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Abstract

In order to develop general CMAC training technique applicable to any CMAC, characteristics
of CMAC learning algorithm and training problems of CMAC are studied. Neighborhood Sequen-

tial Training technique which is general and free from CMAC learning interference is proposed.

The technique is used to generate mathematical functions and found to be effective.
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Fig. 1 f(x) of Eq. (1) generated by arbitrary sequen-
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Fig. 2 Quantization of the input space of a two-
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Tabie 1 Training input points for the CMAC of Fig. 2

i S, A; i $; A,

1 0.0, 5.0 {Aa, Ed, Jh} 7 (6.0, 5.0) {Ca, Gd, Lh}
2 (0.0, 6.5) {Ab, Ee, Ji} 8 (6.0, 6.5) {Cb, Ge, Li}

3 (0.0, 8.5) {Ac, Ef, Ji) 9 (6.0, 8.0) {Cc, Gf, Lj}

4 (3.0, 5.0) (Ba, Fd, Kh} 10 (9.0, 5.0 {Da, Hd, Mh}
5 (3.0, 6.5) {Bb, Fe, Ki} 11 (9.0, 6.5) (Db, He, Mi}
6 (3.0, 8.0) {Bc, Ff, Kj} 12 (9.0, 8.0) {Dc, Hf, Mj}
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Fig. 3 f(x) of Eq. (1) generated by neighborhood
sequential training
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Fig. 4 f(x,y) of Eq. (5) generated by CMAC with K =9 trained by neighborhood
sequential training.
Table 2 Performance comparison of various CMACs with different K for Eq.(5)
K 2 4 6 9 12 15 20
M 32,942 16,744 11.346 7.749 5.952 4.875 3,800
Nirain 16,471 4,186 1,891 861 496 325 190
RMS Error 0.0001 0.0005 0.0011 0.0025 0.0044 0.0069 0.0123
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Table 3 The number of intermediate variables for various quantizing levels

K 6 7 8 9
J Nlj Nz; Nlj NZJ Nlj NZj Nlj NZJ'
1 61 31 52 26 46 23 41 21
2 61 31 53 27 46 24 41 21
3 61 31 53 27 46 24 41 21
4 61 31 53 27 46 24 41 21
5 61 31 52 27 46 24 41 21
6 61 31 52 27 46 23 41 21
6 52 26 46 23 41 21
8 46 23 41 21
9 41 21
Table 4 The effect of varying K on M, Nirain, and RMS Error
K 6 7 8 9
M 11,346 9,805 8,648 7,749
Nirain 1.891 1.352 1.058 861

RMS Error 0.0011 0.0028 0.0032 0.0025
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Table 5 Ninun for neighborhood sequential training (NST) and random training(Random) for the same

RMS Error
K 4 6 10 15 20 30
NST 4,186 1,891 703 325 190 91
Random 800,000 300,000 150,000 35,000 8,000 2,000
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Fig. 5 RMS Error levels achieved by the neighbor-
hood sequential training and random training
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