143+ 0.009
rcvlsubset2 0.156+ 0.010 0.328+ 0.004 0.156+ 0.079 0.207+ 0.019 0.173+ 0.014 0.210+ 0.009
corel16k001  0.004+ 0.001  0.019+ 0.004  0.017+ 0.002 0.004+ 0.000  0.014+ 0.002  0.018+ 0.001
corel16k002 0.004+ 0.001 0.018+ 0.003 0.019+ 0.001 0.004+ 0.000  0.013+ 0.001 0.017+ 0.002
delicious 0.001+ 0.000 0.001+ 0.002 0.003+ 0.002 0.002+ 0.000  0.000+ 0.000  0.003+ 0.000
bookmark 0.211+ 0.003 0.199+ 0.001 DNF DNF 0.208+ 0.004 0.228+ 0.002
imdb 0.004+ 0.000  0.060+ 0.000 0.021+ 0.002 DNF 0.077+ 0.002 0.111+ 0.002

« After incorporating negative label correlations (i.e. & < 1), the
result of LPLC is better than only considering positive label cor-
relations (i.e. when o = 1, LPLC only considering positive label
correlations) in most cases. These results clearly justify the ef-
fectiveness of exploiting negative label correlations.

If « is too small, e.g., when o = 0.1, the effect of positive label
correlation is much less than negative label correlation, then
the performance of LPLC is poor. The main reason might be
the sparsity of the label matrix of multi-label data, the times
that a label pair not co-occurred is much larger than that of
co-occurred. Thus, the reliability of negative label correlation,
learned by LPLC, is weaker than that of positive label correla-
tion. We suggest that « should be greater than or equal to 0.5,
especially for the data set with large number of labels but small
cardinality.

Given «, the performance of LPLC is improved and then de-
graded with the increase of k on the data set with small num-
ber of labels or large number of labels and large cardinality
(e.g., emotions, cal500, and delicious, where the detailed char-
acteristics of them are all summarized in Table 2); while on
the data set with large number of labels but small cardinal-
ity (e.g., rcvlsubset1 and corel16k001), the performance of LPLC
degrades quickly with the increase of k. One reason might be

that the smaller the cardinality, the more sparse the label ma-
trix, thus the reliability of negative label correlation becomes
lower.

According to the parameter sensitivity analysis, we can see that
the best parameter setting for different data sets are different.
Thus, in the following experiments, we search the best configura-
tion for the parameters for each data set by 5-fold cross validation
on the training data.

4.5. Comparison results

In our experiment, on each data set, we randomly split each
data set into the training (80%) and test (20%) sets for 10 times,
and report the average results as well as standard deviations over
the 10 repetitions. The best experimental results of each compar-
ing algorithm over the data sets are reported in Tables 5 and 6.
“DNF” indicates the experiment is not finished, and | (1) indicates
the smaller (larger) the value, the better the performance. Best re-
sults are highlighted in bold.

To analyze the relative performance among the comparing al-
gorithms systematically, Friedman test [43] is employed to con-
duct performance analysis here which is regarded as the favor-
able statistical test for comparisons among multiple algorithms
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Table 6
Experimental results of each comparing algorithm (mean std) on ten data sets in terms of F;, Macro F,, and Micro F;.

Data set F 1

MLKNN ECC MCC ML-LOC LLSF LPLC
flags 0.679+ 0.034  0.676+ 0.026  0.700+ 0.053  0.695+ 0.025  0.698+ 0.033  0.732+ 0.012
cal500 0.330+ 0.009  0.319+ 0.016 0.325+ 0.009  0.334+ 0.010 0.410+ 0.017 0.423+ 0.008
emotions 0.625+ 0.018 0.617+ 0.035 0.638+ 0.041 0.576+ 0.033 0.590+ 0.040  0.650+ 0.013
yeast 0.615+ 0.015 0.600+ 0.016  0.595+ 0.026  0.612+ 0.001 0.609+ 0.015 0.648+ 0.009
corel5k 0.056+ 0.006  0.167+ 0.013 0.152+ 0.003 0.052+ 0.003  0.208-+ 0.011 0.168+ 0.011
rcvisubsetl 0.346+ 0.007  0.390+ 0.010  0.395+ 0.008  0.321+ 0.006  0.456+ 0.006  0.465+ 0.003
rcvlsubset2 0331+ 0.008  0.444+ 0.017  0.405+ 0.026  0.349+ 0.005  0.426+ 0.006  0.450+ 0.013
corel16k001  0.035+ 0.003  0.124+ 0.022 0.148+ 0.002  0.047+ 0.006  0.204+ 0.007  0.164+ 0.002
corel16k002  0.036+ 0.006  0.131+ 0.036 0.138+ 0.004  0.040+ 0.006  0.186+ 0.006  0.172+ 0.006
delicious 0.201+ 0.007  0.243+ 0.001 0.263+ 0.001  0.218+ 0.005  0.306+ 0.003  0.298+ 0.001
bookmark 0.246+ 0.004  0.304+ 0.002  DNF DNF 0.2774+ 0.003  0.322+ 0.002
imdb 0.007+ 0.000  0.092+ 0.001  0.200+ 0.002  DNF 0.311+ 0.002 0.251+ 0.010
Data set Macro F; 1

