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Table 1 Experimental plan and results of some polymer experiment
X %2 X3 N Y2
1 -1 -1 -1 74 53.2
( 2 1 -1 -1 51 62.9
) 3 -1 1 -1 88 53.4
4 1 1 -1 70 62.6
Matlab 5 -1 -1 1 71 | 57.3
6 1 -1 1 90 67.9
7 -1 1 1 66 59.8
1 8 1 1 1 97 67.8
9 -1.68 0 0 76 59.1
10 1.68 0 0 79 65.9
2 11 0 -1.68 0 85 60.0
_ 12 0 1.68 0 97 60.7
3 2 13 0 0 -1.68| 55 57.4
14 0 0 1.68| 81 63.2
15 0 0 0 81 59.2
16 0 0 0 75 60.4
4 1 17 0 0 0 76 59.1
18 0 0 0 83 60.6
19 0 0 0 80 60.8
Po 20 0 0 0 91 | 58.9
5
80 ~ 100 0, 100;
55 ~60 0, 57.5.
(10)
3
2(2) =(1 % % % % x4
24 XXy XXy XpXy)
Ko ° (&
Y1 Y2 C
C - (0. 100 O. 025)
0.025 0.500
%, ( reaction time) . %, ( reaction tem— Nsim 10 000

perature) . %, ((amount of catalyst) . A = (80 <yY <100 55 <y <66}
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(18) 2 2
(19) Py 14.663 6
(18)
Py 0.602 8.
Matlab
( population size) 200 ( hybrid 11.561 3. Ko
function)
0.647 8.
Do 0.6. 11.666 2 0.480 6
(19) 2
Table 2 Optimization results of different research methods
1 %2 *3 ;’1 ;’2
-0.46 1.15 -0.48 86.49 57.75 20.958 1 0.647 8
-0.29 1.68 -0.41 93.01 58.52 11.561 3 0.461 2
@ -0.38 1.68 -0.49 93.77 59.98 11.666 2 0.480 6
-0.43 1.44 -0.49 89.77 57.88 14.663 6 0.602 8
® 8
2
( . )
(20.958 1) 4
4.1
(0.461 2) Dy
)
(0. 647 8) (0.461 2).
0.45 0.60
(0.05) 4
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Table 3 Optimization results for different expected probabilities
5 % % " %
0.45 -0.29 1.68 -0.42 93.00 54.49 11.563 7 0.463 0
0.50 -0.36 1.64 -0.44 92.43 58.23 11.888 2 0.500 8
P,
! 0.55 -0.38 1.53 -0.46 90.95 58.11 13.1350 0.558 5
0.60 -0.43 1.44 -0.49 89.77 57.88 14.663 6 0.602 8
by 0.45
4.3
po  0.65 Ko
(0.461 2)
3
Po
( Po-
> ) Po
4.2
(0.602 8)
( )
(-0.43 1.44 -0.49) 25  Peterson ”
A, = {80 < VY <100} ¥,
0.8525.
A, = {55 <Y <66} ¥, Peterson
0.6927. ?
Y2
Y2 4 . 4
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(0.9219)
p,  0.95
(6.208 4) (0.696 8) (0.952'5) .
4
Table 4 Optimization results of different research methods
" 2 3 ;'1 ;’2
0.028 0.011 0.024 22.29 1.51 6.208 4 0.999 7
0.317 0.515 0.027 223.04 14.08 0.683 5 0.921 9
Peterson
0.750 0.000 0.250 228.31 15.99 1.053 9 0.743 2
( )
Peterson
( ) 0.760 0.000 0.240 227.93 16.01 1.058 3 0.747 4
0.310 0.488 0.021 213.31 13.37 0.696 8 0.952'5
5
(10)  z(«)
N ( Bayesian model averaging BMA)
26
y
Y
y
17
( Markov chain Monte Carlo MCMC)
27 28
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Bayesian modeling and optimization of multi-response robust parameter design

WANG Jiansun' > MA Yi=hong' OUYANG Lin-han' SUN Jin-sheng’ LIU Jian'

1. School of Economics and Management Nanjing University of Science and Technology Nanjing 210094
China;

2. School of Automation Nanjing University of Science and Technology Nanjing 210094 China

Abstract: A new optimization model integrating quality loss function and posterior probability approach in the
framework of Bayesian statistical modeling is proposed to solve the problem of multi<esponse robust parameter
design. The proposed method not only assesses the expected probability of each response which falls within its
respective specification limit (i. e. the reliability of optimization results) using posterior probability ap—
proach but also measures the robustness of multivariate process with quality loss function. In addition this
paper discusses by illustrative examples the relationship between joint posterior probability and marginal pos—
terior probability the influence of different expected probability on the optimization results of the proposed ap—
proach and how to obtain the optimum balance between quality loss and posterior probability. The results
show that the proposed method can simultaneously take into consideration the robustness of multivariate process
and the reliability of optimization results and provide a relatively satisfactory optimization result from several
respects (e. g. robustness of multivariate process the reliability of optimization results) to achieve robust pa—
rameter design with multiple responses.

Key words: Bayesian analysis; multiple responses; posterior probability; quality loss function; robust param—

eter design



