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Multilabel Classification via Co-evolutionary 
Multilabel Hypernetwork 

Kai-Wei Sun, Chong-Ho Lee, and Jin Wang 

Abstract—Multilabel classification is prevalent in many real-world applications where data instances may be associated with 

multiple labels simultaneously. In multilabel classification, exploiting label correlations is an essential but nontrivial task. Most of 

the existing multilabel learning algorithms are either ineffective or computational demanding and less scalable in exploiting label 

correlations. In this paper, we propose a co-evolutionary multilabel hypernetwork (Co-MLHN) as an attempt to exploit label 

correlations in an effective and efficient way. To this end, we firstly convert the traditional hypernetwork into a multilabel 

hypernetwork (MLHN) where label correlations are explicitly represented. We then propose a co-evolutionary learning algorithm 

to learn an integrated classification model for all labels. The proposed Co-MLHN exploits arbitrary order label correlations and 

has linear computational complexity with respect to the number of labels. Empirical studies on a broad range of multilabel data 

sets demonstrate that Co-MLHN achieves competitive results against state-of-the-art multilabel learning algorithms, in terms of 

both classification performance and scalability with respect to the number of labels. 

Index Terms—Categorization, multilabel learning, hypernetwork, label correlations.   

——————————      —————————— 

1 INTRODUCTION

ULTILABEL classification has attracted significant 
attentions in various real-world applications, such 

as text categorization [1], [2], automatic image annotation 
[3], [4], and bioinformatics [5]. In multilabel classification, 
data instances may be associated with a set of labels cha-
racterizing the multiple semantic meanings they have. Let 
X d be a d-dimensional input space of data instances, 
and Y={y1,y2,...,ym} be a label space with m class labels. For 
a multilabel instance (xi,Yi), xiX is a d-dimensional fea-
ture vector xi=[xi1,xi2,...,xid], and YiY is a label set asso-
ciated with xi. Given a training data set D={(xi,Yi)|1i N}, 
the task of multilabel learning is to learn a function h: 
X2|Y| which can predict a proper label set Y*Y for a 
given instance xX.  

Traditional binary or multi-class classification can be 
regarded as degenerated version of multilabel classifica-
tion if each instance is confined to have only one class 
label [6]. The generality of multilabel classification makes 
it challenging to solve. The main challenge of multilabel 
classification lies in how to effectively and efficiently ex-
ploit correlations among labels [7]. A major difference 
between multilabel classification and traditional binary or 
multi-class classification is that labels in multilabel classi-
fication are not mutually exclusive but may be correlated. 
The correlations among labels are beneficial to label pre-
diction, however, to exploit correlations among labels is a 
nontrivial task. Firstly, labels may be correlated in various 
degrees including low-order and high-order correlations. 
Secondly, the number of possible label combinations is 
exponential to the number of labels, which can lead to 
great challenges to the efficiency and scalability of the 

learning algorithm when the number of labels becomes 
large. In recent years, many learning algorithms have 
been proposed in the literature to deal with multilabel 
classification problems [6], [8], [9]. However, most of the 
existing multilabel learning algorithms cannot be both 
effective and efficient in exploiting correlations among 
labels. For example, binary relevance (BR) [8] is concep-
tually simple but it ignores the correlations among labels, 
other multilabel learning algorithms such as calibrate la-
bel ranking (CLR) [10], random k-labelset (RAkEL) [11] 
and classifier chains (CC) [12] consider the correlations 
among labels, however, their computational complexity 
grows dramatically as the number of labels increases. 
Thus, how to effectively and efficiently make use of corre-
lations in the label space still remains an open question. 

In this paper, we propose a co-evolutionary multilabel 
hypernetwork (Co-MLHN) to address multilabel classifi-
cation problems in an effective and efficient way. Co-
MLHN is derived from the hypernetwork which is a ran-
dom graphic model for learning and memory inspired by 
bio-molecular networks in the cell [13]. Hypernetwork 
employs hypergraph to represent high-order interactions 
among multiple variables. Because of its capability to 
represent high-order relations, hypernetwork has been 
successfully applied to various machine learning tasks 
[14], [15], [16]. In order to deal with multilabel classifica-
tion problems using hypernetwork, we firstly convert the 
traditional hypernetwork into a multilabel hypernetwork 
(MLHN) where correlations among labels are explicitly 
represented. Furthermore, we propose a co-evolutionary 
learning algorithm to learn MLHN from the training data. 
To thoroughly evaluate the classification performance 
and scalability of Co-MLHN, comparative studies over 
six regular-scale data sets and seven relatively large data 
sets have been conducted. The experimental results dem-
onstrate that : 1) Co-MLHN achieves superior classifica-
tion performance against various state-of-the-art multila-

———————————————— 

 K. W. Sun and C. H. Lee are with the Department of Information and 
Communication Engineering, Inha University, Incheon 402-751, Korea.  
E-mail: skw@inhaina.net; chlee@inha.ar.kr. 

 J. Wang is with the Chongqing Key Laboratory of Computational Intelli-
gence, Chongqing University of Posts and Telecommunications, Chongq-
ing 400065, China. E-mail: wangjin@cqupt.edu.cn. 

M 



1041-4347 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more
information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TKDE.2016.2566621, IEEE Transactions on Knowledge and Data Engineering

2  

 

bel learning algorithms; 2) Co-MLHN scales well with 
respect to the number of labels. 

The rest of this paper is organized as follows. In sec-
tion 2, we review some related work on multilabel classi-
fication. Section 3 describes details of Co-MLHN method. 
Experimental results on various multilabel data sets and 
analysis of the experimental results are presented in Sec-
tion 4. Finally, Section 5 concludes our work. 

2 RELATED WORK  

Modeling dependencies among class labels is one of the 
core goals of multilabel classification [17], [18]. Zhang and 
Zhou [6], [19] categorize the existing multilabel classifica-
tion algorithms into three families, i.e. first-order strategy, 
second-order strategy, and high-order strategy based on the 
order of label correlations that the learning algorithms 
have considered. Recently, several dimensionality reduc-
tion algorithms have been proposed for multilabel learn-
ing [7], [20]. Many of these algorithms attempt to solve 
the curse of dimensionality problem meanwhile capture 
correlations among labels.   

The first-order strategy treats class labels independently 
and ignores correlations among labels. Binary relevance 
(BR) [8] and multilabel k nearest neighbors (ML-kNN) [21] 
are two representative algorithms of the first-order strategy. 
BR deals with multilabel learning problem by decompos-
ing it into a lot of binary learning problems (one for each 
label) and learning each binary classifier independently. 
Because of its conceptual simplicity, BR is usually used as 
building blocks in many advanced multilabel learning 
methods. The basic idea of ML-kNN is to adapt k nearest 
neighbor techniques to deal with multilabel data, where 
maximum a posterior (MAP) rule is utilized to make pre-
diction by reasoning with the labeling information embo-
died in the neighbors. The second-order strategy exploits 
the correlations between any two different labels. Typical-
ly, the second-order label correlations are considered by 
ranking between relevant labels (i.e. labels that belong to 
a data instance) and irrelevant labels (i.e. labels that do 
not belong to a data instance) or by mining correlations 
between any pair of labels. Calibrate label ranking (CLR) 
[10] tackles multilabel classification problem by decom-
posing it into binary classification problems in a one-vs.-
one manner. For a multilabel data set with m labels, CLR 
learns a total of m(m-1)/2 binary classifiers, one for each 
pair of labels. For an unseen instance, CLR feeds it to the 
m(m-1)/2 learned binary classifiers to obtain the overall 
votes on each possible label. Backpropagation for multi-
label learning (BPMLL) [22] is an adaptation of the classic 
backpropagation algorithm. BPMLL considers ranking 
between relevant labels and irrelevant labels and employs 
a novel error function to capture the characteristic of mul-
tilabel learning, i.e. the labels belonging to an instance 
should be ranked higher than those not belonging to that 
instance. Algorithms of the higher-order strategy, such as 
label powerset (LP) [8], random k-labelset (RAkEL) [11], 
generalized k-labelset ensemble (GLE) [23], and classifier 
chains (CC) [12] consider high-order correlations among 
labels. RAkEL transforms a multilabel learning problem 

