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Credit-assignment-based parallel ensemble CMAC and

its applications in modeling
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Abstract: Albus CMAC (cerebella-model-articulation-controller) is a neural network that simulates the structure of
the human cerebella and performs the articulation controller. Although it has a large memory capability and is capable
of output generalization, Albus CMAC is still hard to meet the requirements of rapidity for online learning. To solve the
conflict between the accuracy and memory capability of Albus CMAC, we introduce the concept of credit assignment and
propose the parallel ensemble CMAC based on credit assignment. A large-scale network is separated into several sub-
networks; these sub-networks are trained synchronously, and then are combined. It greatly improves the computational
efficiency. In simulating the model of the complex nonlinear function, results show that the proposed scheme improves the
generalization capability of the system model and raises the convergence rate of the improved arithmetic. Finally, how the
learning parameter and the generalized parameter influence the effect of online learning of this neural network is discussed.
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Fig. 1  Structure of CMAC neural network

EAAEANFEARL R 7 F A ]S HEAMAY
A7-fitt 2% (1) A ) BRAT- it % (0] W . CMACHH £8 W 4% 1)
iy, R RS 19 R B R A R
AN R EREE A O HILC R Z S,
FRANIE T MR IRZALRE D).

CMACHH 28 9 2% (1) 5 2] i R i Tl 1 — & 51wk
S S B N 2 ) 3 R 0L IR AEUAE i R G ) Ik
SH(S — A); K UL ARUAE i 5 o0 B 1) BEAE 4 o
(RIS (A — W) ) BEAF il 50 21 gt 22 Th) ) Ik
BW —y). HrPgaiam I C A a; FME N1, H A 40.

WA 1K) @ X6 I PR w,; 2 RS2 0 2% 1K) Aty BT
Y= > aw. (1)
=1

Albus CMACHHZE M 25 1f) )| Zod 2 2 a1 72 4
IESESL I, IS AS JEAREUE M 4l A 28 i th (5 Y
288 SR AR D) PR 58 22 B /D D DU RAs 1 IR 65 FR) A
) 5t 8. g Ay ST EE i AR oA T8 1) SEE B A H
e =9 — y R RZE, WAUE B IEA AT KR
n(§ —y)

o (2)

ot 2 3 H 8, CAZWSEL wi(n + 1) 2
28 3 Hn 3K ARG A7 Al AR S A7 il 5 o8 AL
(. Ml < (e i 2 B RO, 1% R 2,
el > elf, GkEIIN Ly, B2 2 EE K 11 220 B
h ik X AR (R 1E 7 15 e ik 22 1 1 4 Bl 45
A RO IR AEAif TG
3 BT FICMACH £ W 248 (Credit-

assignment-based CMAC, CA-CMAC)

i MCMACYI 25 5 3 2 7 P L2 205 5
XTI A fidh B TG AU U 1) 52 e, 5 2 ) AR IEAE
P SBCLE T T O ARG T, (HUE S8 b
TREANAEAG TR0 I A A AR ) 257 20 g 5, P L
7 fifs BT AR AN N AT A [R] 16 1T {5 B8, O T 4R A
SVHRE, K IE 158 7 0 S0 A7 PR ) R A FE AT
I3 HC. SCHRI614€ H B 2 HH 1% A7 it 5 o6 H | 58T 1)
RERPE , A4 I ) TR IR BB 22, Ho A7t 1)
B n] 5. DR A i B 0T R o ) BRI T
15 B2, A s, HOAUE B IE VN, i) s
H

wi(n+1) =w;(n) +

fz‘il(”) .
w;(n+1) = w;i(n) + Um(y -y). 3
el
o fi(n) 2 5517 il B TG AE SEn Ik AR I (1)
WOHIREL {Ta; = 1,0 = 1,2, n} N #3010
YeZTATvE S8
J T B IFCA-CMAC 5 CMACHE pf HE U 5 T
(AT 2501 R 2 e Pk, B i =X () T 7 24 1 26 1
R AR AT U5 ST, B AR i BN (R [ -3, 3] x
[—3, 3] LA [8) FB0.2H 35 ) 43 A B k% Mt 5. &
HCMACH! & W 25 1112 1L S 5 C N6, P Fh W 45 1)
SRV 2 31 H Bin ok 0.05, K FIMATLAB 7.052 8
ARG AL, 7 AT M 4 25 CA-CMACTHH 48 W 4%
FICMACH 28 W 48 04RS00 5 3 7 i 2= R Bl 2k
2R 7R:
z = 0.5(z* + 7). “4)



F2H

ISR LT O E X T AT 4R B CMAC L LA AR v 1) N 213

0.20 T T
0.18
0.16
0.14 -
0.12
0.10 -
0.08
0.06
0.04 -
0.02
0.00

'— CA-CMAC |
---CMAC

BTz

~o

0 10 20 30 40 50
ELAYE ¢

B2 PR SRIE 24k pR R 38 T3 DR 2 T T i 2

Fig.2 Mean-square error curve of two algorithms

approaching 2-dimension function
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Fig. 3 Three-input parallel CA-CMAC neural network
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Table 1 Mean-square error of three algorithms

approaching 3-dimension function
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P-CA-CMAC CA-CMAC CMAC
1 0.18531 0.22108 0.20318
3 0.072357 0.13538 0.11137
5 0.046532 0.10569 0.089971
7 0.035854 0.091133  0.083529
10 0.027211 0.079166  0.081091
20 0.016841 0.059393  0.078718
30 0.015033 0.047034  0.074233
50 0.01579 0.03157 0.065508
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