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Acceleration the Convergence and Improving the Learning Accuracy of the

Back-Propagation Method
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(Youn-Seop Lee - Kwang-Bang Woo)
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Abstract- In this paper, the convergence and the learning accuracy of the back-propagation
(BP) method in neural network are investigated by 1) analyzing the reason for decelerating
the convergence of BP method and examining the rapid deceleration of the convergence
when the learning is executed on the part of sigmoid activation function with the very
small first derivative and 2) proposing the modified logistic activation function by defining
the convergence factor based on the analysis. Learning on the output patterns of binary
as well as analog forms are tested by the proposed method. In binary output pattern, the
test results show that the convergence is accelerated and the learning accuracy is improved,
and the weights and thresholds are converged so that the stability of neural network can be
enhanced. In analog output pattern, the results show that with extensive initial transient
phenomena the learning error is decreased according to the convergence factor, subsequently
the learning accuracy is enhanced.
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2. Back-Propagation 2

Rumelhart[1]5<] <la 715l BPubde o

Back-Propagation# i8] $H&E W HAH&Te M

N7 3 2ofol| A bREhgro] o3
AA3NFe AAE -?»]fz} gradient descent¥}] o]
: FEECEIEVE SR
AAsERE Al 2L oz AAs 2, o
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(activation) & A (1) 7 & vli7ts, wZds &
A 814 (logistic activation function)ol] <js] %=
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+1) (2

2L
>

Opi{n+1)

A7, Ot R pol AT B3 o $A,
Wit A ish 24 7kl @ARE, 4E 2
il FEgelsh AQ b A1733)

9‘

g sz 4%
e ELEE
o},

Yol
13 2 e A
}2 Aol o AAH

_1
=
A
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Table 1 nety;, Fp; values according to the
results of learning for output pattern 1

[ ﬁ}%é 3 netp; Fp;
0.95 2.9444 2.375%x107°
0.96 3.1781 1.536x1073
0.97 3.4761 8.7 x107*
0.98 3.8919 3.92 x10™*
0.99 4.5951 9.9 x10°
0.999 6.9068 9.99 X107
0.9999 9.2103 9.999x107*?
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+Range?| analog&H el Aol HE 5ol
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2 £ Q=% FEAs BE Adlsled 2(10)9
BAFEE A (22) 9 Fo] FH &}
f(metp;(n+1)= Opi(n+1)
=2 - Ba - Range «
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(1+exp(——netpj(n+l)) ~7) (22)
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[—oo, wo]olojok #lut, 4 (218 BAREE A
Sad Sgol sARE dAHNF 2ogol o
& petzt2 13 1¢ [NET1, NET2]& “Fe%
o, netghol EAe R 43sled ool whep 7
dAA&EH FTHIS EAYeE £3usA s
A YRS ol &4 AAstEH LHZo
Lo FRATE Aol A7 e
0}24§:}‘l 4 ok FEExed 5T H
(D FHFE oG4S FAHel Ao
CA08)S) SRS ol 84
ea R I
A Rk debd Be sied W
L 539 42324 local optimume
3l Z-$o| = global optimums #3&
g m¥EEE oA "o,
+Range®] analogZHaAlelstsold, 41(10)9
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a2 oy of
of

FHYFE ol g3d Y 29 ¥4 S A P
A4 Sl #AsT, A22)0 BHVEE ol
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Fig. 1 Modified logistic activation function for

learning the binary output pattern
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Fig. 2 Modified logistic activation function for