MLKNN ECC MCC ML-LOC LLSF LPLC
flags 0.534+ 0.041 0.573+ 0.020  0.635+ 0.069  0.546+ 0.012 0.615+ 0.033 0.623+ 0.048
cal500 0.060+ 0.002  0.039+ 0.002  0.163+ 0.001 0.044+ 0.002  0.068+ 0.007  0.125+ 0.004
emotions 0.633+ 0.016 0.629+ 0.039  0.655+ 0.031 0.612+ 0.030 0.625+ 0.036  0.654+ 0.017
yeast 0.364+ 0.013 0.314+ 0.021 0.371+ 0.016 0.346+ 0.007  0.357+ 0.013 0.430+ 0.006
corel5k 0.021+ 0.003  0.025+ 0.003  0.044+ 0.002  0.0174+ 0.000  0.039+ 0.002  0.040+ 0.003
rcvlsubsetl 0.184+ 0.005 0.202+ 0.011 0.247+ 0.010 0.141+ 0.007 0.2514+ 0.004  0.278+ 0.006
rcvisubset2  0.142+ 0.005 0.205+ 0.009  0.216+ 0.013 0.131+ 0.005 0.205+ 0.008  0.241+ 0.006
corel16k001 ~ 0.027+ 0.003  0.041+ 0.004  0.031+ 0.001 0.020+ 0.001 0.064+ 0.004  0.073+ 0.002
corel16k002  0.029+ 0.004  0.040+ 0.003  0.084-+ 0.001 0.019+ 0.001 0.067+ 0.003  0.077+ 0.004
delicious 0.064+ 0.002  0.113+ 0.002 0.131+ 0.002 0.066+ 0.000  0.093+ 0.003  0.104+ 0.002
bookmark 0.135+ 0.002 0.197+ 0.002 DNF DNF 0.142+ 0.002 0.187+ 0.001
imdb 0.011+ 0.002 0.035+ 0.000  0.106=+ 0.001 DNF 0.078+ 0.001 0.019+ 0.002
Data set Micro F; 1

MLKNN ECC MCC ML-LOC LLSF LPLC
flags 0.699+ 0.026  0.699+ 0.027  0.721+ 0.059  0.715+ 0.025 0.727+ 0.020  0.748+ 0.013
cal500 0.327+ 0.009  0.313+ 0.016 0.330+ 0.010  0.329+ 0.010  0.409+ 0.018 0.426+ 0.007
emotions 0.663+ 0.018  0.649+ 0.029  0.665+ 0.034  0.637+ 0.022  0.651+ 0.030  0.677+ 0.016
yeast 0.639+ 0.013  0.612+ 0.014 0.617+ 0.024 0.640+ 0.002  0.633+ 0.013 0.667+ 0.009
corel5k 0.081+ 0.008  0.180+ 0.013 0.155+ 0.003 0.078+ 0.003  0.244+ 0.012  0.197+ 0.012
rcvlsubsetl 0386+ 0.007  0.395+ 0.008  0.402+ 0.006 0365+ 0.001  0.495+ 0.005  0.482+ 0.002
rcvisubset2  0.353+ 0.009  0.418+ 0.016 0.387+ 0.019  0.380+ 0.006  0.443+ 0.003  0.456+ 0.008
corel16k001  0.050+ 0.003  0.143+ 0.021 0.168+ 0.001 0.065+ 0.009  0.243+ 0.007  0.186+ 0.002
corel16k002  0.053+ 0.007  0.148+ 0.032 0.145+ 0.002 0.056+ 0.009  0.233+ 0.008  0.190+ 0.007
delicious 0.220+ 0.007  0.240+ 0.002  0.264+ 0.002  0.237+ 0.005  0.343+ 0.003  0.313+ 0.002
bookmark 0.272+ 0.004  0.250+ 0.003  DNF DNF 0.308+ 0.003  0.248+ 0.001
imdb 0.010+ 0.000  0.091+ 0.001 0.217+ 0.001 DNF 0.330+ 0.002  0.241+ 0.009