into an ensemble of multi-class learning problems. Each 
component learner in the ensemble is built upon a ran-
dom subset of the original label set using LP technique. 
GLE is a basis expansion model for multilabel classifica-
tion, where an LP classifier trained on a random k-labelset 
is regarded as a basis function. GLE learns expansion 
coefficients to minimize the global error between the pre-
diction and the ground truth. The basic idea of CC is to 
transform a multilabel learning problem into a chain of 
binary learning problems. Each binary classifier deals 
with the binary learning problem associated with one 
label, and these binary classifiers are linked along a chain 
where subsequent binary classifiers are built upon the 
predictions of preceding ones. The first-order strategy is 
conceptually simple, but it cannot utilize label correla-
tions to improve classification performance. The second-
order strategy only considers correlations between any two 
different labels. Thus, its classification performance may 
be limited when label correlations go beyond second-
order. Besides, its learning efficiency and scalability suffer 
from the quadratic computational complexity with re-
spect to the number of labels when label space becomes 
large. The high-order strategy is very effective in exploiting 
high-order label correlations, but its high-order correla-
tions modeling capability is obtained at the cost of high 
computation complexity.  

Similar to many machine learning and data mining 
tasks, multilabel learning also suffers from the curse of 
dimensionality [7]. In many multilabel learning applica-
tions such as text categorization, the dimensionality of 
instance space and label space can be very high. Recently, 
many algorithms that aim at solving the high dimensio-
nality problem meanwhile capturing correlations among 
labels have been proposed. In [24], a compressed labeling 
(CL) method has been proposed to solve the imbalance, 
dependency and high dimensionality of the label space in 
multilabel learning. Zhou and Tao [25] propose a multila-
bel subspace ensemble (MSE) method to deal with the 
exponential-sized output space of multilabel learning. 
Canonical correlation analysis (CCA) is a well-known 
technique for finding the correlations between two sets of 
multidimensional variables. In [26], CCA is applied to 
reduce dimensionality meanwhile capture label correla-
tions. Hypergraph Spectral Learning (HSL) [27] is a novel 
dimensionality reduction algorithm for multi-label data 
by exploiting correlations among different labels using a 
hypergraph. A shared-subspace learning framework (SSL) 
[28] is also applied to multilabel learning. In SSL, the cor-
relations among multiple labels are captured by a lower-
dimensional subspace shared among all labels. 

Note that both Co-MLHN and hypergraph spectral 
learning (HSL) use hypergraph to capture correlations 
among labels. Co-MLHN differs from the HSL method in 
following aspects: 1) essentially, HSL is a dimensionality 
reduction method while Co-MLHN is a multilabel ma-
chine learning method. HSL learns a transformation ma-
trix to project high dimensional data onto a lower-
dimensional space where the linear support vector ma-
chine (SVM) is applied for each label separately. Co-
MLHN learns an integrated classification model for all 
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labels by a co-evolutionary learning algorithm; 2) in HSL 
correlations among labels are represented by the pro-
jected lower-dimensional space while in Co-MLHN corre-
lations among labels are explicitly represented by the la-
bel vectors and weight vectors of hyperedges; 3) in HSL 
the vertices of hyperedge are data instances and a hyper-
graph is used to exploit high-order relations among mul-
tiple instances sharing the same label while in Co-MLHN 
hyperedges are viewed as subspaces of instance space 
and label correlations are exploited from these subspaces. 

3 CO-EVOLUTIONARY MULTILABEL HYPERNETWORK 

In this section, we present details of Co-MLHN. Tradi-
tional hypernetwork is introduced in Section 3.1. Section 
3.2 describes the conversion of traditional hypernetwork 
into multilabel hypernetwork. Section 3.3 presents the co-
evolutionary learning of Co-MLHN. The computational 
complexity of Co-MLHN is presented in Section 3.4. 

3.1 Traditional Hypernetwork 

Hypernetwork is a weighted random hypergraph where 
high-order interactions among vertices are represented in 
hyperedges [13]. Formally, a hypernetwork is defined by 
a triple H=(V,E,W), where V, E, W denote vertices, hyper-
edges, and hyperedge weights, respectively. In hyper-
network, a vertex corresponds to a feature or a data vari-
able, a hyperedge represents an arbitrary relationship of 
two or more vertices. Each hyperedge of hypernetwork is 
associated with a weight to indicate the importance of the 
relationship among vertices. Therefore, a hypernetwork is 
regarded as a large collection of hyperedges that charac-
terize high-order relationships among features. 

In hypernetwork, a learning task can be regarded as 
storing or memorizing a given data set D={xi|1iN}, 
where xi=[xi1, xi2,…, xid] is a data instance represented by a 
d-dimensional feature vector, so that the stored data can 
be retrieved later. Let ε(xi; W) denote the energy function 
of hypernetwork, where xi is the ith stored data instance 
and W represents the weights of hyperedges. The proba-
bility of a data instance being generated from the hyper-
network is given as a Gibbs distribution, which is defined 
in (1). 

  
 

  
1
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P W W
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 x x   (1) 

In (1), exp(-ε(xi; W)) is called Boltzmann factor and 
Z(W) is a normalizing term which is defined in (2). 
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In supervised learning, each training data instance is 
associated with a label y. The hypernetwork classifier can 
be represented by adding an extra vertex y to the vertex 
set V. Therefore, hypernetwork represents the joint prob-
ability distribution of input instance x and class label y. 
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For the classification of data using hypernetwork, giv-
en an input instance x, its class label y* is determined by 

calculating the conditional probability on each class, and 
selecting the class label that has the highest conditional 
probability as the output. The classification method of 
hypernetwork is shown in (4). 
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Hypernetwork represents a probabilistic model of data 
via a population of hyperedges and their weights. Thus, it 
can be learned to fit the training data set. The task of 
hypernetwork leaning is to update the weights of hyper-
edges so that the classification errors on training data are 
minimized. Many hypernetwork learning methods have 
been proposed to deal with various machine learning 
tasks [29], [30]. 

3.2 Multilabel Hypernetwork 

In multilabel classification, each data instance xi is asso-
ciated with a label set Yi which can be represented by an 
m-dimensional label vector yi=[yi1, yi2,…, yim], with yij=1 
indicating that label j is in Yi, and yij=0 otherwise. All 
possible labels share the same instance space and are 
linked together. We assume that if an instance is asso-
ciated with multiple labels, there must be some subspaces 
of the instance space that are shared by these labels with 
various orders. For example, given a multilabel data in-
stance xi= [xi1,xi2,…,xid] which is associated with a label set 
Yi={a,b,c}, labels a and b may share subspace [xi1,xi2,xik] 
(kd) while labels b and c may share subspace [xi3,xij] (jd). 
Based on this assumption, we convert the traditional 
hypernetwork into a multilabel hypernetwork (MLHN) 
so that the label correlations are explicitly represented by 
MLHN. MLHN is also defined by a triple H=(V, E, W), 
where V is a vertex set which corresponds to data fea-
tures, E is a set of hyperedges, W=[w1,w2,…,w|E|]T is a 
real-valued matrix where each row stands for the weight 
vector of a specific hyperedge. In MLHN, each hyperedge 
ei is composed of three parts: a vertex set vi V, a label 
vector yi=[yi1,yi2,…,yim], and a weight vector wi=[wi1, 
wi2,…,wim], vi and yi

 are generated from a training data 
instance, wi are parameters learned from training data. 
Fig. 1 compares MLHN with traditional hypernetwork. 

