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Abstract

In the real world, many evolutionary optimization problems are difficult to find a suitable evalua-
tion function or the evaluation cost is very expensive, which poses many challenges for evolutio-
nary optimization algorithm to solve real optimization problems. In recent years, in order to solve
the problem of expensive evaluation of evolutionary optimization algorithms, data-driven evolu-
tionary optimization came into being. The basic idea of data-driven evolutionary optimization is to
train the agent model to assist the evolutionary optimization process by making full use of the role
of data. Generally, the agent model is used to approximate real expensive function evaluation, so
as to realize the cheap evaluation process and improve the performance of the algorithm. Accord-
ing to the KTA2 algorithm, this paper proposes an improved Kriging Model-assisted two-archive
online data-driven evolutionary algorithm KTA2_addModel4. In the KTA2 algorithm, three Kriging
models are trained as surrogate models: the sensitive model trained by all data sets, the insensi-
tive model 1 trained without large influence points and the insensitive model 2 trained without
small influence points. In the improved algorithm KTA2_addmodel4, an insensitivity model 3 is
added to remove both the small influence points and the large influence points. By comparing with
KTA2 algorithm and other surrogate-assisted data-driven evolutionary algorithms in the test
function, it is proved that the proposed KTA2_addmodel4 algorithm improves the quality of the
surrogate model and the performance of the algorithm.
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Figure 1. KTA2 algorithm model
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Figure 2. Model usage of KTA?2 algorithm
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Figure 3. Flowchart of KTA2 addModel4 algorithm
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Figure 4. Agent model of KTA2 addModel4 algorithm
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Figure 5. Use of KTA2 addModel4 algorithm agent model
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