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Abstract

In optimizing the neural network structure, there are two methods of the pruning scheme and the constructive scheme.
In this paper we use the pruning scheme to optimize neural network structure, and the genetic algorithm to find out ifs
optimum node pruning. In the conventional researches, the input and hidden layers were optimized separately. On the
contrary we attempted to optimize the two layers simultaneously by encoding two layers in a chromosome. The offspring
networks inherit the weights from the parent. For learming, we used the existing error back-propagation algorithm. In our
experiment with various databases from UCI Machine Learning Repository, we could get the optimal performance when

the network size was reduced by about 8~25%. As a result of {-test the proposed method was shown better
performance, compared with other pruning and construction methods through the cross-validation.
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Fig. 1. Proposed NNPGA Algorithm.
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for(a =1 to V) {
for(b = 1to g) P,=1,

repeat { // 98 =T 7IXA]7] HE& FA
k = random(1,i);
if(Py!1= 0 { Pu=0; c++}

} wntil{c == pi);

repeat { // &9 =& 7}AA7] v & €4
k = random(i+1,h);
H(P 1= 0) { Py=0; d++s)

} until(d == ph);
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point = random(0,1);
sum = §;
for(i =1 to n) {
sum = sum + f(i)
if (point < sum) return %;
}
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Table 1. Data sets used for experiment and MLP 27 AALS FEagcl. ARG sy E3 2AL
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Table 2. Accuracy according to the node pruning rate.
(2h2 %)
Data y_pq
set alit 4% 8% 10% 15% 20% 25% 0% 35% 40% 45% 50%
Al
[+H | 91204355 | 92.74+440 | 90.97+5.87 | OL77+255 | 90.97+332 | 90.48+470 | 9097474 | 9065337 | B7.42+3.37 | 90004534 | 90.81+354
M) | 1§ o274:446 | 92900369 | 0194+361 | 92261248 | 9210502 | 9210:3.13 | 90.00+3.13 | 90.65+3.04 | 90.00:366 | 90.81:2.89 | 90.48+255
H |96.94:1.83 | 9565+2.05 | 96:77¢1.25 | 95.97+231 | 94524272 | 05.48+226 | 9419332 | 92.74#3.77 | 93.39+470 | 93232488 | 92.26+380
BH | 7330:467 | 73602364 | 7270£323 | 73008444 | 7440224 | 74402224 | 73.00+366 | 7410+311 | 7350436 | 73.00£3.07 | 74.00¢5.10
@ | | | 7260t461 | 73904226 | 71.7023.13 | 74.30+2.83 | 72.30+398 | 7390:432 | 7350:550 | 75.20¢354 | 7L.00+310 | 74.90+367 | 74.70+2.24
H | 73205536 | 73705374 | 72.30+279 | 75.00£3.07 | 73704553 | 7350:425 | 73.60+498 | 7450:488 | 7440:571 | T3R0667 | 7270+452
I+H | 652421148 | 70.00+11.2 | 6476140 | 62.38+135 | 64.20:858 | 62.86:12.38 | 64.29+10.05 | 60.0040.57 | 64.76119 | 62.38+15.42 | 59.52+16.39
@) | 1 |6095+10.39 | 63.81+10.26 | 62.38+1031 | 62.38:039 | 57.14+12.05 | 60.95+13.93 | 61.431031 | 57.62+13.21 | 64.2912.09 | 56.19+13.09 | 50.05¢13.33
H | 62381338 | 63.33+11.28 | 5052¢745 | 63.33£9.05 | 64204804 | 62.38+10.95 | 60.48+8.26 | 5857+13.97 | 50.05+13.33 | 61.90+10.65 | 59.52+12.64
HH | 8148574 | 82961602 | BL85:452 | 8296339 | 80374621 | 8519331 | 80742277 | 82.22+6.15 | 83.33:580 | 8407+551 | 8111584
@ § 1 | 7889:877 | 80742919 | 80.00:880 | 8148811 | 8074755 | 82.22:755 | 81.85+8.02 | 80.37¢845 | 80.00:864 | TREIL6.64 | 80.0049.40
H | 8037:551 | 80374525 | 8148641 | 7852+463 | 80.00+6.46 | 81113607 | 8148597 | 83334603 | 82.96+4.44 | 83.70:667 | 82.96:6.87
I+H | 8943444 { 83574613 | 8G.1426.98 | 9057+479 | 90.00:465 | 89712408 | 91.14£3.25 | 90.57+3.8 | 9029446 | 90.20:4.98 | 90574339
B) | | | 9114657 | 90.00:389 | 5057¢5.72 | 89712428 | 00.86£379 | 89.14:333 | 88.86+432 | 88.00:0.88 | 80.14:698 | 90.71£4.13 | 89434665
