Pruning Training Samples Using a Supervised
Clustering Algorithm

Minzhang Huang!, Hai Zhao', and Bao-Liang Lu'->*

! Center for Brain-Like Computing and Machine Intelligence
Department of Computer Science and Engineering, Shanghai Jiao Tong University
2 MOE-Microsoft Key Laboratory for Intelligent Computing and Intelligent Systems
Shanghai Jiao Tong University
800 Dong Chuan Rd., Shanghai 200240, China
{zhaohai,blu}@cs.sjtu.edu.cn

Abstract. As practical pattern classification tasks are often very-large scale and
serious imbalance such as patent classification, using traditional pattern classi-
fication techniques in a plain way to deal with these tasks has shown inefficient
and ineffective. In this paper, a supervised clustering algorithm based on min-max
modular network with Gaussian-zero-crossing function is adopted to prune train-
ing samples in order to reduce training time and improve generalization accuracy.
The effectiveness of the proposed training sample pruning method is verified on
a group of real patent classification tasks by using support vector machines and
nearest neighbor algorithm.

Keywords: Supervised clustering, Min-max modular network, Gaussian-zero-
crossing function, Patent classification, Training sample pruning.

1 Introduction

More than one million new patent applications are submitted every year. It is a key
problem to automatically classify these incoming patent applications. Currently most
patents are handled in a manual way. For a very large-scale patent database, automatic
classification approach may play an important role of effectively reducing the work-
load. Naive Bayes, k-NN, support vector machines (SVMs) and decision tree have been
successfully applied to patent classification, and SVMs have been shown the best per-
formance [3]].

Patent classification task is often not only very large-scale but also serious imbalance.
As aresult, applying traditional pattern classification techniques becomes unacceptable
for both training time and space complexities or the classification accuracy. Our solution
in this work is to reduce those redundant or unreliable training samples by introducing
a supervised clustering algorithm based on min-max modular network with Gaussian-
zero-crossing function.

Clustering is a method for dividing data into several non-overlapped parts, i.e., clus-
ters. A basic hypothesis about clusters is that data in the same cluster are more similar
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than data in different clusters. There are three types of clustering methods, supervised,
semi-supervised and unsupervised clustering. Unsupervised clustering is a learning
framework using a specific object functions, for example, a function that minimizes
the distances inside a cluster to keep the cluster tight. Supervised clustering is applied
on classified examples with the objective of identifying clusters that have high proba-
bility density with respect to a single class. Semi-supervised clustering is to enhance
a clustering algorithm by using side information in clustering process. It can be subdi-
vided into two major groups: similarity-based methods and search-based methods [2].
Fig.dillustrates the differences among these three types of clustering methods. In Fig.[I]
(b), all the given data are unlabeled. In Fig. [l (c), only the data have a outer circle are
labeled. In Fig.[Tl(d), all the data are labeled.

For supervised clustering, the class information of each data is available, most com-
monly used methods are learning vector quantization (LVQ) [S]] and correlation cluster-
ing [1]]. The simplest clustering action is to add the data into an existing cluster which
closest to it or let the data to be a new cluster itself. But it is still a problem of how to
discriminate these two circumstances. Li and Ye have proposed a supervised clustering
method to solve this problem [[7U8]]. They divide the input space into several grids, only
those data in the same grid can be grouped into the same cluster. But how to define the
size of the grid is still unsolved. In our previous work, we have proposed a new super-
vised clustering method to overcome this difficulty by using min-max modular network
with Gaussian-zero-crossing function [6].
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Fig. 1. Three different clustering methods: (a) given dataset; (b) unsupervised clustering; (c) semi-
supervised clustering; and (d) supervised clustering

The min-max modular network with Gaussian-zero-crossing function (M3-GZC) 9]
is a special case of the min-max modular network (M3-network) [10]. GZC function
is directly adopted to distinguish two samples from different categories. In this paper,
a supervised clustering algorithm based on M3*-GZC is introduced to prune training
samples.

The reminder of this paper is organized as follows. In Section 2, M3-network and
M?3-GZC network are briefly introduced and the supervised clustering algorithm based
on M3-GZC network is described. The experiment results is presented in Section [3
Finally, the last section concludes this paper.
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2 Supervised Clustering Algorithm

2.1 Min-Max Modular Network

The process of constructing an M>-network consists of three steps: a) divide a com-
plex K-class problem into several small independent two-class problems; b) solve these
small problems in parallel, and c) finally integrate them according to two principles,
namely the minimization principle and maximization principle [[10].

Let T be the training set for a K-class classification problem:

T ={X;, D)},

where X; € R" is the input feature vector, D; is the expected output vector, and L is the
number of training samples.

