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Development of Polynomial Based Response Surface
Approximations Using Classifier Systems

Lee, Jongsoo™

ABSTRACT

Emergent computing paradigms such as genetic algorithms have found increased use in problems in
engineering design. These computational lools have been shown to be applicable in the solution of
generically difficult design optimization problems characterized by nonconvexities in the design space
and the presence of discrete and integer design variables. Another aspect of these computational par-
adigms that have been lumped under the broad subject category of soft computing, is the domain of arti-
ficial intelligence, knowledge-based expert system, and machine learning. The paper explores a machine
learning paradigm referred to as leaming classifier systems to construct the high-quality global function
approximations between the design variables and a response function for subsequent use in design opti-
mization. A classitier system is a machine learning system which learns syntactically simple string rules,
called classifiers for guiding the system's performunce in an arbitrary environment. The capability of a
leamning classifier system facilitates the adaptive selection of the optimal number of training data accord-
ing to the noise and multimodality in the design space of interest. The present study used the polynomial
based response surface as global function approximation tools and showed ity effectiveness in the
improvement on the approximation performance.

Key words : deisgn optimization, function approximations, response surface method, machine learning,
classifier systems. genetic algorithms
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Table 3. Control parameters for classifier System
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initial strength (S) 10
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weighting factor (o) 0.489
weighting factor (k) 09
weighting factor (&) 0.1
exponent in reward coefficient (p) 0.35
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Table 4. Use of 2nd order polynomial

Eie SD1 NID NFD SD2
R-I 6.40 2.01 iz 29 21
R-11 9.88 3.11 12 54 27
R-III 10.01 2.01 12 59 32
R-TV 8.87 3.51 12 40 30
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Table 8. Use of 3rd order polynomial

E..c SD1 NID NFD SD2
R-1 4.43 1.54 12 16 6
R-I1 3.83 2.56 12 23 5
R-III 9.92 1.4¢ 12 56 28
R-IV 8.25 383 12 3 19
Table 6. Use of 4th order polynomial
E... SD1 NID NFD SD2
R-I 4.95 1.83 18 22 5
R-II 8.31 2,59 18 37 14
R-III 8.86 2,58 18 48 24
R-IV 7.6} 2,82 18 40 22
Table 7. Use of different order of polynomials
OP E.. SDI NID NFD SD2
R-I 3rd 4.61 1.87 12 14 3
R-II 3d 89 152 12 24 9
R-III 4th 809 191 18 3 9
R-1V 3rd 780 248 12 38 23
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Fig. 5. Convergence of average error.
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