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Efficiency of Fast Approximation Analysis by Simulation and Machine Learning Using Active Learning
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In recent years, Al has been adopted in the manufacturing industry, and machine learning-based approximator systems are expected to be
used for shortening the development time of products. Although it is generally accepted that big data is essential for training data, it takes a
long time to collect the data obtained from simulations, so that a high-performance approximator must be built with a minimum amount of
training data.Although active learning has been studied in various fields to reduce the data collection cost, most of the research is on the
classification problem, and its adaptation to the regression problem is not advanced. In this study, we construct a simulation approximator for
this regression problem with a minimal amount of training data, using expressive neural networks to approximate unknown functions.
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Fig.1 Image of active leraning system




Table.1 Sample of training data
<
Sample | Simulation | Input | Input | Input | Input | Input | Input @
No. analysis 1 2 3 4 5 6 =
=
o]
1 -1.6 1.2 0 14 | 1.2 [ 14 | 14 I
2.1 12 | 0 | A4 [ 12 [ 14 ] 0 £
3 -2.4 1.2 0 1.4 1.2 -1.4 1.4 o
=
3
727 -1.3 1.2 0 -1.4 0 1.4 -1.4 g
728 -2.6 1.2 -1.4 0 1.4 0
729 -2.4 1.2 1.4 -1.4 -1.2 1.4 1.4
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Average of improveing error: 0.16
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Fig.2 Improving error with simulation analysis change
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