learning the analog output pattern
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Fig. 3 Learning results of threshold on output
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Table 2 Learning results of weights and thre- sholds by original method
cixpe, AA s E o =
g% WA Sy
7k & B =kt Z ¥k} TE
ol
F SR w2
47 9} —8.00000 —8.00000 —17.51962 3.71791
thaH
a8 SEs 6210 63x10* 140 X 10* 275X 104
&7 2} ~4.27261 —4.30123 6.95565 6.64241
£k=}2
2% 3l 296 % 10* 296 X 10* 452 x10* 452 x10*
o5 3} —3.07756 —3.09426 —3.43269 4.73415
gh=}3
s sFda 175 % 10* 296 % 10* 140 % 10* 452 %10*
847 o —5.16905 —5.20099 9.18373 7.94662
thab4
35 3l 256 % 10* 256 X 10* 128 x 10* 452 x 10*
5 3} — — —9.96723 —
TH#
3y sty — — 452x10* —
B 371 ubfel o3 X-ORe 7 i&9 sieleo] st
Table 3 Learning results for each pattern of X-OR problem by original method
4EY = (1, 1]-[0] [0, 0]—[0] (1, 0]—(1] [0, 1]—[1]
kAt net e net %9 net 9 net %9
BB 34
Ix1n* —4.81837 | 0.00802 | —4.98479 | 0.00679 | 5.02317 | 0.99346 | 5.01681 | 0.99342
5X 1, —5.69570 | 0.00335 | —5.81652 | 0.00297 | 5.88086 | 0.99722 | 5.87692 | 0.99720
10x 104 —6.06313 | 0.00232 | —6.16817 | 0.00209 | 6.24043 | 0.99805 | 6.23856 | 0.99805
20104 —6.42518 | 0.00162 | —6.51622 | 0.00148 | 6.59877 | 0.99864 | 6.59839 | 0.99864
50%10* —6.88220 | 0.00102 | —6.97073 | 0.00094 | 7.05721 | 0.99914 | 7.05322 | 0.99914
100 x 10* —7.26592 | 0.00070 | —7.33543 | 0.00065 | 7.44562 | 0.99942 | 7.41356 | 0.99940
200 % 10* —7.46486 | 0.00057 | —7.42570 | 0.00060 | 7.58116 | 0.99949 | 7.61590 | 0.99951
300 % 10 —7.55693 | 0.00052 | —7.49440 | 0.00056 | 7.63311 | 0.99952 | 7.67402 | 0.99954
400 x 10* —7.64268 | 0.00048 | —7.50953 | 0.00055 | 7.66533 | 0.99953 | 7.70541 | 0.99955
452 % 10* —7.67178 | 0.00047 | —7.50338 | 0.00055 | 7.67775 | 0.99954 | 7.71776 | 0.99956
500 % 10* —7.67178 | 0.00047 | —7.50338 | 0.00055 | 7.67775 | 0.99954 | 7.71776 | 0.99956
thal 4, EEiA 149 FRol, FH5EL 0.9, #3 F 7 e el W dHeEF
BolE Ass 0,98 ALt ZE A Lo local optimumel] =fote RS %4 4 gle. BP
7 AdAEF Y 2713 A, 40,54 gefel] o FgFEA ALAAEE a1 Y
Ao ghe AbEEodch A(18)oll Al Bp3k& 7t 0,0(71&), 0.1, 0,
Z|E uhelol] o8 24 AAE o TEHHS I 2, 0.59 & AMgstgdern, o Axe 27 39
29} o] diEdlsrE 3 48Eglen, X-ORY A 23 7, aslz ¥ golA HodFo o] A
7} 9428 Ao e A 3 33 ol 35 BPywo] ofsle] ohga e 4554S
Aol o Ao T Aol 452x10°W od &=,

Back-Propagationgi$ie] $@4s 3 Ha¥Msel s
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E: ] 4X-OR 7 Ql&¥ sielo] g A=
Table 4 learning results about each pattern of X-OR problem