Like the traditional hypernetwork, MLHN is also re-
garded as a probabilistic memory where a multilabel 
training data set is stored. MLHN represents joint proba-
bilities P(x,yi|W) (1≤i≤m) of input instance x and class 
labels y1, y2,…, ym via hyperedges and their weight vectors. 
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In (5), ε(x,yi; W) is the energy function which can be 
expressed in many ways, such as log function and sigmo-
id function, Z(W) is a normalizing term, W is the weight 
matrix of MLHN, and yi∈{0,1}. 

For the classification of an instance x, MLHN returns a 
probability vector P=[P(y1=1|x),P(y2=1|x),…,P(ym=1|x)], 
where P(yi=1|x) (1 i m) is calculated by (6). 
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In (6), P(x,yi=1) is derived from P(x,yi|W), P(x) is the 
probability of x being observed by MLHN, which is calcu-
lated in (7). 
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In this paper, we utilize a log function to describe the 
energy function of MLHN. Therefore, the energy function 
is defined in (8), where |E| is the total number of hyper-
edges in MLHN, wji is the weight of the label i of hyper-
edge ej, I(x,yi; ej) is a matching function which is defined 
in (9). For any label yi (1im), it has only two values, i.e. 
yi∈{0,1}, so I(x;ej) can be calculated as I(x;ej)=I(x,yi=1;ej)+ 
I(x,yi=0; ej). 
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In (9), yji is the value of label i of hyperedge ej, dis(x;ej) 
is the Euclidean distance between x and the vertex values 
of hyperedge ej, and  is a threshold. The threshold value 
  is determined by (10), where Gx is the set of nearest 
neighbors of data instance x, D is the training data set. 
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Based on above description, the conditional probability 
of each label belonging to a data instance is calculated in 
(11), where wji is the ith weight value of the weight vector 
of hyperedge ej. 

For the classification of a multilabel instance, MLHN 
returns a real-valued vector to indicate the probabilities of 
having the corresponding class labels. In order to gener-
ate a proper label set, we apply a threshold on each value 
of the probability vector. The detailed label prediction 
approach is shown in (12). 
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In (12), tj is the threshold value for class label j. The 
calculation of the threshold for each label is shown in (13) 
and (14), where yij is the true value of the label j of the ith 
training instance and y* 

j  is the value of label j predicted by 
(12) using a threshold value t. 
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In multilabel classification, all the labels overlap in the 
label space, but a data instance has only a subset of these 
labels. If we can exclude some impossible labels, the un-
certainty of label prediction can be reduced. To do this, 
we introduce a k-nearest neighbor method into MLHN. In 
the learning and classification process of MLHN, for each 
instance its k nearest neighbors are identified firstly, then 
only hyperedges that are generated from these neighbors 
are used to match this instance. The nearest neighbors set 
a boundary of hyperedges that are used for matching. In 
this way, the uncertainty of label prediction is reduced, as 
only related labels of nearest neighbors are regarded as 
candidates of label prediction. 

The pseudo-code of MLHN classification is summa-

 
Fig. 1. Comparison of multilabel hypernetwork with traditional hypernetwork model 



1041-4347 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more
information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TKDE.2016.2566621, IEEE Transactions on Knowledge and Data Engineering

 5 

 

rized in Table 1. In Table 1, the value W[i] equals the de-
nominator of (11), the value Ŵ[i] equals the numerator of 
(11), and Ŵ[i]/W[i] is the probability P(yi=1|x) of a data 
instance x having label i. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Here, we explain how MLHN captures correlations 
among labels. From (11), we can see that for two different 
labels i and j, if they appear in the same hyperedges fre-
quently and have similar weight values, then they will 
have similar probability of being predicted to a data in-
stance. This holds true for more than two correlated labels. 
Since the vertex sets and label vectors of hyperedges are 
generated from the training data, and correlated labels 
appear in the same training instances frequently, thus 
correlated labels also appear in the same hyperedges fre-
quently. The weight values represent the importance of 
vertices to the corresponding labels, thus the weight vec-
tor of hyperedge provides a quantitative measure of the 
correlations among labels. Suppose that we have a hyper-
edge ei=(vi,yi,wi), where vi={xi1,xi2,xij,xik} (j,kd,jk), yi=[yi1= 
0,…,yia=1,yib=1,yic=1,…,yim=0], and wi=[wi1=1.0,…,wia= 1.0, 
wib=1.0, wic=1.0,…,wim=1.0] (1.0 is the initial weight), The 
hyperedge ei indicates that labels a, b and c might share 
the subspace represented by vi and may also be correlated 

in this subspace. After learning, the weight vector is up-
dated and we can obtain a new weight vector wi= [wi1= 
w1,…wia=wa,wib=wb,wic=wc,…,wim=wm]. If wa≈wb, wa>1.0, wb> 
1.0, we say that labels a and b share the subspace 
represented by vi and they are also correlated in this sub-
space, if wa≈wb≈wc wa>1.0, wb>1.0, and wc>1.0, we say that 
label a, b and c share the subspace represented by vi and 
they are also correlated in this subspace. From the above 
example, we can see that the label correlations are quanti-
tatively and explicitly represented by MLHN. 

3.3 Co-evolutionary Learning of MLHN 

MLHN represents high-order relationships between fea-
ture subsets and multiple class labels using a population 
of hyperedges and their weight vectors. Values of the 
weight vectors are learned from training data. From (11) 
we note that for correlated labels if they have similar 
weight values in hyperedges, the probability that they are 
assigned to a data instance simultaneously will be high. 
In this section, we propose a co-evolutionary algorithm to 
learn MLHN from training data. The co-evolutionary 
learning algorithm takes both prediction errors of labels 
and prediction disagreements among correlated labels 
into consideration. The framework of co-evolutionary 
multilabel hypernetwork (Co-MLHN) is shown in Fig.2. 
In the following passages, we describe each step of the 
learning of Co-MLHN in detail. 

The learning process of Co-MLHN begins with an ini-
tial multilabel hypernetwork. Hyperedges are generated 
from the training data set. Given a training instance (x,y), 
where x=[x1,x2,…,xd], y=[y1,y2,…,ym], a hyperedge is gen-
erated by randomly sampling a subset of vertices from 
the vertex set, taking y as the label vector, and associating 
an initial weight vector to this hyperedge. Suppose a 
hyperedge e=(v,y,w) is generated, v={x1,xi,xk} (id, kd, ki) 
is the vertex set, y=[y1,y2,…,ym] is the label vector, and 
w=[w1,w2,…,wm] is the weight vector, wi=1.0 (1im) is the 
initial weight value. 

