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Abstract—CombNET-II was one of the first meth-
ods proposed for solving classification problems with
large number of categories. This paper proposes an
extension to this model, named CombNET-III, which
replaces the MLP branch networks with multiclass
SVMs and introduces a new probabilistic framework.
The experiments show that CombNET-III outper-
forms both CombNET-II and a single multiclass SVM.
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1 Introduction
Several research fields have to deal with very large

classification problems, and many authors addressed
those that present large number of samples. The ma-
jority of the large-scale classification methods, how-
ever, are not appropriate for problems containing large
numbers of classes, for instance, classifying thousands
of categories. This kind of problem usually also
presents a large number of samples and/or features, as
in the case of human-computer interface applications.

The CombNET-II model proposed by Hotta et al.
[1] was one of the first divide-and-conquer based large
scale classifiers specifically developed for dealing with
classification problems composed by thousands of cat-
egories. It consists of a sequential clustering VQ based
gating network (stem network) and several Multilayer
Perceptron (MLP) based expert classifiers (branch
networks). It has presented several good results in
Chinese character (Kanji) recognition and some other
specific applications. However, as the CombNET-

Stem Network: SGA

C
lu

s
te

r 
1

C
lu

s
te

r 
2

C
lu

s
te

r 
R 

Branch

Network 1

γ

P(ω
k
|x,ν

1
)

Branch

Network 2

γ

P(ω
k
|x,ν

2
)

Branch

Network R

γ

P(ω
k
|x,ν

R
)

...

...

Π
P(ω

k
|x)

P(ν
1
|x) P(ν

2
|x) P(ν

R
|x)

Figure 1: CombNET-III structure

II was originally developed for character recognition
tasks, its application in different kinds of problems is
not straightforward. Also, the Multilayer Perceptron
(MLP) based branch networks presents a large pro-
cessing time and problems of local minima.

The main objectives of this work are the improve-
ment of the CombNET-II performance by the appli-
cation of more modern pattern recognition algorithms
and to develop a generic framework in order to en-
able its application in different scenarios. In order
to accomplish this, a new model is introduced — the
CombNET-III.

2 Proposed Model: CombNET-III
The main modification to CombNET-II proposed in

this paper is the substitution of the MLP branch net-
works by multiclass Support Vector Machines (SVM)
[2] based branch networks. Moreover, as mentioned by
many authors, a classifier should output posterior class
probabilities to allow post processing [3, 4] and appli-
cation in different scenarios. In order that, this paper
introduces a new probabilistic framework for combin-
ing the stem and branch networks information.

The change from MLPs to SVMs is not straightfor-
ward. The SVMs unlimited output function and dif-
ferent output ranges among classifiers make the output
combination inefficient [4]. Many approaches address
the problem of converting the SVM output in a cal-
ibrated probability. In this paper, Platt’s methodol-
ogy [3] was used, which directly converts the function
values to posterior probabilities by fitting the SVM
output with a sigmoidal function.

As the binary classifiers corresponding to one class
were trained with the same samples of that class, their
output probabilities are not statistically independent.
Thus, given a coding matrix MK×H in which K is the
number of classes and H is the number of classifiers,
mk,h = {−1, 0, +1} and zero entries are interpreted
as “don’t care”, the probability of class ωk given an
unknown sample x and a cluster νj is defined as the
average probability outputted by the classifiers con-
taining that class. The proposed decoding function
hence becomes:

P (ωk |x, νj ) =

∑
h:mk,h 6=0

P (yk,h = mk,h |x )

H∑
h=1

|mk,h|
(1)



As a branch network cannot give any information
about the categories that it was not trained to rec-
ognize, it is assumed that:

ωk /∈ νj → P (ωk |x, νj ) =
1
2

(2)

The cluster probability P (νj |x ) represents the confi-
dence of each branch network output, i.e, it weights
between the branch network outputs and 1/2. Hence,
the final posterior probability of the class ωk given an
unknown sample x is calculated as the product of the
probability of class ωk given by each branch network
weighted by the respective cluster probability. Finally,
the proposed framework final equation can be written
as:

P (ωk |x ) = c

R∏

j=1

[
P (νj |x )γ

P (ωk |x, νj )1−γ +

+
1− P (νj |x )γ

2

]
(3)

where γ is a weighting factor and c adjusts the
probabilities scale in order to ensure they are cali-
brated, summing to unity. The final structure of the
CombNET-III is shown diagrammatically in Figure 1.

3 Experiments
The Kanji400 database consists of a subset of the

first 400 categories of the ETL9B database 1. The per-
formance of the proposed model CombNET-III was
compared with the previous model CombNET-II, a
single multiclass SVM and the k-NN method. All
experiments were performed using in-house developed
software packages.

Each categories contains 200 samples, from which
150 samples were used as the training set and 50 sam-
ples as the test set. The characters were resized by
their largest dimension and the peripheral direction
contributivity (PDC) feature extraction method was
applied. For all classifiers except the k-NN, before
the features normalization, each sample vector was in-
dependently normalized to a unitary maximal feature
value and zero feature mean. Also, for all classifiers,
the data was normalized to a zero mean and a unitary
standard deviation.

For the CombNET-II experiments, the MLP neu-
ral networks were trained until the mean square error
(MSE) was smaller than 10−4 or the iteration number
exceeds 500, with learning rate equal to 0.9 and mo-
mentum 0.1, while the number of hidden neurons and
the γ parameter were optimized for each experiment
realization. In the case of the single SVM and the
CombNET-III, the binary SVM classifiers had non-
biased output, a One-versus-One output encoding and
a Gaussian kernel function, whose parameter σ was
optimized for each experiment realization. The soft-
margin C parameter was fixed at 200.

Both divide-and-conquer models CombNET-II and
CombNET-III used the same 12-cluster stem network,
which was trained with similarity threshold and in-
ner potential threshold respectively equal to −1 and

1 Available under request from http://www.is.aist.go.jp/etlcdb
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Figure 2: Recognition rate results comparison for the
Kanji400 database

53, giving an accuracy of 78.70%. Figure 2 depicts
the classification accuracy results for the proposed
method and all compared methods. For the divide-
and-conquer methods, it is also shown the branch net-
works average accuracy. The proposed model outper-
formed the other methods, reducing the single SVM
error rate by around 16% and the previous model
CombNET-II by around 26%.

4 Conclusions
This paper proposed an extension of the previous

large scale classification model CombNET-II in order
to increase classification accuracy and flexibility, the
last one achieved by the introduction of a new proba-
bilistic framework.

Substituting the MLP branch networks by multi-
class SVMs with moderated outputs permitted the
first objective to be accomplish. The local effect
of the Gaussian kernel function reduces the interfer-
ence between the clusters, as the SVM function value
tends to be zero for outlier samples. Finally, the final
classification accuracy of CombNET-III outperformed
all the compared methods (k-NN, single SVM and
CombNET-II), showing that the proposed framework
and the use of SVM branch networks are effective.
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