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Abstract

Learning vector quantization (LVQ) is a supervised
learning technique that uses class information to move the
vector quantizer slightly, so as to improve the quality of
the classifier decision regions. In this paper we propose a
selection method of initial codebook vectors for a learning
vector quantization (LVQ3) using support vector machines
(SVM). The method is experimented with artificial and
real design data sets and compared with conventional
methods of the condensed nearest neighbor (CNN) and its
modifications (mCNN). the experiments, it is
discovered that the proposed method produces higher
performance than the conventional ones and then it could
be used efficiently for designing nonparametric classifiers.
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Table 1. The benchmark data sets for experiments.

Dataset Patterns No. of No. of
(Train, Test) | Features | Classes
Random | 400 (200,200) 2 2
Iris 150 (75,75) 4 3
Glass 214 (107,107) 9 6
Ionosphere | 351 (176,175) 34 2
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Fig. 1. A training dataset of "Random” and initial reference
vectors selected with CNN, mCNN, and SVM. In the
pictures, vectors of two classes are represented as "*”
and ".", respectively. Then, selected initial reference
vectors are indicated by extra circles. Their numbers
in (b), {c), and (d) are 31, 26, and 18, respectively.

4714, CNN 2 mCNN %49} 3ot 22 29
(29 [4]) YnZF S T8 oo, SVMEHY 7
$ole 1AL QPEAE E7] AAA FALTEY]
o SVM' (8% olgstdch. 4 deldel W 2
Wy dold 45§ Re(-)e E 29 2tk dA714
HEe ohe Yoz Austdc

- 10 -



SVMEg o|8% LVQ3 &9 4571

HANE = - HAHAE P
AAAE

Re(-)=

Table 2. Data compression rates on the datasets.

Methods |Random Iris Glass [Ionosphere

CNN 0.85 0.72 0.80 0.72
mCNN 0.87 0.72 0.82 0.74
SVM 0.91 0.75 083 0.74
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Table 3. Classification error rates ().

Methods | Random Iris Glass |lonosphere

CNN 3.50 4.44 20.09 17.71
mCNN 6.00 7.56 19.00 2857
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Fig. 2. A test dataset of "Random” and codebook vectors
of CNN, mCNN, and SVM trained by LVQ3. In the
pictures, test vectors of two classes are represented as
"+" and ", respectively. Then, trained codebook
vectors of two classes are indicated by circles and
diamonds, respectively, and missclassified vectors
among the test data are exemplified by extra squares.
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Table 4. Classification error rates (%) after LVQ3.

Methods (Random| Iris Glass |Ionosphere

Bayes 13.50 3.33 17.11 *
LvVQ3 9.00 311 1542 14.29
CNN/LVQ3 | 250 4.00 17.60 12.57
mCNN/LVQ3| 250 4.89 14.64 13.71
SVM/LVQ3 | 2.50 311 14.49 12,57
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Fig. 3. The classification error rates due to the number of
iterations. Usually, the number of learning steps is
about 50 to 200 times the total number of codebook
vectors in order to avoid the overleam problem. This
figure shows that the error rate of SVM/LVQ3
converges steadily from 100 to 10,000 iterations on the
"Random” dataset.
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