The original K-class problem can be divided into K(K — 1)/2 two-class subproblems
as follows:

Ty = (X", 1= e Ui(XP, e, fori=1,2,...Kand j=i+1,..,K (1)

All of the the two-class problems defined in Eq. (I) can be trained in parallel. Their
outputs are combined by the minimization principle:

M;(x) = min, M;j(x) 2

where M;;(x) represents the discriminative function of the component classifier trained
on T;;. If a two-class problem defined in Eq. (D) is still large and imbalance, it can be
further divided. Assume that X; in () is divided into N; subset:

{x“f)} ' for i=1,2,. 3)

where L(j) denotes the number of training samples belonging to subset X;;, and
U L Xij = X

Accordlng to Eq. (@ each of the two-class problem defined in Eq. (I)) can be decom-
posed into the following relatively smaller two-class subproblems:

)
T = (X", 1 - o UL, o)), (4)
foru = 1,...,N,, v=1,.,N; i= 1,...,Kand] *1

where Xl(i”) € X;, and Xl(jv) € X, are the input vectors belonging to C; and C}, respec-
tively.

The solution to the original problem can be obtained by combining all of the trained
component classifiers as follows:

M(x) = min” M(” (x) 5)

M;i(x) = max M”(x)
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2.2 M3-GZC Network

Suppose that there are two samples x; and x; belonging to class C; and class Cj, re-
spectively. The Gaussian-zero-crossing function can be adopted to separate these two
samples [9]], [L1] and it is defined as follows:

|x = ci lx —cjl

fij(x) = exp(—( )?) — exp(—(

a

), (©6)

where x is the input vector, o = A|c;—c|l|, A is a constant defined by the user, which actu-
ally determines the shape of the GZC function, and A is empirically set to 0.5 throughout
the whole paper.

The output of the M3-GZC network can be precisely defined as follows:

1, yi(x) > 6;, @)
gi(0) = { unknown, 6, < y(x) < 0,
—l, —Hj > y,-(x).

where 6; and 6; are the thresholds for C; and C;, respectively, and y;(x) denotes the
transfer function of M? network for C;.

2.3 Supervised Clustering Algorithm

For a very large-scale pattern classification problem, supervised clustering is useful as
it can effectively reduce the number of training samples. We thus can efficiently train a
pattern classifier on the pruned training set.

The ideology of clustering algorithm is as follows. When a new sample comes, group
it into the cluster which is nearest to it or let itself to be a new cluster. But it is not so easy
to distinguish these two situations. Li and Ye [7I8] defined a grid. Only those samples
in the same grid should be in the same cluster. This brings about another problem: how
to determine the size of the grid.

Here we follow the concept of receptive field [9I6411]. The receptive field is deter-
mined by the distribution of sample data, and it is the local area around the data. So we
can treat the receptive field as the grid. When a new sample comes, we use this receptive
field to decide whether it should be assigned to an existing cluster or a new one.

In detail, the clustering process is as follows. Let (x, ¢) be a new sample. The sample
closest to it is marked as (x’, ¢). If it can be covered in the receptive field of (x’, ¢), then
these two samples are in the same cluster. Otherwise, (x, ¢) will be set to a new cluster.
And we denote this process as M*-GZC-C.

Since the receptive field of the samples will overlap, only those samples closest to
(x, ¢) are considered in the above clustering procedure. This may result in a situation in
which a cluster center may be covered by the receptive filed of another cluster center.
If this case occurs, then these two clusters will be merged. So, we can further compress
the number of samples by using this method. According to the discussion above, this
processing can be formally addressed as follows. For each cluster (x, ¢), find its closet
neighbor (x’, ¢), if (x, ¢) can be involved in (x’, ¢), then merge these two clusters. We
call this process as M*-GZC-CC.
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3 Experiments

In order to verify the effectiveness of our training sample pruning method, we perform
two experiments on Japanese patent classification tasks. In our experiments, we use
M?3-GZC-C to prune the training samples, and M3-GZC-CC to further prune the trining
samples until the number of training samples is kept unchanged. We compare the per-
formance of the patent classifiers with and without our training sample pruning method.
All of the experiments are run on a PC with Intel Core 2 2.83GHz / 4G RAM.

3.1 Experiment Setup

The data set used in our experiments was collected from the NTCIR-5 patent data set [4]
which follows the International Patent Classification (IPC) taxonom. The IPC is a
hierarchically structured system including section, class, subclass, group and subgroup
layers. The section layer is the top layer, and subgroup layer is at the bottom. There are
about 350,000 new Japanese patents each year, and the patents of year 2001 and 2002
are used in our experiments. A patent document is generally stored in XML format
and it is usually consists of three main sections: abstract, claim and description. In
our experiments, theses three sections were weighted equally and indexed into a single
vector by using the TFIDF algorithm. Then the szg [12] feature selection method is
used. Traditional SVMs and nearest-neighbor algorithm are selected as patent classifiers
and compared in our experiments.