Due to the randomness of hyperedge generation, it is 
necessary to replace hyperedges so that hyperedges with 
better representation of the training data are included in 
MLHN model. In the hyperedge replacement process, for 
each hyperedge ei we firstly calculate its fitness, then gen-
erate a new hyperedge from the same training example 
from which hyperedge ei was generated and calculate the 
fitness of the new hyperedge. If the fitness of the new 
hyperedge is bigger than the fitness of hyperedge ei, then 
hyperedge ei is replaced by the new hyperedge. The fit-
ness of a hyperedge is calculated in (15). 
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In (15), G is the set of training instances that match 
with hyperedge ei, m is the number of possible labels, yij is 
the value of label j of instance (xi,yi), and y'j is the value of 
label j in the label vector of hyperedge ei. We note that the 
fitness of a hyperedge is calculated as the average of simi-
larities between hyperedge labels and the labels of train-
ing instances that match with the hyperedge. The higher 
the similarity the bigger the fitness. And from (11), we 

TABLE 1 

Pseudo-code of MLHN Classification 

[P,y]=MLHNClassification(H,D,x,T,k) 

Input: MLHN: H=(V,E,W); D: training data set; un-
seen instance: x; threshold vector: T=[t1,t2,…,tm]; the 
number of nearest neighbors: k. 
Output: probability vector P; predicted label y. 
Process: 
1. Identify k nearest neighbor instances for x from D 
2.Extract hyperedges that are generated from neigh-

bor instances and match with x into a set U. 
3. for i=1 to m  do 
4.     W[i]←0 
5.     for each ej∈U  
6.         W[i]=W[i]+wji 
7.      end for 
8.end for 
9. for i=1 to m do 
10. From U, extract hyperedges with class label yi=1 

into a hyperedge set U1 
11. Ŵ[i]←0 
12.  for each hyperedge ej∈U1 
            Ŵ[i]= Ŵ[i]+ wji 
13.  end for 
14.end for 
15. for i=1 to m do 
16.     P(yi=1|x)= Ŵ[i]/W[i] 
17.     P[i]= P(yi=1|x) 
18.     if P(yi=1|x)≥ ti 
19.          y[i]=1; 
20.     else 
21.          y[i]=0; 
22.   end if 
23. end for 
24.Return P and y. 
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can also see that the higher the similarity between the 
labels of a training instance and the labels of hyperedges 
that match with this instance, the higher the probability of 
the instance being correctly classified. 

The learning of traditional hypernetwork aims at mi-
nimizing errors of label prediction. However, in multila-
bel classification there exist prediction disagreements 
among correlated labels except for errors of label predic-
tion. For example, let yi and yj (i≠j) be two highly corre-
lated labels, MLHN may predict label yi to an instance 
with a probability of 0.9 while predicting label yj to the 

same instance with a probability of 0.1. Therefore, there 
exists a big disagreement on the prediction of labels yi 
and yj, as we assume that highly correlated labels should 
have similar probabilities of being predicted to the same 
instance. In this paper, we utilize the KL divergence to 
measure the prediction disagreements among correlated 
labels. KL divergence is a non-symmetric measure of the 
difference between two probability distributions. For two 
correlated labels yi and yj (i≠j) of a training instance x, the 
prediction disagreement between them is expressed in 
(16). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

    
 

 {0,1}

log
i

i j i
l

j

P y l
KLD y y P y l

P y l

 
  
 
 


x

x
x

  (16) 

From (16), we can see that the bigger the difference be-
tween the probability distribution of yi and yj, the bigger 
the value of KLD(yi‖yj). 

Given a training data set D={(xn ,yn)|1nN}, the classi-
fication errors and prediction disagreements among cor-
related labels are shown in (17) and (18), where P*(ynj=1| 
xn){0,1} is the target probability of data instance (xn,yn) 
having label j, P(ynj=1|xn) is obtained from the output of 
MLHN classification, i is the label that is correctly classi-
fied by MLHN and has the highest probability of being 1, 
ynj is the value of label j of training instance (xn ,yn) (ynj is 
used to indicate that although label j is correlated with 
label i if label j is not in the label set of a given instance, i.e. 
ynj=0, we do not consider the prediction disagreement 
between them), and g(R(i,j)) is a function used to verify 
whether the label j is possibly correlated with label i. 
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The function g(R(i,j)) is defined in (19), where ξ is a 
threshold, R(i,j) is the co-occurrence of  label j  with label i. 
The value of R(i,j) is calculated in (20). 

   
 

 

1 if ,
g ,

0 if ,

R i j
R i j

R i j





 
 



  (19) 

  
  

   ,

, | 1 and 1
,

, | 1n n

n n ni nj

D
n n ni

y y
R i j

y

 





x y

x y

x y
  (20) 

The error function shown in (18) takes both label pre-
diction errors and prediction disagreements among corre-
lated labels into account. By integrating prediction errors 
on each label and prediction disagreements among corre-
lated labels, correlated labels enhance each other during 
the learning process. The goal of co-evolutionary learning 
algorithm is to minimized the error function Err(W) 
shown in (17). The learning algorithm runs in a gradient 
descent manner. Give a training instance (xn ,yn), we clas-
sify it using current MLHN and update the weight values 
of weight vectors of hyperedges that match with this in-
stance. The pseudo-code of co-evolutionary learning of 
Co-MLHN is shown in Table 2. 

The weight  updating is shown in (21), where wkj is the 
weight of label j of hyperedge ek,  Δwkj is expressed in (22). 

 kj kj kj
w w w    (21) 
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To facilitate description, we divided Errn(W) into two 
parts, i.e. Errn(W)= Errn1(W)+Errn2(W), Errn1(W) denotes 
label prediction errors, Errn2(W)) represents prediction 
disagreements among correlated labels. 

 

 
Fig. 2. Framework of co-evolutionary multilabel hypernetwork. 



1041-4347 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more
information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI
10.1109/TKDE.2016.2566621, IEEE Transactions on Knowledge and Data Engineering

 7 

 

      


    
 

2

*

1
1

1
1| 1|

2

m

n nj n nj n
j

Err P y P yW x x  (23) 

       
 


 2
1

,
n ni nj nj

j m
j i

Err KLD y y g R i j yW   (24) 

Thus, the calculation of Δwkj is expressed in (25), (26), 
(27), (28), (29) ,(30) and (31). 
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3.4 Computational Complexity 

Co-MLHN represents a probabilistic model of data using 
a population of hyperedges and their weight vectors. In 
the learning process, given a training instance, it is classi-
fied by MLHN, and the weight vectors of hyperedges that 
match with this instance are updated based on the classi-
fication results. Given a training data set with N instances 
and m possible labels, the computational complexity for 
training is O(N2+ckN+ckmN), where c is a constant integer 
that controls the size of Co-MLHN, k is the number of 
nearest neighbors. For the classification of an unseen in-
stance, its k nearest neighbors in the training data set are 
identified and hyperedges generated from the neighbors 
are extracted and used to match with this instance, then a  
probability vector and a predicted label vector are gener-
ated from the weight vectors of matching hyperedges. 
Therefore, given a test data set with M instances, the 
computational complexity for testing is O(MN+ckM+mM). 

4 EXPERIMENTS 

4.1 Data Sets 

In order to present comprehensive experimental studies, 
we conduct experiments on 13 data sets covering a broad 
range of cases. Table 3 summarizes characteristics of all 
multilabel data sets used in the experiments. All data sets 
are collected from Mulan1. In Table 3, "|D|" is the num-
ber of instances, "L(D)" is the number of labels, "dim(D)" is 
the dimension of instance space, "LC(D)" is the average 
number of labels that are associated with each instance. 
Data sets are ordered by |D|, six regular-scale data sets 
(first part in Table 3,|D|<5000) and seven relatively large 
data sets (second part in Table 3,|D|≥5000 and L(D)> 100) 
are included. Dimensionality reduction is performed on 
text data sets using the fuzzy relevance measure pro-
posed by Lee and Jiang [31]. After fuzzy transformation, 
each document is represented by a fuzzy relevance vector 
which has the same dimension as the label space. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4.2 Evaluation Metrics 

Let S={(xi,Yi)|1≤i≤M} be a test set with M test instances, 
 

1 http://mulan.sourceforge.net/datasets-mlc.html 

TABLE 2 

Pseudo-code of MLHN Co-evolutionary Learning 

H*=Co-MLHN(H0,D,T,k, ξ) 

Input: initial MLHN: H0=(V,E,W); training data D= 
{(xn ,yn)|1nN}; training times: T; the number of 
nearest neighbors k; threshold: ξ 
Output: a learned MLHN H*=(V,E,W) 
1: for t=1 to T do 
2:     for i=1 to N do 
3:          Get the ith training instance (xi ,yi) 
4:          Classify(xi ,yi) using current MLHN Ht-1 

