
27 3

2010 3 Control Theory & Applications
Vol. 27 No. 3

Mar. 2010

Eidos

: 1000−8152(2010)03−0373−04

,

( , 210016)

: (Eidos BSB) .

, .

, , . ,

Eidos BSB Eidos BSB , , .

100% 94% .

: ; ;

: TN052 : A

Parameter optimization in Eidos brain-state-in-a-box artificial
neural network model

WANG Xu-dong, SONG Mao-zhong
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Abstract: The parameter optimization for the Eidos brain-state-in-a-box(Eidos BSB) artificial neural network model is

considered. By an in-depth analysis to the eigenvalues of the model-connected matrix, it can be found that the network’s

classification ability relies on the stability and distinction of the valid eigenvalues. Thereby, a novel parameter optimization

technique is proposed, which is based on the ratio of the valid eigenvalues’ mean to the others. Then, the details of this

parameter optimization method are presented. According to the simulation results, this optimized Eidos BSB model is

immune to noise and provides better classification results. More than 94% correct classification rate can be attained for the

samples with 100% noise contamination rate by employing this optimized neural network.
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1 (Introduction)
BSB(brain-state-in-a-box, )

Anderson 1977 [1],

.

BSB , Hui[2], Lillo[3],

Qiao[4]

; [5] Hebbian Anti-

Hebbian BSB , Eidos

BSB . ,

. , Eidos BSB

, [5]
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2 BSB (BSB model)
BSB ,

[6].

ΔA = η(fk − Afk)fT
k . (1)

ΔA BSB , fk , η

. , ΔA

0 , ,

.

f(i + 1) = L(αAf(i) + γf(i) + δf(0)). (2)

: α, γ, δ [0, 1] ,

; f(0) ,

f(i + 1) f(i) i + 1 i

, f(i + 1) = f(i) ; L (3)
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: 2008−04−30; : 2009−05−22.

: (60572108); (Y0618-041).
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L(x) =

⎧⎪⎨
⎪⎩

VT, t � VT,

x, VT < x < VT,

−VT, t � VT.

(3)

: VT , n .

, ( ),

n ( ),

.

3 Eidos BSB (Eidos BSB model)
3.1 Eidos BSB (Original Eidos BSB mo-

del)
Widrow-Hoff BSB ,

, . ,

Begin[5] ,

Eidos BSB . (4):

ΔA = αf(p)fT(p) − βf(n)fT(n). (4)

: α, β [0, 1] , α > β; f(p), f(n)
f(0) p, n , p < n.

Hebbian Anti-Hebbian ,

, .

Eidos BSB (5):

f(i + 1) = L(ξAf(i) + ϕf(i)). (5)

: L , (3), ξ, ϕ [0, 1]
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3.2 Eidos BSB (Parameter op-

timization of Eidos BSB model)
Eidos BSB
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Begin , 50%

, ξ = 0.999 ,
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1 ξ

Fig. 1 Eigenvalues spectra under various ξ

,

, ξ , .

q =
1
9

9∑
i=1

λ(i)/[
1
26

35∑
i=10

λ(j)]. (6)

q ξ 2 .

2 q ξ

Fig. 2 q value versus ξvalue
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2 , ξ = 0.65 , q ,

.

3.3 Eidos BSB (Simula-

tion of parameter optimized Eidos BSB model)
Eidos BSB

, .

A, E, H, I, N, O, R, S, T, 9 7×5

, −1/
√

35( ) 1/
√

35( ).

0.03(R-S R-T) 0.77(H-

N I-T) , 0.3.

, σ ,

. : σ =
ρ√
35

ρ . 10000 ,

900 ( 100 ). : 1)

; 2) (5) f(p), f(n);

3) (4) ΔA, A; 4)

1)∼3) , ΔA 0.

: α = 0.05, β = −0.0025, ϕ = 0.95, p = 5,

n = 10, VT = 2, , ξ

ξ = 0.65, ξ = 0.999.

50% 100%,

0∼100% , 1 2 .

1 50%

Table 1 Recognize results of the network after

studying samples with 50% noise rate

/%
/% /%

0 0 73 0 63

25 0.7 77 0.1 67

50 1.5 79 0.3 72

100 8.6 88 2.1 81

2 100%

Table 2 Recognize results of the network after

studying samples with 100% noise rate

/%
/% /%

0 14.6 89 0 69

25 16.7 96 0.5 77

50 20.3 105 2.7 86

100 45.1 204 5.1 106

ξ , ,

ξ 0.65 , 3∼6 .

2.2 ,

, .

, ;

100% ,

45% , ,

6% .

7 (

100%). ,

[−1/3, 1/3] . ,

.

3 50%

Fig. 3 Error category percentage of the network after

studying samples with 50% noise rate

4 50%

Fig. 4 Iteration numbers of the network when studying

samples with 50% noise rate

5 100%

Fig. 5 Error category percentage of the network after

studying samples with 100% noise rate
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6 100%

Fig. 6 Iteration numbers of the network when studying

samples with 100% noise rate

7 Eidos BSB

Fig. 7 Recall procedure of the parameter optimized Eidos

BSB model

4 (Conclusions)
Eidos BSB

ξ ,
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