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Optimizing Neural Network Using Genetic Algorithms
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¥ 1 Deposition Parameters

Parameter Range
Substrate Temperature 200 - 400 C
Pressure 0.25 - 1.8 torr
RF Power 20 - 150 watt
2% SiHs in N2 Flow 200 - 400 scem
N3O Range 400 - 900 scem
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£ 2 Ranges of Neural Network Parameters

Default
Value
No. of Hidden Neurons 3-9 6

0.05-0.5] 0275
0.35 - 0.95] 0.65
0.01 - 0.13} 0.07

Parameters Range

Learning Rate

Momentum

Training Tolerance
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¥ 3 Network Parameters Optimized by Simplex

Search
PECVD Hidden {Momen-|Learning| Training
Response Neurons| tum Rate |Tolerance
Permittivity 9 0.40 0.50 0.01
Ref. Index 9 0.40 0.50 0.01
Stress 6 0.40 0.05 0.13
Non-
Uniformity 6 0.40 0.50 0.13
fmpurity 6 | 040 | 0.05 | 0.07
Concentration

I 4 Network Parameters Optimized by Genetic

Algorithms
PECVD Hidden {Momen-|Learning| Training
Response Neurons! tum Rate [Tolerance

Permittivity 7 0.41 0.19 0.01

Ref. Index 7 0.40 0.37 0.08
Stress 7 0.39 0.07 0.06
Non-

Uniformity 4 0.43 0.06 0.11

Impurity 4 | 037 ] 008 | 007
Concentration

I 5 Training Error Comparison of Simplex and GAs
Network Optimization

PECVD Simplex GAs %Improvement
Response
Permittivity | 0.0578 | 0.0110 80.94
Ref. Index 0.0232 { 0.0822 -71.76
Stress 0.0500 | 0.0571 -12.47
Non-
Uniformity 0.1146 | 0.1099 4.09
tmeurity ) 6951 | 0.0841 7.35
Concentration

5. 88

Backpropagation AA%E B2 A$9 Z2Ax
E‘é—l o] dedez "}%54312]”} Ao dee&
791 setejel e g Aedulele] gho] o3 ZFE
AFAME f3 gng o 712 FA s Y
*]’%3}93 o HHe geuiy FES opdE &
ATt

4y to Lt

¥ 6 Prediction Error Comparison of Simplex and
GAs Network Optimization

PECVD .
Simplex GAs %Improvement

Response
Permittivity | 0.1788 | 0.0363 79.68
Ref. Index 0.2158 | 0.0591 72.61
Stress 0.9659 | 0.4815 50.16

Non™ 4 1361 | 0.0246 81.92
Uniformity

tmeurlty 4 4 4964 | 0.0795 17.54
Concentration
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