H | 88861564 | 87.43+5.14 | SB.00t508 | 86862428 | 87.14:561 | 87.71:479 | 87.14:760 | 87.71+6.77 | 86.86:629 | 8686641 | 87714527
[+H | 9667447 | 9467+718 | 96.00:442 | 9667+447 | 97.33:442 | 9133:001 | 0467+1024 | 95.33+4.27 | 89.33:952 | 92.0010.24 { 91.33+9.33
6) | | | 9600327 | 96.00:4.42 | 97.33+427 | 95.33+427 | 93.33:6.67 | 96.67+4.47 | 93.33+11.93 | 86.67+16.06 | 92.00£11.08 | 92.00+8.33 | 92.67+814
H | 97.33+442 | 97.33+442 | 07.33+4.22 | 06674447 | 026741172 | 96.67:447 | 06.67£4.47 | 92.00+13.60 | 96.67+4.47 | 98.00+5.27 | 96.00+4.42
WH | 7250640 | 77242718 | 76842721 | 77.114642 | 75.53+6.04 | 77112682 | 76.58+6.93 | 75.00+7.04 | 75.30:568 | 7368:758 | 75.92:5.20
0 | | | 77.63:353 | 75.92¢416 | 76.05:4.19 | 76452401 | 7671386 | 77.76:2.85 | 7697433 | 75.53:318 | 76.05¢342 | 7408561 | 76.45£291
H | 7645:422 | 7658443 | 76.97+4.00 | 76.97+437 | 76.58+4.07 | 76.45:426 | 76.97£4.00 | 75.79+45.10 | 7658+459 | 76.71:448 | 76.45+4.30
HH | 99.44£034 | 99.57+0.54 | 9948047 | 99.44+051 | 99.44£051 | 99390401 | 99.39+0.44 | 99.48+0.32 | 99.31:0.48 | 99392035 | 99.35+0.48
@®) | | | 9944048 | 99442048 | 99.39+0.48 | 99.48+047 | 09.39+048 | 99.44:048 | 99.48:0.48 | 99.48+0.47 | 99.38+051 | 99.44+0.48 | 99.312048
H ) 9939:044 | 9930:0.44 | 9939:044 | 99.44:0.48 | 99.39:0.44 048:047 | 99.38+0.32 | 99.35+040 | 99.38:032 | 99.38+0.47 | 99.32+047
WH | 7850£7.43 | 81.00:583 | 82.006.78 | 78.50:7.09 | 80.00£9.49 | 91.50+7.76 | 81.004800 | 79.50+11.06 | 78.009.00 | 80.00548 | 81.00%4.90
@ | | | 79.00:8.00 | 80.00+837 | 7850£0.23 | 7950:9.60 | 82501124 | 79.00+7.00 | 8450:0.07 | 83.00+872 | 8250£7.50 | 7850+12.66 | 79.50:8.79
H | 83504594 | 86.00+7.35 | 8550+757 | 84501650 | 85004707 | 84.00:7.35 | 81.00£9.43 | 82.00+10.30 | 82.00:9.80 | 8350:808 | 83.00+6.78
HH | 8131416 | 8262:593 | 81.00:4.84 | 85.36:433 | 82.38+4.96 | 82.33:308 | 83.45¢3.30 | 80.71+429 | 70.88x472 | 7957+563 | 7869371
M | || 8607361 | 85.24+307 | 84.88+40.2 | 8464+414 | 8345400 | 8357+383 | 81.07¢378 | 8310513 | 8L67+273 | 79.88:582 | 80.95+439
H | 8417:320 | 8583334 | 85954231 | 8452¢2.87 | 86.07+3.37 | 8571:2.82 | 84.64+2.04 | 8440284 | 85.12:338 | 8452:2.06 | 8442+3.06
+H | 20004404 | 87.88+438 | 8758+456 | 8677172 | 85.05¢2.92 | 8172345 | 81.73:477 | 76.67+481 | 7879310 | 70.10+459 | 77.27+373
) | | | 90202212 | 8379+2.61 | 80.49:293 | 88.80+2.02 | 8848+376 | 8505331 | 86.77+387 | 8424339 | 8283:469 | B1.01«3.16 | 80304435
H | 90712270 | 89.20+3.10 | 89394348 | 89.20:300 | D0.00:376 | 8778318 | 87.47x3.17 | 8485424 | 82932643 | 8505:393 | 8030:3.07
[+H | 8388+1.20 | 83.82¢1.87 | 84.40¢150 | 83344174 | 8466:176 | 8478:2.17 | 8432165 | 8488:164 | 8454:158 | 8396+1.31 | 83.20+134
0 | 1 | 8400203 | 84.92+1.84 | 84.40+1.71 | 8448235 | 84504226 | 84.38+270 | 8402:2.77 | 83.06+2.14 | 82.88:3.26 | 83.16:163 | 82.04x2.84
H | 84242135 | 84005107 | 8402182 | 8462+153 | 83.82+0.79 | 84142117 | 83962163 | 84.02+147 | 84.74£153 | 84.82:1.80 | 83.02+163
[+H | 95004671 | 96.00+6.63 | 9400800 | 97.00+6.40 | 9500671 | 9400:800 | 96.00663 | 9400:9.17 | 92.00+872 | 94.00:1020 | 92.00+8.72
09 | | | 96005490 | 97.00+458 | 97004458 | 97.00:458 | 95004671 | 94.00+4.90 | 9400:663 | 96.00¢4.90 | 96.00£6.63 | 95.00+6.71 | 94.00+4.90
H | 96.00:663 | 96.00:6.63 | 96.00£663 | 97.00£458 97.0014.58| 96.006.63 | 96.00+6.63 | 96.006.63 | 9400800 | 95.00+6.71 | 96.00+6.63
# Winput Layer): 9¥ =2, H(Hidden Layer) 2% =, I+H(Input+Hidden Layer): ¢4&+&H ==
R ¢ egesg BA0 AN T AS 30%, = 3} A7 2 W P e 4%E B
HAAF W4T T2 dhe 9P== 1), Y o o gEAE BUEN, £ e dald
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Table 3. Comparison of the