3.2 A Two-Class Classification Problem in the Subgroup Layer

Here, we choose the data from the subgroup layer with the categories of HO1L021/027
and HO1L021/60. After feature selection, the dimension of the data is 1941. The data
distribution is shown in Table[ll SVMs with RBF kernel (C=8, g=0.022) are used.

Table 1. Description of training and test data from the subgroup layer

Training Test
HO1L021/027 HO1L021/60 HO1L021/027 HO01L021/60
No. of samples 1256 1003 1045 934

In order to compare the performance of our supervised clustering algorithm with dif-
ferent thresholds, we should search suitable threshold values experimentally. We set 6;
equal to 0.9 and change 8; from 0.0 to 1, and then evaluate the performance with nearest-
neighbor algorithm. The experiment results indicate that §;=0.9 and #;=0.1 have a good
performance with relatively small training sample size. So we use these parameters in
the following experiments.

! The International Patent Classification, which is commonly referred to as the IPC, is based on
an international multi-lateral treaty administered by WIPO. It provides a hierarchical system
of language independent symbols for the classification of patents and utility models according
to the different areas of technology to which they pertain.
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The training and classification results with and without our training sample pruning
method are presented in Tables Pland[3l In Table 2] ‘Size ratio’ means the ratio of the
number of training samples after and before pruning by using the proposed method and
‘No. of incorrect outputs’ means the number of the test samples classified incorrectly.
We can see from this table that the classification accuracy can be improved or at least
be kept with a smaller training sample set by using our training sample pruning method.

The results of Table [ indicate that after clustering the number of support vectors
is reduced and the training and test time are thus less than the case without clustering.
Why the classification accuracy can be improved? It may be attributed to the fact that
the most important support vectors are kept and those less important support vectors are
pruned.

Table 2. Performance comparison of the patent classifiers in subgroup layer with and without our
training sample pruning method

M3-GZC-C M3-GZC-CC Without Clustering

NN SVM NN SVM NN SVM
No. of Training samples 2164 2164 2136 2136 2259 2259
Size ratio (%) 95.79 95.79 94.56 94.50 100 100
Training time (s) 13.8 0.67 135 0.67 143 0.69
No. of incorrect output 92 24 91 24 92 25
Classification accuracy (%) 95.57 98.85 95.62 98.85 95.57 98

Table 3. Comparison of the number of support vectors, training time, and test time of the patent
classifiers in subgroup layer with and without our training sample pruning method

M3-GZC-C M3-GZC-CC Without Clustering

No. of support vectors 239 239 248
Training time (s) 0.67 0.67 0.69
Test time (s) 0.56 0.55 0.61

3.3 An Imbalanced Two-Class Classification Problem in the Section Layer

We choose 84490 samples from the section layer with the categories B and E. These
two categories are the most imbalanced ones among eight categories in the section layer.
After feature selection, the dimension of the samples is 5000. The data distribution is
shown in Table @l Here we use SVMs with linear kernel.

Table 4. Description of training and test samples from the section layer

Training Test
B E B E
No. of samples 66991 17499 67359 16896
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The training and classification results are presented in Tables [3l and[6l We can see
from Table [5] that M3-GZC-CC performs best with the smallest training data set even
the sample distribution is greatly imbalanced. The results from Table |6 indicate that
after clustering the number of support vector is reduced, so the training and test time
are less than the case without clustering.

Table 5. Performance comparison of the patent classifiers in the section layer with and without
our training sample pruning method

M3-GZC-C  M3?-GZC-P  Without Clustering
NN SVM NN SVM NN SVM
No. of training samples 75280 75280 70019 70019 84490 84490

Size ratio (%) 89.1 89.1 825 825 100 100
Training time 75Im  38s 750m  23s 864m 49s
Classification accuracy (%) 92.5 97.6 925 972 924 97.6

Table 6. Comparison of the number of support vectors, training time, and test time of the patent
classifiers in the section layer with and without our training sample pruning method

M3-GZC-C M3*-GZC-P Without Clustering

No. of support vectors 11052 6803 11418
Training time (s) 38 23 49
Test time (s) 16 15 17

4 Conclusions

We proposed a training sample pruning method based on a supervised clustering algo-
rithm to deal with large-scale patent classification problems. This method can be used
to preprocess training samples before learning. Our preliminary experimental results
demonstrate that our method can reduce the number of training samples, while keep
or even improve the classification accuracy. Furthermore, both training and test time
are decreased due to the smaller size of training sample set. We have also shown that
this method can be effectively used for dealing with imbalanced pattern classification
problems.
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