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#  E: ZH & ZH(Support vector machine, SVM) B B 4F 49 5 3 iZ AL B8 B 2 52 5] LR B D AR RS E 89
¥ o B F AR, 3T T RAAEI 4R R A ARBERAL T R E L4 SVM @l & N A5 K K ATR ERS FA,
AT GERRX AR, b TR R 69 AR ST R T 6 T ARAR B R B, R A s B R E SR HOT LA AR e R
S A AN AR AE AN ARG R N R AR AR R AT R, AT AR E AR
FEFE AR T AT R P SIS A B AR Ao P S HOT FA R R 809 SVM AR AR Sk . £ UCK
(University of California, Irvine)#= kaggle #x#% % L 55 4% 4569 SVM Fo ik 1242 69 L T 24 B 45 3548 SVM (Newton—
type Sparse SVM, NSSVM)i# 47 T K Z 4y afrb 52 3, 20625 RIGIE T AT42 o9 I8 T % 5 R 4089 SVM AR R %
W ok A F F- 5% A= Hinge M K X U 4 R AR IS AT 7 @ a9 5 44, KT P oo AT SRR S B 0
SVM % i 5@?-&& diabetes # 4% 5 BT T R 309 40 5 F- B S A% 49 Hinge #i % . &5 SVM ARG, /4 & Fw F-
FHAAEE T 13.71% #2 9.55%, Hinge 4R & AR T 3.28%; 5 NSSVM AR, /4 Fo o F- 3 5 1325 T 24.54%
ﬁu 9.38%, Hinge 4% & 41K T 21.54%.
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SVM Sample Reduction Algorithm Based on Fuzzy Membership Functions

ZHANG Daili, WANG Tinghua', ZHU Xinglin
(School of Mathematics and Computer Science, Gannan Normal University, Ganzhou 341000, China)

Abstract: Support vector machine ( SVM ) has good learning generalization performance. However, the learning efficiency of SVM
decreases significantly with the increase of the number of training samples. For large-scale training sets, the traditional SVM with
standard optimization methods confronts problems such as excessive memory requirements and slow training speed. In order to alle-
viate this problem, due to the different contribution of different data points to the decision plane, in this paper, we calculate the fuzzy
membership of each sample through the fuzzy membership function, and use the fuzzy membership to evaluate the importance of
each sample, so as to delete the samples with low memberships. Based on three different fuzzy membership functions, SVM sample
reduction algorithms based on class center distance, kernel target alignment and centered kernel alignment fuzzy membership func-
tions are proposed, respectively. Comprehensive comparative experiments are performed on UCI (University of California, Irvine)
and kaggle data sets with the traditional SVM and the proposed Newton-type Sparse SVM (NSSVM). The experimental results vali-
date the advantages of the proposed SVM sample reduction algorithms based on fuzzy membership functions in terms of Accuracy,

F-measure and Hinge loss measures. For example, the algorithm based on the centered kernel alignment fuzzy membership function
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achieves the highest Accuracy, F-measure, and the smallest Hinge loss on the diabetes data set. Compared with the SVM, the Accura-

cy and F-measure are increased by 13.71% and 9.55%, respectively, and the Hinge loss is reduced by 3.28%. Compared with the

NSSVM, the accuracy and F-measure are increased by 24.54% and 9.38%, respectively, and the Hinge loss is reduced by 21.54%.
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Fig. 1 The flow chart of algorithm
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Table 3 Basic information of the selected data sets

Yt AR FREEGE BRI
wilt 4.839(4 578/261) 5 UCI
twonorm 7 400(3 703/3 697) 20 ucCl
titanic 2 201(1 490/711) 3 kaggle
mammographic 961(516/445) 5 UCl
diabetes 763(500/268) 8 ucCl
blood 748(570/178) 5 UCI
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Table 4 Comparison of classification performance among different methods on each data set (mean + standard deviation)
iR ghER SVM NSSVM All-1 All-2 All-3
Accuracy 0.975740.0029  0.9456+0.0051  0.9869+0.0027  0.990240.0021  0.990 9£0.001 7
wilt Fl-measure ~ 0.9872+0.0015  0.97004+0.0027  0.993240.0014  0.994 6+0.0014  0.994 8+0.001 5
Hingel-loss  0.63954+0.0198  0.46264+0.0674  0.601 3+0.1429  0.427 3+0.0807  0.271 5+0.070 8
Accuracy 0.9725+0.0025  0.9701£0.0039  0.9824+0.0028  0.980540.0025  0.976 740.002 2
twonorm Fl-measure ~ 0.9726+0.0024  0.9695+0.0040  0.982540.0028  0.9805+0.0025  0.976 8+0.002 3
Hingel-loss  0.544440.0129  0.539940.0144  0.506 04£0.0058  0.5054+0.0046  0.504 840.004 4
Accuracy 0.789240.006 7 0.6830+0.0287  0.8278+0.0115  0.82514+0.0105  0.766 6+0.007 8
titanic Fl-measure ~ 0.8635+0.0040  0.79004+0.0241  0.886440.0069  0.884 6+0.0064  0.852 1+0.004 0
Hingel-loss  0.585040.0293  0.381940.0637  0.2508+0.0069  0.267 5+£0.0043  0.324 4+0.004 5
Accuracy 0.7689+0.0181  0.7839+0.0242  0.856 5+0.0159  0.888040.0223  0.877 1+0.019 1
mammographic Fl-measure ~ 0.7919+0.0171  0.7800+0.0276  0.85914+0.0175  0.8908+0.0226  0.879 3+0.019 5
Hingel-loss ~ 0.456 1+0.0077  0.457 04+0.026 5  0.4434+0.0188  0.4331+0.0311  0.441140.0346
Accuracy 0.705240.0271  0.6439+0.0176  0.7733+0.0172  0.796 1+0.016 7  0.801 9£0.019 2
diabetes Fl-measure ~ 0.778840.0213  0.7800£0.0129  0.8358+0.0122  0.851840.0135  0.853240.013 8
Hinge-loss 0.600940.0075  0.7071£0.0353  0.5891+0.0082  0.583240.0191  0.581 8+0.0113
Accuracy 0.7314+0.016 2  0.7411£0.0157  0.8052+0.0141  0.762940.0088  0.764 9£0.004 1
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Table 5  Significance test of different algorithms on each data set
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