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Abstract

The memory based reasoning just stores in the memory in the form of the training pattern or
the representative pattern. And it classifies through the distance calculation with the test pattern.
Because it uses the techniques which stores the training pattern whole in the memory or in which
it replaces training patterns with the representative pattern. Due to this, the memory in which it
is a lot for the other machine learning techniques is required. And as the moreover stored training
pattern increases, the time required for a classification is very much required.

In this paper, We propose the EAS(Evaluation And Selection) algorithm in order to minimize
memory usage and to improve classification performance. After partitioning the training space, this
evaluates each partitioned space as MDL and PM method. The partitioned space in which the
evaluation result is most excellent makes into the representative pattern. Remainder partitioned
spaces again partitions and repeat the evaluation. We verify the performance of proposed algorithm

using benchmark data sets from UCI Machine Learning Repository.

» Keyword : Memory-Based Learning(tl22| 7|2t &%), MDL(Minimum Description Length),
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Figure 1. Model of EAS Method

1. MDL(Minimum Description Length)
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Table 2. partitioned space evaluation after the first
partitioning process

L crd ikl 22 8 21 16 7

MDL 647.5(699.0|734.3|761.4|755.6
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T 131 | 73 47 33 | 31
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Table 3. partitioned space evaluation after the second
partitioning process

HEEHE 8 17 18 7 25
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2. PM(Probability Measure)
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Table 4. Generation Algorithm of Representative
Pattern by EAS Method
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Breast-Cancer | 699 9 458 241 -
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lonosphere 361 | 34 225 126 -

Iris 150 | 4 50 50 50

New-Thyroid | 2156 | b5 150 35 30

Survival 306 3 225
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Table 6. k Value and Hour for kNN Method

breast | Balanc |ionosp | . . new |[Surviva
gjo|EAl
Alole cancer |e-Scale| h-ere irs thyroid |
kat 21 1 1 51 1 1
AR 261 2.26 | 40.56 | 0.33 1.61 1.01
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Table 7. Performance

OIOIEL’SJ breast | Balanc | ionosp iris new | Surviv
IS cancer |e-Scale| h-ere thyroid al
k-NN 9.8 | 88.7 86.7 90.9 96.9 79.4
EACH 944 | 50.8 70.3 94.6 93.9 64.0
FPA 90.7 87.8 | 86.3 95.6 95.9 77.6
EAS-MDL [ 96.2 88.1 85.3 96.1 93.0 76.5
EAS-PM | 934 | 85.8 83.5 95.3 95.3 745

k-NN 0.4 1.2 1.3 1.4 0.8 0.7
EACH 3.2 2.2 23 1.1 1.2 5.1
FPA 0.4 0.6 1.3 1.4 1.0 1.8

EAS-MDL| 0.6 2.0 1.7 2.0 1.3 13

EAS-PM | 04 1.7 15 2.5 1.3 1.4

3 olZ22| ALEE H|

# 112 3 9l i vmele] ARFE 54 Aol
olw EACH Al2=’le] 7= vimelo] A% &7t +

x 28 A9 SsujE ] 42 gl e, o)E EACHA
2eloll A vjmalo] AFEE Bdgzio] Huel WelE g
e 4, s13te] Tl sigo® BAEY] witoth a2l
FPAS} 7kt EAS-MDL ¥ EAS-PM 52 gk Foll A
39 diEsfde] AR SF881th F 12914 EAD-MDL
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Table 9. Memory Usage

o'ﬂolEtfl breast | Balanc | ionosp iris new | Surviv
S cancer [e-Scale| h-ere thyroid| al
k-NN 629.1 | 5625 | 3159 185 198 275.4
EACH 40.6 149.4 | 70.8 18.7 20.4 38.9
FPA 308.8 | 417.3 | 222.4 | 43.7 38.9 189.6
EAS-MDL| 79.2 146.4 | 63.3 16.2 13.1 31.7
EAS-PM | 69.3 1475 | 69.2 13.0 257 35.1
E 10. E 110 Cifst ZFEAt
Table 10. Standard Deviations of Table 11
OIEA | preast | Balanc |ionosp s | new [Surviv
YI2F | cancer |e-Scale| h-ere thyroid | al

k-NN 0.0 0.0 0.0 0.0 0.0 0.0

EACH 22 19.6 1.2 0.3 1.0 3.6

FPA 1.1 1.0 2.2 0.4 0.4 1.7
EAS-MDL| 0.8 1.3 1.1 0.8 1.6 0.8

EAS-PM | 14 11 1.0 0.3 1.3 0.6
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Figure 3. Memory Ratio(%).
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