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Abstract: Optimization problems are used in various fields, but it is difficult to use optimization
techniques such as genetic algorithms when calculating fitness takes a very long time. In this context,
many studies have been conducted to reduce the computation time of black box optimization problems
by predicting the quality of solutions by creating surrogate models with machine learning algorithms
such as gaussian process and support vector regression. In this study, we compared the difference in
approximate performance of machine learning according to the type of learning model, the amount of
training data, and the sampling method of training data in binary, permutational, real, and periodic-
function encodings. Therefore, the simpler the problem is, the better the performance of the gaussian
process is, also, the larger the number of training data is, the better the approximation performance is,
The results showed that unbiased training through sampling is advantageous for high performance.
Based on these results, experiments were performed by replacing the fitness function of the genetic
algorithm with a machine-learning model on binary, permutation, and real number encoding. When the
machine learning approximation was well done, on average, the performance of genetic algorithms with
surrogate models was slightly lower or similar to that of genetic algorithms without surrogate models.
In rare cases, it showed better performance, such as finding an optimal solution within about 1.6 times
fewer generations, or finding an optimal solution with a higher fit than the genetic algorithm that dose
not use a surrogate model.
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(a) Gaussian process example plot[6]. (b) Support vector regression example plot[7].

[28 1] 7FAIQr T2 A 2~0t AZE WE 3|79 g5z oA

[Fig. 1] Example Plots of Gaussian Process and Support Vector Regression
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[Fig 2] Plots of Periodic Function (6)
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[Table 1] Comparison between SVR and GP and between 1,000 and 10,000 as the number of Train samples

SVR with 1,000 GP with GP with
Test problem 4 | training samples | 1,000 training 10,000 training

8 5.04e-02 2.36e-11 5.45E-12

One-max 50 1.15e-01 1.42e-06 6.65E-10

100 3.25e-01 1.03e-05 2.60E-08

8 2.50e-01 2.40e-04 2.18e-11

Royal-road, Schema = 4 40 6.61e-01 6.23e-01 3.80e-01

Binary 96 1.10e+00 1.08e+00 8.69-01

encoding 12 4.80e-02 9.57e-06 7.57e-09

NK-landscape, k=2, n=d 50 3.86e-02 1.94e-02 5.34e-03

100 2.51e-02 1.83e-02 6.82e-03

12 8.48e-02 8.40e-02 2.23e-01

NK-landscape, k=12, n=d 50 4.12e-02 4.12e-02 4.12e-02

100 2.84e-02 2.78e-02 2.87e-02

5 8.80e-01 6.87e-01 5.58e-01

Permutgtlon InversionMax 30 6.18e+00 6.10e+00 5.90e+00
encoding

50 1.03e+01 9.84e+00 9.89e+00

5 2.50e-01 1.05e-03 2.88e+00

Sphere 30 2.49e+01 3.08e-02 3.23e+01

50 5.16e+01 5.88e+01 5.56e+01

5 4.42e+02 4,32e+02 4.20e+02

Schwefel 30 9.46e+02 9.26e+02 1.01e+03

50 1.24e+03 1.20e+03 1.32e+03

5 1.12e+00 1.12e+00 1.19e+00

Real Ackley 30 2.32e+01 2.33e+01 2.02e+01
encoding

50 9.09e+01 9.10e+01 1.68e+02

5 2.21e+01 2.27e+01 1.99e+01

Rastrigin 30 6.19e+01 6.19e+01 5.59e+01

50 7.01e+01 7.02e+01 7.44e+01

5 9.05e+02 6.04e+02 3.49e+02

Rosen-Brock 30 4.24e+03 3.82e+03 2.72e+03

50 5.09e+03 4.92e+03 4.82e+03

5 4.84e-01 4.25e-01 1.29e-01

Periodic - .

- Periodic Function 30 1.44e+00 1.44e+00 1.24e+00
encoding

50 1.81e+00 1.81e+00 1.76e+00

Average 4.01E+02 3.71E+02 3.36E+02
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[Table 2] Normalized RMSE/d by Sampling in Discrete Space
NK-landscape, | NK-landscape, | Royal-road :
One-max k=2 k=12 Schema=4 InversionMax | Average
Train on “R” | 8.91e-02 1.88e+00 1.59e+00 7.73e-01 1.25e+00 1.12e+00
Train on “U” | 1.91e+00 1.17e-01 4.10e-01 1.23e+00 7.54e-01 8.84e-01
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[Fig. 4] Approximate Results of Periodic Function by Train/Test Range
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