5:          Get predict label vector  1 2
ˆ ˆ ˆˆ , , ],[ my y yy  

6:          Get  probability vector P=[ P1, P2,…, Pm] 
7:          Extract hyperedges that match xi into set U 
8:          for j=1 to m do 

9:              if  ˆ
j ijy y  

10:                for each hyperedge ek∈U 
11:                     Update weights wkj←wkj+Δwkj 
12:                 end for 
13:             end if 
14:         end for 
15:      end for 
16:   Ht←Ht-1+ΔHt-1 
17:  end for 
18:  Return Ht 

 

TABLE 3 

Multilabel Data Sets Used in Experiments 

Data set |D| dim(D) L(D) LC (D) Domain 

CAL500 502 68 174 26.044 music 
emotions 593 72 6 1.869 music 
medical 978 1449 45 1.245 text 
enron 1702 1001 53 3.378 text 
scene 2407 294 6 1.074 image 
yeast 2417 103 14 4.237 biology 

corel5k 5000 499 374 3.522 image 
rcv1-s1 6000 47236 101 2.880 text 
rcv1-s2 6000 47236 101 2.634 text 
bibtex 7395 1836 159 2.402 text 
delicious 16105 500 983 19.020 text 
eurlex-dc 19348 5000 412 1.292 text 
eurlex-sm 19348 5000 201 2.213 text 
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Y={1,2,…,m} be a set of possible labels, and h be the 
learned multilabel classifier. Given a test instance xi, the 
label set predicted by h is represented by h(xi), and f(xi, y) 
is a real-valued function that concerns the ranking quality 
of label y for instance xi. The function rf (xi, y) maps the 
output of f(xi,y) to one element in the set {1,2,…,m} for a 
test instance (xi, Yi). If f(xi, y1)> f(xi, y2), then rf (xi, y1)< rf (xi 
y2). Based on above description, five evaluation metrics [6] 
employed in this paper are presented as follows: 

1. Hamming loss: 

   
1

1 1M

i i
i

hloss h h Y
M m

  x  

Here, Δ stands for the symmetric difference be-
tween two sets. Hamming loss evaluates the frac-
tion of instance-label pairs which have been mis-
classified, i.e. a relevant label is missed or an irre-
levant label is predicted. 

2. Example based F1: 
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3. One-error: 
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One-error evaluates how many times the top 
ranked label is not in the set of proper labels of the 
instance. 

4. Ranking loss: 
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i
Y  is the complementary set of Yi. Ranking loss eva-
luates the average fraction of label pairs that are 
not correctly ordered. 

5. Average precision: 
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Average Precision evaluates the average fraction of 
labels ranked above a particular label yY(i) which 
is actually in Y(i). 

4.3 Comparing Algorithms and Parameter Setting 

In this section, we introduce several state-of-the-art multi-
label learning methods that are used for benchmark com-
parison. Table 4 lists seven comparing algorithms along 
with their parameter settings. The parameter setting of 
each comparing algorithm is recommended by the author 
of the corresponding citation. Implementations of OVA-
SVM, ML-kNN, CLR, BPMLL, RAkEL and ECC are ob-
tained from Mulan2 [32]. The implementation of MLR3 is 
provided by Bucak et al. In Co-MLHN, some parameters 
 

2 available at http://mulan.sourceforge.net/download.html 
3 available at https://www.cse.msu.edu/~bucakser/software.html 

need to be set. The learning rate η is set to be 0.01 in all expe-
riments. The number of nearest neighbor k is set to be 20 for 
all data sets. The threshold ξ on the co-occur frequency of 
two labels is set to be 0.4 in all experiments. The number of 
learning epochs is set to be 20. All experiments were run on 
a computer equipped with an Intel Core CPU (i5-2500k @ 
3.30 GHz) and 8GB memory. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4.4 Experimental Results 

4.4.1 Classification Performance Comparison 

In this section, we compare Co-MLHN against seven 
well-established multilabel learning algorithms to vali-
date its classification effectiveness. On each data set, 50% 
instances are randomly sampled as training data, and the 
rest 50% instances are used as testing data. The sampling 
process is repeated for ten times and the average classifi-
cation results across ten training/testing trails are re-
ported. Tables 5 and 6 show the classification results of 
each algorithm on regular-scale and relatively large data 
sets in terms of fives evaluation metrics, respectively. In 
Tables 5 and 6, for each evaluation metric, "↓" indicates 
"the smaller the better" while "↑" indicates "the larger the 
better". On each data set, the best result among the com-
paring algorithms is shown in boldface. In Table 6, the 
classification results of CLR on delicious data set are 
missing because CLR was unable to finish training under 
memory limits. In addition, in order to verify whether Co-
MLHN has statistically significant advantages over compar-
ing algorithms, we conduct Wilcoxon signed-rank test at 5% 
significance level on the classification results. We use a term 
“A>B” to express that algorithm A has statistically signifi-
cant advantage over algorithm B. Since in multilabel classifi-
cation it is difficult for an algorithm to achieve the best re-
sults over all types of evaluation measures, in order to give 
an overall assessment of algorithms in terms of various 
evaluation measures, a score based ranking method is used 
to rank algorithms over various evaluation measures. In 
detail, for a given evaluation measure, if “A>B” holds, then 
algorithm A gets a positive score "+1" while algorithm B ob-
tains a negative score "-1", the final ranking score of each 

TABLE 4 

Comparing Algorithms Used in Experiments 

algorithm Parameter setting 

one-vs.-all SVM (OVA-SVM)[8] 
base leaner: SVM with linear 

kernel. 

Multilabel k nearest neighbors 

(ML-kNN) [18] 

smooth=1.0, number of 

nearest neighbors k=10. 

Multilabel ranking (MLR)[33] 
base learner: SVM with 

linear kernel. 

Calibrate label ranking (CLR)[9] 
base leaner: SVM with linear 

kernel. 

Backpropagation for multilabel 

learning (BPMLL)[19] 

learn rate: 0.05, hidden 

units: 20% of input units. 

Random k-labelsets (RAkEL)[10] 
labelset size k=3, ensemble 

size=2m . 

Ensembles of classifier chains 

(ECC)[34] 

base learner: SVM with 

linear kernel, ensemble size: 

50. 
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algorithm is the sum of scores obtained from all evaluation 
measures. The Wilcoxon signed-rank test results and final 
ranking score of each algorithm are reported in Table 7. 

From Table 7, we can see that Co-MLHN obtains the 
highest ranking score compared with other multilabel 
learning algorithms, which demonstrates the classifica-

tion effectiveness of Co-MLHN. We can also see that 
across the five evaluation metrics Co-MLHN trends to 
work better in terms of Example based F1, One-error and 
Average precision. To summarize, it is reasonable for us to 
draw the conclusion that Co-MLHN is effective in ad-
dressing multilabel classification problems. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4.4.2 Efficiency and Scalability Comparison 

Firstly, we conduct experiments on two regular-scale data 
sets (i.e. CAL500 and yeast) and four relatively large data 
sets (i.e. corel5k, rvc1-s1, eurlex-dc, and delicious) and 
compare the training and testing time of each comparing 
algorithm except for the MLR (MLR is implemented us-
ing Matlab while other algorithms are implemented using 
Java). Table 8 reports the training and testing time of each 

algorithm. In Table 8, for each data set, the least training 
and testing time is marked in boldface. 

