H B No.39 21

N =B RT A F DIST5 A —F HETFEKICBIT 5
R A A w{b o e

Automatic parameter adjustment for power semiconductor tester using bayesian optimization
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In order to realize our highly accurate power semiconductor tester, various parameters need
to be optimized before shipment. In general, if the physical model of the target is known,
parameter optimization can be performed using existing optimization methods. However, such
model analysis methods often suffer from significant performance degradation due to modeling
errors, and accurate model analysis is also difficult. In this paper, we outline a method for
automatic parameter adjustment using bayesian optimization to obtain optimal parameters while

performing model estimation.
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Fig. 1 Model depended parameter adjustment.
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Fig. 2 Block diagram of manual parameter adjustment.
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Table 1 Execution Environment of bayesian optimization.

Description

Detail

python

version 3.9.0

bayesian-optimization
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Fig. 4 Example of bayesian optimization.
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