over a number of data sets. Given k comparing algorithms and
N data sets, let r{ be the rank of the jth algorithm on the ith
data set, where average ranks are assigned in case of ties. Let
R; = %Zi r{ be the average rank for the jth algorithm. Under the
null-hypothesis, which states that all the comparing algorithms
perform equivalently. The Friedman statistic Fr will be distributed
according to the F-distribution with (k — 1) numerator degrees of
freedom and (k — 1)(N — 1) denominator degrees of freedom,

(N—1)x2
F= 7)(;2 a6)
NG 1) -
where x? = 245 | T R? - KL |

Table 4provides the Friedman statistics Fr and the correspond-
ing critical values in terms of each evaluation criterion®. As shown
in Table 4, at significance level o =0.05, the null hypothesis is
clearly rejected in terms of each evaluation criterion. Consequently,
we can proceed with a post-hoc test [43] to analyze the relative
performance among the comparing algorithms. The Bonferroni-

9 As MLLOC does not finish the experiments on bookmark and imdb, and MCC
does not finish the experiment on bookmark. For simplicity, we only conduct the
statistic test on the results of the other ten data sets. Thus, here k is 6, and N equals
to 10.

Dumn test [43] is employed to test whether our proposed method
LPLC achieves competitive performance against the comparing al-
gorithms, where LPLC is considered as the control algorithm. The
performance between two classifiers is significantly different if
their corresponding average ranks differ by at least one critical dif-
ference,

oD = g, KL D) (17)

For Bonferroni-Dumn test, g, = 2.576 at significance level o =
0.05, and thus CD = 2.1552 (k =6, N = 10). Fig. 5 shows the CD
diagrams on each evaluation criterion. In each sub-figure, any com-
paring algorithm whose average rank is within one CD to that of
LPLC is connected. Otherwise, any algorithm not connected with
LPLC is considered to have significant different performance be-
tween them.

Based on these experimental results, the following observations
can be made:

« As first-order algorithms try to optimize Hamming Loss. On
Hamming Loss (see Fig. 5(a)), it can be seen that these algo-
rithms, which incorporate second-order (e.g., LLSF and LPLC) or
high-order (e.g., ECC, MCC) label correlations, obtain worse per-
formance than the first-order algorithm MLKNN.
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Fig. 5. Comparison of LPLC (control algorithm) against other comparing algorithms with the Bonferroni-Dumn test. Groups of classifiers that are not significantly different

from LPLC (at o = 0.05) are connected.

« While on Exact-Match (see Fig. 5(c)), these algorithms, which
incorporate second-order (e.g., LLSF and LPLC) or high-order (e.g.,
ECC, MCC, and ML-LOC) label correlations, obtain better perfor-
mance than the first-order algorithm MLKNN. As previous works
suggest that optimizing Exact-Match need to model label corre-
lations.

LPLC achieves comparable performance against all the compar-
ing algorithms in terms of Hamming Loss and Exact-Match.
LPLC significantly outperforms ML-LOC, MLKNN and ECC, and
achieves statistically superior or at least comparable perfor-
mance against LLSF and MCC in terms of Accuracy, F;, Macro
F; and Micro F;.

To summarize, our proposed method LPLC achieves a competi-
tive performance against other well-established multi-label classi-
fication algorithms.

5. Conclusion

In this paper, we propose a simple and effective Bayesian model
for multi-label classification by exploiting local positive and nega-
tive pairwise label correlations. LPLC tries to find the positive and
negative correlated class label for each ground truth label of all
the training examples. The experimental results show that a multi-
label classifier can benefit from both positive and negative label
correlation among labels. We should set a lower weight to the neg-
ative label correlation, especially for the data sets with large num-
ber of labels but small cardinality. LPLC achieves statistically supe-
rior or comparable performance against the state-of-art methods
in terms of each evaluation criterion.
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