Secondly, we consider how different methods scale 
with respect to the number of labels. To do this, we run 
Co-MLHN and the comparing algorithms on eight artifi-
cial data sets created from the eurlex-dc data set. The ar-
tificial data sets also use 50% instances for training, and 
the rest 50% instances for testing, but the number of labels 
varies from 50 to 400 with an interval of 50. Fig. 3 shows 

TABLE 5 

Classification Performance (mean±std.) of Each Comparing Algorithm on Regular-Scale Data Sets 

data sets 
Hamming loss ↓ 

OVA-SVM ML-kNN MLR CLR BPMLL RAkEL ECC Co-MLHN 

CAL500 0.138±0.001 0.140±0.001 0.173±0.003 0.140±0.004 0.276±0.015 0.138±0.002 0.142±0.002 0.136±0.002 

emotions 0.202±0.005 0.207±0.005 0.181±0.012 0.201±0.008 0.215±0.008 0.197±0.007 0.198±0.007 0.205±0.001 

medical 0.012±0.001 0.013±0.001 0.030±0.003 0.023±0.003 0.026±0.004 0.012±0.001 0.012±0.001 0.011±0.001 

enron 0.046±0.001 0.049±0.001 0.064±0.003 0.047±0.001 0.070±0.005 0.047±0.002 0.048+0.001 0.043±0.001 

scene 0.110±0.003 0.093±0.003 0.074±0.003 0.111±0.002 0.249±0.059 0.096±0.002 0.093±0.001 0.091±0.002 

yeast 0.202±0.002 0.198±0.002 0.202±0.003 0.202±0.003 0.235±0.005 0.201±0.003 0.203±0.002 0.202±0.002 

data sets 
Example based F1 ↑ 

OVA-SVM ML-kNN MLR CLR BPMLL RAkEL ECC Co-MLHN 

CAL500 0.336±0.007 0.319±0.009 0.354±0.003 0.296±0.007 0.404±0.023 0.344±0.008 0.347±0.008 0.360±0.001 

emotions 0.582±0.013 0.582±0.023 0.654±0.020 0.592±0.018 0.638±0.014 0.643±0.013 0.634±0.015 0.662±0.003 

medical 0.665±0.026 0.669±0.021 0.433±0.066 0.241±0.018 0.574±0.048 0.664±0.025 0.729±0.015 0.794±0.003 

enron 0.534±0.008 0.517±0.009 0.457±0.048 0.528±0.010 0.553±0.018 0.535±0.006 0.561±0.005 0.565±0.001 

scene 0.613±0.010 0.673±0.010 0.745±0.009 0.622±0.009 0.505±0.059 0.690±0.007 0.695±0.007 0.750±0.006 

yeast 0.606±0.005 0.607±0.008 0.642±0.008 0.610±0.005 0.607±0.009 0.627±0.005 0.619±0.005 0.644±0.002 

data sets 
One-error ↓ 

OVA-SVM ML-kNN MLR CLR BPMLL RAkEL ECC Co-MLHN 

CAL500 0.413±0.022 0.120±0.009 0.238±0.032 0.178±0.105 0.190±0.045 0.310±0.037 0.151±0.017 0.145±0.004 

emotions 0.317±0.024 0.290±0.016 0.257±0.016 0.259±0.016 0.306±0.016 0.269±0.018 0.263±0.022 0.282±0.008 

medical 0.305±0.027 0.189±0.013 0.540±0.072 0.676±0.153 0.404±0.071 0.290±0.026 0.170±0.013 0.206±0.001 

enron 0.330±0.011 0.233±0.011 0.352±0.048 0.211±0.009 0.276±0.023 0.305±0.017 0.268±0.010 0.233±0.002 

scene 0.352±0.013 0.240±0.011 0.206±0.009 0.257±0.007 0.526±0.069 0.245±0.010 0.234±0.007 0.241±0.005 

yeast 0.257±0.005 0.238±0.008 0.227±0.017 0.227±0.010 0.281±0.015 0.256±0.006 0.245±0.012 0.225±0.001 

data sets 
Ranking loss ↓ 

OVA-SVM ML-kNN MLR CLR BPMLL RAkEL ECC Co-MLHN 

CAL500 0.497±0.005 0.185±0.002 0.241±0.005 0.196±0.002 0.183±0.004 0.442±0.008 0.206±0.004 0.198±0.002 

emotions 0.284±0.020 0.179±0.008 0.156±0.013 0.158±0.007 0.176±0.010 0.204±0.010 0.165±0.009 0.172±0.005 

medical 0.153±0.014 0.043±0.005 0.094±0.008 0.113±0.013 0.033±0.005 0.146±0.014 0.055±0.006 0.068±0.003 

enron 0.304±0.006 0.088±0.003 0.123±0.005 0.085±0.011 0.081±0.003 0.287±0.006 0.146±0.006 0.114±0.001 

scene 0.176±0.008 0.084±0.005 0.062±0.003 0.082±0.002 0.166±0.035 0.106±0.004 0.083±0.003 0.083±0.001 

yeast 0.324±0.007 0.171±0.003 0.168±0.005 0.170±0.002 0.200±0.007 0.254±0.006 0.187±0.004 0.172±0.001 

data sets 
Average precision ↑ 

OVA-SVM ML-kNN MLR CLR BPMLL RAkEL ECC Co-MLHN 

CAL500 0.293±0.003 0.486±0.006 0.441±0.005 0.480±0.042 0.498±0.006 0.353±0.006 0.463±0.007 0.481±0.052 

emotions 0.731±0.014 0.786±0.008 0.808±0.011 0.807±0.007 0.785±0.010 0.784±0.009 0.803±0.010 0.812±0.005 

medical 0.693±0.024 0.848±0.010 0.567±0.048 0.412±0.069 0.745±0.041 0.706±0.023 0.846±0.012 0.854±0.015 

enron 0.488±0.007 0.670±0.005 0.560±0.023 0.665±0.020 0.668±0.016 0.527±0.007 0.648±0.016 0.671±0.001 

scene 0.767±0.008 0.856±0.007 0.881±0.005 0.850±0.003 0.696±0.047 0.845±0.006 0.855±0.004 0.858±0.004 

yeast 0.666±0.004 0.757±0.004 0.756±0.005 0.758±0.004 0.726±0.009 0.714±0.004 0.758±0.004 0.761±0.008 
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the training and testing time (in seconds and logarithm 
scale) of each algorithm on the artificial data sets. 

Thirdly, we consider the runtime efficiency of different 
methods with respect to the number of instances. We 
conduct two groups of experiments to see how different 
algorithms scale with respect to the number of training 
instances. One is to consider the scalability of each algo-
rithm with respect to training data size when the number 
of labels is small. Nine artificial data sets are created from 
the eurlex-dc data set,  each of them has 10 possible labels, 

and the number of training instances varies from 1000 to 
17,000 with an interval of 2000. The other is to consider 
the scalability of each algorithm with respect to the train-
ing data size when the number of labels is large. Also, 
nine artificial data sets are created from the eurlex-dc data 
set, each of them has 412 possible labels, and the number 
of training instances varies from 1000 to 17,000 with an 
interval of 2000. Fig. 4 shows the training time (in seconds 
and logarithm scale) of each algorithm with respect to 
different number of training instances. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

