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Abstract 

Most previous approaches on multiple instance learning (MIL) had focus on the structures 
between bags, such as positive instance clustering and bag similarity. In this paper, we 
proposed a novel method which called weighted matrix kernel support vector machine 
(WMKSVM) to solve the MIL problems. For WMKSVM, we consider the inner bag structure 
and assign each instance a weight based on a distance metric between each pair of instances 
in the same bag. Experiments on six data sets have shown that WMKSVM performs better 
than other key existing MIL algorithms. 
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1. Introduction 

Multiple instance learning (MIL) is a supervised machine learning 
problem. In an MIL problem, instances are considered to be contained in 
bags (a set of instances is termed as a bag). A bag is classified as a 
positive bag if one or more instances in that bag are positive, otherwise, 
it is classified as a negative bag. The main difference between multiple 
instance learning and traditional supervised learning is that in multiple-
instance learning, class labels are related to bags and the goal is to 
predict unseen bags labels, whereas in traditional supervised learning, 
class labels are related to instances and the goal is to predict the unseen 
instances labels. 

The multiple instance learning is firstly introduced by Dietterich et 
al. [1] on drug activity prediction, besides which, MIL has been applied in 
many other areas, such as image processing [2, 3], text classification       
[4, 5], computer aided diagnosis [6, 7], and it has been viewed as a new 
learning framework compared to the traditional supervised single 
instance learning. Since proposed, MIL has been drawn much attention 
and numerous of MIL algorithms have been proposed, it is difficult to list 
all existing MIL algorithms and we mainly focus on algorithms based on 
support vector machine (SVM) in this paper. Andrews et al. [4] 
reformulates the SVM with label and bag style constraints, and proposed 
two MIL algorithms, mi-SVM and MI-SVM. Many researchers have 
proposed plenty of methods applying SVM to MIL problem [8-23]. Zhou et 
al. [10] considered that the instances in the same bag are rarely 
independent in real tasks, they regarded each bag as a graph and each 
instance as a node in the graph. The basic idea in [10] is to regard every 
bag as an entity to be processed as a whole. With the same idea of this 
article, we also regard each bag as an entity and consider the inner 
structure of each bag. 

The rest of the paper is organized as follows. In Section 2, some 
notations and related works are introduced. In Section 3, we propose our 
WMKSVM. Experiments and results analysis are performed in Section 4. 
Section 5 gives some concluding remarks. 
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2. Related Works 

Many multi-instance learning methods have been developed during 
the past years. Andrews et al. [4] proposed mi-SVM and MI-SVM.          
mi-SVM tries to identify a maximal margin hyperplane for the instances 
with subject to the constraints that at least one instance of each positive 
bag locates in the positive half-space while all instances of negative bags 
locate in the negative half-space; MI-SVM tries to identify a maximal 
margin hyperplane for the bags by regarding margin of the “most positive 
instance” in a bag as the margin of that bag. Kwok and Cheung [18] 
designed marginalized multi-instance kernels by incorporating 
generative model into the kernel design. Chen and Wang [19] proposed 
the DDSVM method which employed diverse density [20] to learn a set of 
instances and then maps the bags to a feature space. Zhou and Xu [9] 
proposed the MissSVM method by regarding instances of negative bags 
as labelled examples while those of positive bags as unlabelled examples 
with positive constraints. In this paper, we proposed a novel method 
which called weighted matrix kernel support vector machine (WMKSVM) 
to solve the MIL problems. For WMKSVM, we consider the inner bag 
structure and assign each instance a weight based on a distance metric 
between each pair of instances in the same bag. 

3. Weighted Matrix Kernel Support Vector Machine 

In this paper, we propose a new multi-instance learning method 
based on inner structure of bags via weighted matrix kernel using in 
support vector machine (WMKSVM). We consider that each instance can 
affect the bag label by its “position” in the bag, which can be presented as 
the distance between it and the other instances in the same bag. With the 
thought of this, we assign each instance a weight, which can be used to 
show the contribution that it makes to the labels of the bag. 
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Before presenting the details, we give the formal definition of multi-
instance learning as following. Let X denote the instance space. Given a 
data set {( ) ( ) ( )},,,,,,,, 11 mmii yXyXyX  where { ,,,1 ijii xxX =  

} X⊆niix ,,  is called a bag and { }1,1 +−=∈ Yiy  is the label of ,iX  

the goal is to generate a learner to classify unseen bags. Here X∈ijx  is 

an instance [ ] ldl ijijijij xxxx ,,,,,1
′  is the value of ijx  at the l-th 

attribute, m is the number of training bags, in  is the number of instances 

in ,iX  and d is the number of attributes. If there exists iig Xx ∈  is a 

positive instance iX  is a positive bag and thus ;1+=iy  otherwise 

.1−=iy  

Proposition 1. Given two multi-instance bags iX  and ,jX  where in  and 
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Similar to SVM, the basic idea of WMKSVM is to construct a decision 
function ( ) ( )( )bXWXf +>φ<= ,sgn  by solving an optimization problem: 

i
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1min  

( )( ) ,1,.s.t iii bXWy ξ−≥+>φ<  

,,,2,1,0 mii =≥ξ  (3) 

where RR ∈∈ ×∞ bW in ,  and .0>C  Considering the Lagrangian 
function of the problem (3) 
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Substituting (5)-(7) into (4), we can get the Wolfe dual form of the 
problem (3): 
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which has the same form as the problem of SVM, but by Proposition 1, 

here [ ] mm
ijHH ×∈= R  and 
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where [ ]
21 ,, niii xxX =  and [ ].,,

21 njjj xxX =  By solving the 

problem (8), we can obtain the decision function of MWKSVM 
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4. Experiments 

In this section, in order to demonstrate the effectiveness of WMKSVM, 
we perform a series of comparative experiments with some other 
classifiers on 5 data sets of Musk1, Musk2, Elephant, Fox, Tiger, the data 
sets details can be found at [21, 4]. Classification accuracy of each 
classifier is estimated by the standard tenfold cross-validation (CV) 
methodology. All the classifiers are tested in MATLAB (2014b) [18] 
running on a PC with system configuration Intel Core2 Celeron (2.6GHz) 
with 2GB of RAM. 
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The comparison results on 5 data sets are shown in Table 1. 

Table 1. Accuracy (%) on benchmark tasks 

Data 
Sets 

MI-SVM[2] mi-SVM[2] EM-DD[23] MI-graph[10] MI-kernel[22] WMKSVM 

Musk1 77.90 87.40 84.80 90.00 88.00 88.80 

Musk2 84.30 83.60 84.90 90.00 89.30 93.00 

Elept 81.40 82.00 78.30 85.10 84.30 85.50 

Fox 59.40 58.20 56.10 61.20 60.30 65.50 

Tiger 84.00 78.90 72.10 81.90 84.20 86.50 

From Table 1, we can see that the classification accuracies of 
WMKSVM is higher than that of the others except on Musk1 data set, 
MI-graph get the highest classification accuracies on Musk1 data set. 

In summary, we can conclude that the presented WMKSVM is an 
effective and competitive classifier on multi-instance learning. 

5. Conclusion 

In this paper, we proposed a novel method which called weighted 
matrix kernel support vector machine (WMKSVM) to solve the MIL 
problems. For WMKSVM, we consider the inner bag structure and assign 
each instance a weight based on a distance metric between each pair of 
instances in the same bag. Experiments on 5 data sets have shown that 
WMKSVM performs better than other key existing MIL algorithms. 

There is also a lot of work to be done, such as generalization of 
modelling, improvement of algorithms. These are the next step of our 
work. 
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