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Multilayer feedforward neural networks

with multioutput neural model and its application
WANG Bing-wen', SHEN Yan-jun', HE Tong-zhou?
(1. Department of control science and engineering, Huazhong University of Science & Technology , Wuhan Hubei 430074, China;
2. Computer Department, Yunyang Teachers’ College, Yunyang Hubei 442700, China)

Abstract: A multi-output neural model and its general form are presented. The recurrent least square, a learning algorithm,
was used to train multilayer feedforward neural networks( MFNN) with this new model. Several simulations demonstrated that
MO (multi-output neural)-MFNN has simple architecture, excellent generalization capacity, fast speed of convergence and im-

proved accuracy. Its performance is superior to TAF (tunable activation function) MFNN.
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1 5|5 (Introduction)

METUH M-P RBRE A 20 LORE S A T
MMM PR TN XA E
B BUE A LR 8TE SR B o 45 0 Y 2 fk R
SR BV . Segeel VR ABIR T — 2 H F K
BP W%, ZIF B E B S-BUBLTE R B4 2 Tt Y
B 45 3 fife D B e ) BB, IRMERR BB G £,
Lee fl Kill2) 2 A 1 & %9 5K S-BY . Gauss B Hl iF 3%
RUBEHE PR A 2 UL RN B BT BE O 43 Bl AT T B
WL, R R, 73 T ML R S-BIBE B8
BIM L%, BB RE R 2 RIEHFEPIFEATE T —
T 18 R B 0T A B # 2 T AL B (tunable activation
function, TAF) & &4 , 5K i iX F & R 1) & Z A =1 1 2
ML M AR A RE, TR B ¥ M-P AR
Mg HREH%S sk BPERE A XEEW L%
TAF W8 T —A~38 2 02T, i) R HE e/ — 5k

W HE B3 :2003 - 02 - 19; Y& Bk H #2003 - 06 - 26.

B (RLS) VIR £, KK 52 15 W) 458 o > B e S i
BRI E AR | A SO TAF R B 4TI
it 153 4 B AT R (MO) R H £ EHT 1 # 4
P45 (MO-MFNN) , B2 2 Bk RLS B ik, #id L
A7 G5 SRR, I A e o BV R R 2 R R 45
MR AR R, FIRERFES RO FRFS,
P SR TR IR
2 MO # B R H AT P 2 f1 2 5 5% (Mul-
ti-output neural model and its feedforward
networks and its learning algorithms)
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Fig. 1 General MO model
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Fig. 2 Modified MO-MFNN
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iy RLS kD)
3 BXE 50 R4 % (Simulation and re-
sults)
3.1 3ELR 1% & #AYiEiE (Approximation of nonlinear
function )
Xf F AR £ 5t Figenbaum pR T, H AR A
x(t+1) = ye(1)(Q - 2(2)). (2)
Hp 28 y = 4. @G HEREREILI
BREL, AT 22 RMSE %7 , 84544 (1,4,1),
B RS k=2, BBy =0.999, P, = P,
= 10,0007, IHELERIE 1.

%1 47A%
Table 1  Slmulation results
RMSE -41 -50 -60 -71 -81 -95
ERXE 5 7 12 14 16 46

3.2 —#ig{LAY XOR @& (General XOR problem)
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Table 2 Network test result
Mgy EHE BKE &/ME Jr#
TAF-MENN 0.02 0.03 0.009 0.0058
MO-MFNN 0.0016 0.0035 0.0002 0.0002

3.3 FELLMFT RGBT (Identification of nonlinear
dynamic sytems)
LEERRENRITT N RBERREET RS
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yp(k + 1) =
Ay (B) 3, (k= 1), u(k),ulk - 1),u(k -2)].
KR f(-) B TFAREX
f[ 1= x1%7%3%5(x3 — 1) + x4
X1y X2y X3y Xg,X5]) = 2 2

1 + x5 + x3

A SCH A 3 = MO FilTe W4 sk BEHAUX IR
R, PG R (5,6,1)  TEVN GRS 1B, K 4R 8L
WM 4 -84, B[ -1, -0.5],[ -0.5,0], [0,
0.5],[0.5,1].5% 4 X [A] % /=4 50 P8, KK
FIX 4 X E] BRI G 45 B 2 S, TE I 25
JE X HAERESEAT I, I X 5 A
u(k) = sin(2kx/250), k < 500;
u(k) = 0.8sin(2kn/250) + 0.2sin(2kw/25), k > 500.
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Fig. 5 Test curve

4 45i£ (Conclusion)
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