HEDe d5 v

571+ 9

proposed NNPGA and others four algorithms.

(S %)

Data set NNPGA NNPCv Cs.0 My N2C2S
balance-scale 92.74+4.40 95.41£0.90(0) | 77.60+1.00(@® | 86.40:0.70(@) 92.300.80(0)
german 74.40+2.24 73.10£1.20(0) 71.20+1.00(@ 72.90+0.70(O) 70.10+1.60(@)
glass 70.00+11.28 64.90:2.30(@®) 67.50+2.60(0) 70.50+2.80(0) 65.50+3.00(@)
heart-statlog 85.19+3.31 78.15+2.80(@) 78.70+1.40(@) 82.20+1.00(@®) 77.50+1.00(@)
ionosphere 91.14+3.25 90.58+1.40( ) 88.90+1.60(@®) 89.70+1.20(0) 89.50+2.20(0)
iris 97.33+4.42 96.67+1.00(0) 94.5040.70(@®) 94.70+0.70(@) 96.60+0.60(0)
pima 77.50+3.40 75.49+1.10(@®) 74.50+1.20(@) 76.20+£0.80(0) 76.00+0.80(0)
segment 99.57+0.54 96.97+0.30(@®) 96.80+0.20(@®) 97.00+0.20(@®) 95.10+0.40(@)
sonar 82.00+6.78 78.65:2.30(@) 74.70+2.830(@®) 78.50+3.40(@®) 76.50+1.50(@®)
vehicle 85.36+4.33 77.78+1.20(@) 72.90£1.20(@) 76.501“1;30(.) 84.20+0.70(0)
vowel 89.09+£4.04 86.07£1.10(@) 79.80+1.30(@®) 81.70+1.10(@®) 88.80+1.40(0)
waveform-noise 84.88+1.64 83.20+0.80(@) | 75.40+050(@) | 82.00+0.20(@) 85.60+0.20(0)
200 97.00+6.40 94.00+£2.50(@) 91.80+1.10(@® 92’.10i1.30(.) 94.30+1.40(@®)

% NNPCv, C50, M5, N2C2S dlo|eli= [27-30] #x AR
15%@)7} A7) 9 W) g B A5E weiT e 7H A% e A4% R 2 PR
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Table 4. Summarizaton of evaluaton to compare

proposed algorithm with other algorithms.
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