TABLE 6 

Classification Performance (mean±std.) of Each Comparing Algorithm on Relatively Large Data Sets 

data set 
Hamming loss ↓ 

OVA-SVM ML-kNN MLR CLR BPMLL RAkEL ECC Co-MLHN 

corel5k 0.009±0.000 0.009±0.000 0.017±0.001 0.009±0.000 0.057±0.004 0.009±0.001 0.010±0.001 0.008±0.000 

rcv1-s1 0.026±0.001 0.027±0.001 0.046±0.003 0.026±0.001 0.035±0.002 0.026±0.001 0.027±0.001 0.024±0.003 

rcv1-s2 0.023±0.000 0.023±0.000 0.042±0.002 0.023±0.000 0.032±0.000 0.023±0.000 0.023±0.000 0.023±0.000 

bibtex 0.013±0.001 0.013±0.001 0.027±0.001 0.013±0.000 0.068±0.007 0.013±0.001 0.012±0.000 0.013±0.003 

delicious 0.018±0.001 0.018±0.001 0.037±0.001 ─ 0.127±0.005 0.019±0.001 0.018±0.001 0.016±0.002 

eurlex-dc 0.002±0.000 0.002±0.000 0.056±0.005 0.003±0.000 0.390±0.001 0.002±0.001 0.002±0.000 0.002±0.000 

eurlex-sm 0.006±0.000 0.006±0.000 0.078±0.011 0.008±0.001 0.035±0.002 0.006±0.001 0.005±0.001 0.006±0.000 

data set 
Example based F1 ↑ 

OVA-SVM ML-kNN MLR CLR BPMLL RAkEL ECC Co-MLHN 

corel5k 0.068±0.006 0.059±0.003 0.107±0.032 0.037±0.007 0.166±0.006 0.066±0.005 0.161±0.003 0.193±0.001 

rcv1-s1 0.304±0.001 0.391±0.012 0.166±0.050 0.289±0.054 0.463±0.015 0.306±0.001 0.382±0.005 0.480±0.004 

rcv1-s2 0.356±0.004 0.449±0.004 0.182±0.083 0.300±0.006 0.501±0.001 0.362±0.003 0.426±0.007 0.530±0.001 

bibtex 0.276±0.002 0.307±0.006 0.101±0.018 0.271±0.003 0.252±0.013 0.274±0.004 0.303±0.002 0.433±0.002 

delicious 0.174±0.002 0.184±0.004 0.121±0.011 ─ 0.193±0.004 0.106±0.002 0.178±0.001 0.252±0.002 

eurlex-dc 0.551±0.002 0.589±0.001 0.266±0.003 0.087±0.002 0.005±0.001 0.552±0.002 0.614±0.003 0.707±0.002 

eurlex-sm 0.645±0.003 0.678±0.001 0.288±0.003 0.333±0.009 0.320±0.053 0.646±0.003 0.685±0.001 0.742±0.002 

data set 
One-error ↓ 

OVA-SVM ML-kNN MLR CLR BPMLL RAkEL ECC Co-MLHN 

corel5k 0.887±0.008 0.680±0.007 0.822±0.044 0.678±0.008 0.753±0.015 0.883±0.008 0.675±0.004 0.650±0.012 

rcv1-s1 0.616±0.004 0.428±0.001 0.824±0.089 0.431±0.092 0.471±0.030 0.590±0.006 0.464±0.022 0.406±0.004 

rcv1-s2 0.551±0.002 0.415±0.004 0.753±0.015 0.485±0.011 0.429±0.000 0.495±0.001 0.420±0.001 0.410±0.001 

bibtex 0.604±0.005 0.442±0.007 0.799±0.025 0.401±0.010 0.609±0.018 0.596±0.005 0.524±0.001 0.431±0.001 

delicious 0.476±0.004 0.378±0.004 0.422±0.002 ─ 0.565±0.006 0.619±0.001 0.435±0.002 0.364±0.002 

eurlex-dc 0.427±0.001 0.274±0.004 0.871±0.002 0.896±0.004 0.867±0.000 0.420±0.001 0.281±0.004 0.227±0.006 

eurlex-sm 0.270±0.000 0.159±0.002 0.632±0.010 0.454±0.007 0.607±0.117 0.255±0.001 0.180±0.002 0.154±0.003 

data set 
Ranking loss ↓ 

OVA-SVM ML-kNN MLR CLR BPMLL RAkEL ECC Co-MLHN 

corel5k 0.711±0.005 0.126±0.004 0.191±0.011 0.135±0.011 0.114±0.003 0.710±0.005 0.446±0.005 0.242±0.003 

rcv1-s1 0.332±0.002 0.069±0.001 0.199±0.014 0.052±0.048 0.038±0.003 0.324±0.001 0.192±0.005 0.070±0.002 

rcv1-s2 0.291±0.001 0.068±0.003 0.201±0.023 0.096±0.073 0.038±0.001 0.273±0.001 0.165±0.005 0.072±0.001 

bibtex 0.368±0.001 0.121±0.002 0.303±0.006 0.059±0.001 0.087±0.007 0.366±0.002 0.317±0.001 0.144±0.001 

delicious 0.421±0.004 0.126±0.001 0.162±0.001 ─ 0.110±0.002 0.405±0.001 0.335±0.002 0.170±0.002 

eurlex-dc 0.296±0.001 0.038±0.001 0.123±0.004 0.037±0.000 0.376±0.006 0.292±0.001 0.175±0.002 0.058±0.003 

eurlex-sm 0.269±0.003 0.024±0.001 0.104±0.001 0.125±0.002 0.040±0.007 0.260±0.003 0.172±0.001 0.044±0.002 

data set 
Average precision ↑ 

OVA-SVM ML-kNN MLR CLR BPMLL RAkEL ECC Co-MLHN 

corel5k 0.061±0.005 0.296±0.004 0.191±0.001 0.254±0.013 0.245±0.005 0.061±0.004 0.241±0.005 0.305±0.002 

rcv1-s1 0.321±0.003 0.615±0.001 0.237±0.041 0.605±0.102 0.598±0.015 0.340±0.001 0.527±0.012 0.642±0.002 

rcv1-s2 0.380±0.003 0.645±0.004 0.246±0.062 0.535±0.157 0.626±0.001 0.428±0.004 0.593±0.001 0.655±0.002 

bibtex 0.275±0.002 0.509±0.004 0.155±0.020 0.524±0.005 0.392±0.015 0.278±0.003 0.367±0.004 0.526±0.001 

delicious 0.135±0.005 0.340±0.002 0.279±0.022 ─ 0.267±0.005 0.169±0.001 0.246±0.001 0.348±0.031 

eurlex-dc 0.541±0.003 0.769±0.004 0.201±0.002 0.234±0.002 0.013±0.001 0.548±0.003 0.701±0.003 0.774±0.001 

eurlex-sm 0.598±0.003 0.815±0.001 0.344±0.007 0.429±0.008 0.472±0.085 0.611±0.003 0.723±0.002 0.818±0.001 
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From Table 8, we observe that ML-kNN costs least 
training time over six data sets and BPMLL costs least 
testing time over five data sets. Co-MLHN consumes 
comparable execution time to OVA-SVM in training and 
testing phase on CAL500, yeast, corel5k, rvc1-s1, eurlex-
dc data sets, however, Co-MLHN consumes much less 
time in training than OVA-SVM on delicious data set. On 
data sets with small number of labels (e.g. yeast, rvc1-s1), 
Co-MLHN performs as well as CLR, BPMLL, RAkEL and 
ECC in training and testing phase. On data sets with large 

number of labels (e.g. corel5k, eurlex-dc, delicious), Co-
MLHN is more efficient than CLR, RAkEL and ECC in 
training and testing phase. The difference on training and 
testing efficiency of these algorithms can be explained by 
their computational complexity and model complexity. 
ML-kNN is a multilabel lazy learning method and its 
computational complexity is linear with respect to the 
number of labels. BPMLL has quadratic computational 
complexity with respect to the number of labels, however, 
its prediction model is very simple (only one prediction 

TABLE 7 

Wilcoxon Signed-rank Test Results and Final Ranking  Score of Each Algorithm 

OVA-SVM (A1), ML-kNN (A2), MLR (A3), CLR (A4), BPMLL (A5), RAkEL (A6), ECC (A7), Co-MLHN (A8) 

Hamming loss 
A1> A5, A2> A5, A3> A5, A4> A5, A6> A3, A6> A4, A6> A5, A7> A3, A7> A5, 

A8> A3, A8> A4, A8> A5. 

A1 A2 A3 A4 A5 A6 A7 A8 

+1 +1 -2 -1 -7 +3 +2 +3 

Example based F1 
A1> A4, A2> A4, A6> A4, A7> A1, A7> A2, A7> A3, A7> A4, A7> A6, A8> A1, 

A8> A2, A8> A3, A8> A4, A8> A5, A8> A6, A8> A7. 