&7 iy [0, 0]-[0] (0, 1]-(1]
8%k 0.0 0.1 0.2 0.5 0.0 0.1 0.2 0.5
o5 04 B
10 0.51657 | 0.48723 | 0.48096 | 0.54907 | 0.46323 | 0.43645 | 0.43890 | 0.49272
20 0.49646 | 0.47346 | 0.44790 | 0.22487 | 0.47925 | 0.47855 | 0.49381 | 0.55527
30 0.42146 | 0.31269 | 0.18708 | 0.11930 | 0.50780 | 0.55390 | 0.60110 | 0.80009
40 0.22630 | 0.14693 | 0.15535 | 0.00948 | 0.60372 | 0.61432 | 0.64383 | 0.98768
50 0.15455 | 0.15966 | 0.09944 | 0.00041 | 0.62287 | 0.70356 | 0.86251 | 1.00040
60 0.16997 | 0.10578 | 0.04173 | 0.00021 | 0.69617 | 0.86250 | 0.04729 | 1.00028
70 0.13248 | 0.06045 | 0.02215 | 0.00004 | 0.83046 | 0.92780 | 0.97194 | 1.00002
80 0.09356 | 0.04117 | 0.01344 | 0.00001 | 0.89180 | 0.95168 | 0.98295 | 1.00001
90 0.07345 | 0.03080 | 0.00873 | 0.00000 | 0.91797 | 0.96422 | 0.98888 | 1.00000
100 0.06198 | 0.02423 | 0.00589 | 0.00000 | 0.93206 | 0.97199 | 0.99246 | 1.00000
150 0.03902 | 0.01012 | 0.00108 | 0.00000 | 0.95892 | 0.98835 | 0.99860 | 1.00000
200 0.03056 | 0.00527 | 0.00023 | 0.00000 | 0.96837 | 0.99389 | 0.99970 | 1.00000
250 0.02588 | 0.00301 | 0.00005 | 0.00000 | 0.97349 | 0.99646 | 0.99993 | 1.00000
300 0.02282 | 0.00180 | 0.00001 | 0.00000 | 0.97680 | 0.99789 | 0.99999 | 1.00000
350 0.02062 | 0.00111 | 0.00000 | 0.00000 | 0.97915 | 0.99869 | 1.00000 | 1.00000
375 0.01973 | 0.00088 | 0.00000 | 0.00000 | 0.98010 | 0.99896 | 1.00000 | 1.00000
IKEEEEL 11, 01-(1] [1, 1]-[0]
B3k 0.0 0.1 0.2 0.5 0.0 0.1 0.2 [ 0.5
s g4
10 0.46532 o.4449é4{7 0.45360 | 0.47996 | 0.52530 | 0.52807 | 0.55829 | 0.60075 |
20 0.47947 | 0.47846 | 0.49566 | 0.63521 | 0.55435 | 0.57303 | 0.60367 | 0.68197
30 0.51123 | 0.57183 | 0.65244 | 0.76791 | 0.59514 | 0.65494 | 0.68298 | 0.33683
40 0.62864 | 0.68432 | 0.74667 | 0.98588 | 0.67567 | 0.63271 | 0.49336 | 0.02406
50 0.68589 | 0.74516 | 0.86841 | 1.00099 | 0.61374 | 0.44135 | 0.20043 | —
0.00136
60 0.73199 | 0.86343 | 0.94578 | 1.00037 | 0.44211 | 0.19626 & 0.08368 & — |
‘ 0.00064
70 0.82478 | 0.92473 | 0.97125 | 1.00007 | 0.23818 | 0.10680 | 0.04694 | —
0.00012
80 0.88810 | 0.94973 | 0.98235 | 1.00001 | 0.14756 | 0.07275 | 0.02990 | —
| 0.00002
90 0.91535 | 0.96264 | 0.98844 | 1.00000 | 0.11038 ' 0.05490 | 0.02016 | —
! 0.00000
100 0.93009 | 0.97060 | 0.99214 | 1.00000 | 0.09058 | 0.04370 | 0.01403 | —
0.00000
150 0.95803 | 0.98774 | 0.99853 | 1.00000 | 0.05352 | 0.01943 | 0.00276 | —
0.00000
200 0.96779 | 0.99355 | 0.99969 | 1.00000 | 0.04265 | 0.01193 | 0.00081 | —
0.00000
250 0.97306 | 0.99620 | 0.99993 | 1.00000 | 0.03393 | 0.00633 | 0.00013 | —
0.00000
300 0.97645 | 0.99776 | 0.99998 | 1.00000 | 0.02955 | 0.00390 | 0.00003 | —
0.00000
350 0.97886 | 99861 | 1.00000 | 1.00000 | 0.02645 | 0.00245 | 0.00001 | —
0.00000
375 0.97983 | 0.99890 | 1.00000 | 1.00000 0.02520 | 0.00196 | —
B | 0.00000

862
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