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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 Patential 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. 1. Structural hybrid of MLP and GPFN,
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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
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Figure. 3. The outline of the proposed learning algorithm,
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B 1. fla, %)=19(1.35+¢" sin(15(x;—0.6)2) e ™ sin(8xy) ) & o] &3+ B3ak &4 2ALS}F Ao &
MLP(BP), GPFN3} #ietel MLP(BP) + GPFN#}9] Qlvtst J% vz,
Table 1. Comparison of generalization capabilities for function approximation of f(x;, x;) =1.9(1.35+¢*
sin(15(x; ~0.6)%) e~ ** sin(8x,) ) between MLP(BP), GPFN, and proposed MLLP (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.
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Figure. 6. Generalization capabilities for each learning
algorithm : (a) proposed learning algorithm,
(bYGPFN, (c)MLP(2-6-3-1).
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A3 A7 GPFN & ol 2§ GPF &4
(557H)ofl wls) W FHL F(19.470)7F A=A
of, do} 2e o g W adn £, A
o g o] Fol sy 3142(50,000) 9 Wi Ehed
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Table 2. Comparison of generalization capablhtxes for function approximation of nonlinear dynamical sys-
tem y(k+1) = -ﬁ%)z—) + 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 | 59xe-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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