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Efficient Learning Algorithm using Structural Hybrid of
Multilayer Neural Networks and Gaussian
Potential Function Networks

Sangbong Park*, Lae-Jeong Park®* and Cheol Hoon Park* Regular Members
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71€718 welrte w4 (gradient descent method)ol wlelt s & ¢ & A F(EBP:Error Back
Propagation) #®io] 7ha de] AbRsl e A7 32 o wiolxul, 4 2o AL 47 9
A AEE =¥} Ajzte]l g-pEiY) B o=ES EBP g wholM EAvEE A9 #HAzHlocal
minima), =% 8hx AlzE Al e 7 &(structure), “18]3 &7)¢ 914 7% (interconnection weight)
g 7189 vz A3 d2we 93 g 5Y% 71 7heAlel xdlAd JEYA(GPFN:
Gaussian Potential Function Networks) & #3802 2rl3le] s 43to 2 AAstE 0 & a4 m)el
ol Uyetdl= EA tiated g A5 S FAANE 4 e MBS sk hH S A A gt § 241 s)
A A 71& o] EBP 4 il vl AE o2 Aotd sty uhio] nu} MY dwrsl =yl we

S £58 /1S uel 1 ESNS AT A
ABSTRACT

Although the error backpropagation(EBP) algorithm based on the gradient descent method is a
widely-used learning algorithm of neural networks, learning sometimes takes a long time to acquire
accuracy. This paper develops a novel learning method to alleviate the problems of EBP algorithm
such as local minima, slow speed, and size of structure and thus to improve performance by
adopting other new networks, Gaussian Potential Function networks(GPFN), in parallel with
multilayer neural networks. Empirical simulations show the efficacy of the proposed algorithm in
function approximation, which enables us to train networks faster with the better generalization
capabilities.
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Figure. 2. Donut-type training data which show local er-
ror patterns in learning.
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Start : initialize the weights of neural networks
Backpropagation learning algorithm : gradient descent method
Monitoring the learning performance :
If error is smaller than error criterior, go to End.
clse If performance does show small improvement,
or not show any, go to Data analysis
clse continue Monitoring
Data Anaylsis : ferch data whose error s are larger than error margin
Self-organizing learning algorithm using GPF

Retraining the neural neworks if needed
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Figure. 3. The outline of the proposed learning algorithm,
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B 1. flx, %)=19(1.35+¢" sin(15(x;—0.6)%) e ** sin(8x,) ) & o] & B33 g5 2ALE Ao
MLP(BP), GPFN3} Alete MLP(BP) +GPFN#to] lwts}l %5 v,

Table 1. Comparison of generalization capabilities for function approximation of f(xy, x;) =1.9(1.35+ ™

sin(15(x; —0.6)?) e * sin{8x;)) between MLP(BP), GPFN, and proposed MLP(BP) + GPFN.

MNNs - | GPFN MNNs +GPFN
MNNs i
MI\{I\}S}SZ 6-3-1) (915-6-1) MNNs(2-6-3-1)
- , 1,000(GPFN)

Iter. 15,000 30,000 e 15,000 , 2,000 Avg : 8720+ 1,500(retrain)
Min. 1.98xe-1 1.88xe-1 1.60xe-1 . 1.05ex-1 1.00xe-1
Avg. 2.88xe-1 2.31xe-1 2.33xe-1 5.43xe-2 1.64xe-1 1.49xe-1
STD. 9.13xe-2 4.49xe-2 8.32xe-2 3.72xe-2 3.20xe-2
#.GPF 30 16.7 16.7
#.var 43 148 330 226.7

*In MNNs + GPFNs, for 2 of 20 trials GPFNs are not generated.
*MNNs + GPFNs : Avg 585 sec. (CPU time for 18 trials)
*MNNs 1(15,000 Iter.) : 622 sec. *GPFNs(2,000 Iter.) : 731 sec.

fix, y)

T T NV - 3 |

T T T T T

(a)

8l 6. 7F b ol tig At A (a) AlkE g
W, (b)GPFN, (¢)MLP(2-6-3-1).
Figure. 6. Generalization capabilities for each learning
algorithm : (a) proposed learning algorithm,
(bYGPFN, (¢)MLP(2-6-3-1).
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HAE 213(4 68)52 Al2¥ 9] tracking 5 Aol
= g8 Bkt

Train Signal : ¥(£+1) =1.5[0.3 sin(zzisk) +

2nkXx3 . 2mk X5

0.1 sin( % )+ 0.15 sin( % )+
0.12sin(2”k 7) 401 sin(Z2EX9) 4
25
. 2mkx11
0.15 sin( 25 )+Olsn( 250 ). W)

Test Singal : y(k+1) =0.3 sin(-;— )+

y(k)

q & Al A -
E 2049 ¥4 A28 kD) = o

. 2nkXx 2nk X5

0.1 sin( 7 )+015 in(—— 7 )+

0.12sin(2"k Ty +01si (2”';X9)+

0.15 sin( ZEX1L (5)

F

Test 1: F=25(xF3%), (6)
Test 2:F=70(ZF5%), (7)
Test 3: F=250(2.F0}57). (8)

¥ 2& 530 A" Y MLP, GPFN, -
Aty g TZ9 trackingol] #3FF Yuts)
woyFo), § 204 BHI2E 4139] dynamic
dehit A g E YutE] rms ol Wit 43¢
AAHE U norm alized rmsE AHE T o 7] A,
o#¥® MLP 7&% 581013, Aoty wye] A3
At GPFN9 o] 24 ¥, thAl MLPE A8t
Ak Aote g ol A AlAdd g
A% A3y GPFN &< whiio] 2§ GPF §%
(5570)ef wls) A FL £(19.470) 7} *3“51011]
o, Ho} 2He o g Wav agdnh E, A
o g wbo] FolF sk 3142(50,000) o i3k
MLP(BP)Rt}l #dFxoz 22 314(18,000) A
gtgol bt b #e CPU Alzte] A8 5
t}, ztr] g Fabg 540 g AE A5 sy,
GPFN2 fi4e A3 A7 &FA 7 £

i

4o @ oM
2 o R

ik ol

+u(k)? oA Qe 7}l HI2E 215l thgk MLP(BP), GPFN

2 Aot ey by oe] ksl Als Bl
Table 2. Comparison of generalization capablhtxes for function approximation of nonlinear dynamical sys-
tem y(k+1) = _ﬁ%)l—) + u(k)® between MLP(BP), GPFN, and proposed MLP(BP)+GPFN.
MNNs GPFN MNNs +GPFN
Iter. 50,000 5,000 3,000(GPFN)
(5-8-1) Avg : 14770+ 2,000(retrain)
Input T1 T2 T3 Tl T2 | T3 T1 T2 T3
Min, 8.1xe-2 | 5.6xe-2 | 5.3xe-2 . 5.3xe-2 | 3.2xe-2 | 2.4xe-2
Avg. 9.7xe-2 | 6.3xe-2 | 5.9xe-2 | 4.5xe-1 | 2.8xe-1 | 2.1xe-1 | 6.9xe-2 | 4.3xe-2 | 3.5xe-2
STD. 4.9xe-3 | 2.6xe-3 | 2.8xe-3 ; 1.0xe-2 | 5.7xe-3 | 5.7xe-3
#.GPF 55 19.4
#.var 49 565 262.4

* MNNs + GPFNs : 2,300 sec. (Avg.)

* MINNs : 4,650 sec.

* GPFNs(2,000 Iter.) : 6,440 sec.
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