A1 A2 A3 A4 A5 A6 A7 A8 

-1 -1 -2 -5 -1 -1 +4 +7 

Ranking loss 
A2> A1, A2> A3, A2> A6, A2> A7, A2> A8, A3> A6, A4> A1, A4> A6, A4> A7, 

A5> A1, A5> A6, A6> A1, A7> A1, A7> A6, A8> A1, A8> A3, A8> A6, A8> A7. 

A1 A2 A3 A4 A5 A6 A7 A8 

-7 +5 0 +3 +2 -5 -1 +3 

One-error 
A2> A1, A2> A3, A2> A5, A2> A6, A6> A1, A7> A1, A7> A3, A7> A5, A7> A6, 

A8> A1, A8> A3, A8> A4, A8> A5, A8> A6, A8> A7. 

A1 A2 A3 A4 A5 A6 A7 A8 

-4 +4 -3 -1 -3 -2 +3 +6 

Average precision 
A2> A1, A2> A3, A2> A4, A2> A5, A2> A6, A2> A7, A6> A1, A7> A1, A7> A3, 

A7> A6, A7> A1, A8> A1, A8> A2, A8> A3, A8> A4, A8> A5, A8> A6, A8> A7. 

A1 A2 A3 A4 A5 A6 A7 A8 

-4 +5 -3 -2 -2 -2 +1 +7 

Total score A1: -15, A2: +14, A3: -10, A4: -6, A5: -11, A6: -7, A7: +9, A8: +26 

 

TABLE 8 

Training and Testing Time of Each Comparing Algorithm (in Seconds) on Six Benchmark Multilabel Data Sets 

data set OVA-SVM CLR ML-kNN BPMLL RAkEL ECC Co-MLHN 

CAL500 
training time 2.126 39.162 0.213 11.810 12.709 125.511 1.500 
testing time 0.708 8.256 0.178 0.128 0.913 19.164 0.059 

yeast 
training time 3.094 6.866 1.579 2.641 12.043 25.233 5.830 
testing time 0.221 0.396 1.581 0.108 0.415 0.915 0.745 

corel5k 
training time 94.479 418.502 24.120 121.755 551.290 1195.068 55.733 
testing time 29.026 46.233 25.040 3.240 61.672 250.231 5.902 

rcv1-s1 
training time 11.265 43.686 5.544 21.595 59.983 163.053 30.912 
testing time 2.481 23.187 5.576 0.402 5.241 25.631 4.562 

eurlex-dc 
training time 267.350 1639.320 219.445 574.845 3612.497 5639.452 288.454 
testing time 139.634 1004.732 212.179 14.486 269.977 1197.763 71.922 

delicious 
training time 44235.543 ─ 350.815 5933.673 347509.362 412680.530 496.583 
testing time 361.432 ─ 355.016 55.340 485.436 1814.143 102.368 

 

 
Fig. 3. (a) Training time of different algorithms with respect to the number of labels. (b) Testing time of different algorithms with respect 
to the number of labels. 
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model is built, i.e. a testing instance only needs to be clas-
sified by the prediction model one time). OVA-SVM has 
linear computational complexity with respect to the 
number of labels, but it needs to build a lot of binary clas-
sifiers and feeds a testing instance to these binary classifi-
ers to get prediction. When the memory is limited, it be-
comes difficult to maintain a large number of classifiers in 
memory, which can slow down the training and testing 
process. And we believe this may be one reason behind 
the big difference on training efficiency of OVA-SVM on 

eurlex-dc and delicious data sets. CLR has a quadratic 
computational complexity with respect to the number of 
labels and the number of base prediction models is also 
quadratic with respect to the number of labels. RAkEL 
and ECC invest high complexity in exploiting high-order 
correlations among labels. They have complicated predic-
tion models and high computational complexity with 
respect to the number of labels. Co-MLHN builds one 
prediction model for all labels and its computational 
complexity is linear with respect to the number of labels. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

From Fig. 3 we see how different methods scale with 
respect to the number of labels. The training and testing 
time of ECC grow fast as the number of labels increases. 
The training time of RAkEL grows fast as the number of 
labels increases while the testing time appears to scale 
similarly to OVA-SVM. The training and testing time of 
CLR is comparable to OVA-SVM when the number of 
labels is small (m≤150), but CLR is much more time con-
suming when the number of labels becomes large. OVA-
SVM is more efficient in training and testing phase than 
ML-kNN and Co-MLHN when the number of labels is 
less than 200, but when the label number goes beyond 200 
OVA-SVM performs similarly to ML-kNN and Co-MLHN. 
The training and testing time of ML-kNN and Co-MLHN 
do not show significant changes as the number of labels 
increases. Like CLR, BPMLL also has a quadratic compu-
tational complexity with respect to the number of labels, 
but BPMLL is much less sensitive to the number of labels 
than CLR. 

From Fig.4(a) we can see that when the number of la-
bels is small OVA-SVM, CLR, BPMLL and RAkEL have 
obvious learning efficiency advantages over Co-MLHN 
with respect to the number of training instances. When 
the number of labels is large Co-MLHN scales similarly to 
OVA-SVM, BPMLL and outperforms CLR, RAkEL, ECC 
as the number of training instances increases (see Fig.4(b)).  

Based on above experimental results, it is reasonable 
for us to draw a conclusion that Co-MLHN scales well 
with respect to the number of labels, and the runtime effi-
ciency of Co-MLHN is more pronounced on data sets 
with a large number of labels and moderate data size. 

4.4.3 Parameter Sensitivity 

For Co-MLHN, the number of nearest neighbors k is a key 
parameter. In order to study the sensitivity of Co-MLHN 
with respect to k, we experimented with different values 
of parameter k which vary from 5 to 40 with step 5. Fig. 5, 
to Fig. 9 show the classification results of Co-MLHN un-
der different values of k in terms of five evaluation me-
trics, respectively. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

From Fig. 5 to Fig. 9 we observe that Co-MLHN ob-
tains poor classification performance when the value of k 
is small (k<10), the classification performance of Co-
MLHN improves as the value of k increases, and when 
the value of k increases beyond 20 the classification per-
formance of Co-MLHN becomes stable. The reason be-
hind this is that in Co-MLHN the number of nearest 
neighbors k sets a boundary on hyperedges that match 

 
Fig. 4. (a) Training time of different algorithms with respect to number of training instances (the number of labels is 10). (b) Training time 
of different algorithms with respect to number of training instances (the number of labels is 412). 

 
Fig. 5. Hamming loss under different values of k. 
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with an instance. If the value of k is too small, the boun-
dary becomes too narrow, as a result, some related labels 
may be excluded. As the value of k increases more related 
labels can be included, thus the classification performance 
can be improved. After the optimal point, the classifica-
tion performance becomes stable. From Section 3.4, we 
can see that the computational complexity of Co-MLHN 
is also related to the value of k. Thus, taking both classifi-
cation performance and computational complexity into 
consideration, we set k to be 20 in our experiments.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

5 CONCLUSIONS 

In this paper, we propose a Co-MLHN method to deal 
with multilabel classification problems. We firstly convert 
the conventional hypernetwork into a multilabel hyper-
network. We then propose a co-evolutionary learning 
algorithm to learn a multilabel hypernetwork from train-
ing data. Experimental results on a variety of multilabel 

data sets show that Co-MLHN is effective in addressing 
multilabel classification problems and scales well with 
respect to the number of labels.  

In Co-MLHN, we only consider the inclusive correla-
tions among labels, i.e. the co-occurrence of labels. How-
ever, the exclusive relationship among labels is also im-
portant to multilabel classification. In the future, we will 
study how to exploit both inclusive and exclusive correla-
tions among labels using hypernetwork. 
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