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Abstract A new approach to improve the generalization ability of neural network is presented based on an angle of

fuzzy theory. This approach is put into effect through shrinking or magnifying the input vector, thereby reducing the

difference between training set and testing set. It is called “Shrinking-Magnifying Approach”(SMA). At the same time

in this paper,a new algorithm—q-algorithm is presented in order to find out the appropriate shrinking factor « and ob-

tain better generalization ability of neural network. Quite a few simulation experiments serve to study about SMA anda-

algorithm, The results of experiments and analyses show that the new approach is not only mmplcr and casier, but also

is applicable to many neural networks and many classification problems,
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Stepl, RIE S P, MRE P N HIFE t1 0. R
E o MM BENEE a0 ]JMBELR & j=0;

Step2. for r=a:8:b

Step3. j=j+1;e(j]=r;

Stepd. pr=alj]* Pis pr=alj]* Ps;

Step5. Hl pr o1 Ykl A= i ET M4 net;

Stepb. H p» Xt net JFEBNK RN 324

Step7. Y y: #l 12, T ERE EG)=6—1:;

Step8. endfor;

Step9. #iH ol j1=1 BHFHRE E.- ;

Step10. if min(E[j 1)< E,=: then ay=alj1;

else qy=1;endif;

Stepll. po=uao * P1;

Stepl2. F po VIZRERA IR B4R M 4% NET;

Stepl3. return,
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Ra=(E,—Ez)X100% , % o<1 ¢})
Ra=(E;—E=,) X100% , ¥4 a==1 (2)
Rr=(E,—E<)/ E. X100% , 4 o<1 )]
Rr=(E;—E=)/ EI X100% ,¥ a1 €Y

& 1 PNN#tVWine ey LleE R

Shrinking Misclassification | Shrinking  Misclassification
Factor Rate Factor Rate
0.0001 53/88 0.07 25/88
0.0003 42/88 0.09 25/88
0.0005 30/88 0.10 2588
0.0007 30/88 0.30 26/88
0.0009 29/88 0.50 29/88
0.001 28/88 0.70 34/88
0.003 25/88 0.90 42/88
0.005 27/88 1.00 44/88
0.007 25/88 1.10 46/88
0.009 28/88 1.30 53/88
0.01 28/88 1.50 54/88
0.03 26/88 1.70 56/88
0.05 25/88 2.00 57/88

B 1 R DOAR ORI ELAER T SMA 15
K45 &1 e A X A B R

max(Ra)=(E; — Eq0) X 100%=19/88X100%=22%

max(Rr) =(E,— E,)/ EI X100%=19/44X100% =
43%
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LB 1 ERIIET T MWL X —FIEF A B H T
Xt B e 2 I 4R Y AL RE R B THEH . REEAE TiX A ER
EANBINTE—RE? EERAKNITELRNT SMERBIR
AEKR7 BEEEXLAE, LIE EBHTR,

# 2 BPNN#f Iris oKeyRteek

Shrinking  Misclassification | Shrinking Misclassification
Factor Rate Factor Rate
0.24 1.70/75 0.68 3.25/15
0.28 1.30/75 0.70 4.90/75
0.30 3.45115 0.74 5.45/75
0.34 1.60/75 0.78 9.30/75
0.38 4.50/75 0.80 3.45/75
0.40 3.30/75 0.84 1.55/75
0.44 1.90/75 0.88 2.75/75
048 2.8575 0.90 1.35/75
0.50 2.00/75 0.94 5.30/75
0.54 8.20/75 0.98 3.00/75
0.58 3.30/75 1.00 10.85/75
0.60 2.10/75 1.04 10.45/75
0.64 5.30/75 1.08 3.15778
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FE (Petal Width), H 4 Ep1 &R, 150 AHELRT 3%
REIH Iris J@4E ¥ ; Iris setosa, Iris versicolor I Iris virgini-
ca, BAFA 50 4L, TR, I Iris BUBR P N E T4
P, #1 P, , B8 BEE 75 B, K P FEL R, P,
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