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Table 3 Average objective values and standard deviations of Different algorithms on the single objective problem
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Figure 1 Minimax change trajectory during iterative solution of optimization problems
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Table 4 Comparison experiments of different kernels selected for joint distribution adaptation

P A primal

M %A linear

P A% M rbf

JDA_TiDE, JDA_TiDE, JDA_TiDE,

JDA_TtDE, JDA_TtDE, JDA_TiDE,

W fRMEE ME bfEE ME

PRiEZE B

bR HME bRdEZR B RREE

1.33E-4
1.28E-4
1.31E+4
5.57E-7
4.38E+1
1. 17E+0
1. 14E-4
1.31E+0

O 0 9 B WwWN

1.31E+4

8.28E-5
3.98E-5
8. 18E+2
2.91E-7
2.59E-1
1. 10E-1
4.50E-5
1.68E-1
9.05E+2

5.09E-4
4.37E-4
1.34E+4
2. 50E-6
4.43E+1
1. 80E+0
4.70E-4
1. 83E+0
1.34E+4

1.32E-4
1. 62E-4
1. 06E+3
7.76E-7
2.37E-1
2.35E-1
1.47E-4
1. 80E-1

1.01E-4 3.05E-5

1.26E-4
1. 34E+4
4. 92E-7
4.38E+1
1. 05SE+0
1. 01E-4
1.01E+0

9.11 E+2 1.32E+4

6.21E-5
1.05E+3
1. 87E-7
2.31E-1
1.34E-1
3.53E-5
1.75E-1
8.96E+2

6. 19E-4
5. 10E-4
1.34E+4
1.53E-6
4. 42E+1
1.47E+0
6. 12E-4
1. 52E+0
1.37E+4

4.05E-4
2. 15E-4
1.03E+3
4.94E-7
1. 77E-1
1.45E-1
3. 19E-4
1.51E-1
7. 17E+2

9.90E-1
6.03E-1
1.33E+4
5.74E-7
4.47E+1
1. 09E+0
1.99E-1
9.23E-1
1.30E+1

1. 46E-5
5. 17E-1
6.49E+2
1.91E-7
1.95E+0
1. 60E-1
4. 19E-1
1. 09E-1
9.97E+2

9.90E-1
2.02E-1
1.36E+4
2.45E-6
4.42E+1
1. 73E+0
2.00E-1
1. 46E+0
1.36E+4

1.26E-4
4.21E-1
8.39E+2
4.59E-7
3.09E-1
1. 40E-1
4. 19E-1
2. 00E-1
6. 20E+2
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Table 5 Comparison experiments of different iterations of joint distribution adaptation selection

K=2

K=3

K=5

HIRZY

JDA_TrDE, JDA_T:DE, JDA_TrDE,

JDA_TrDE, JDA_TrDE, JDA_TrDE,

[in]

WE fRMEE ME WBlEE WE

FREZE BE

PR ME dREE HE fREE

9.94E-5 2.64E-5
1.14E-4 3.97E-5
1.29E+4 7. 14E+2
5.67E-7 1.32E-7
4.38E+1 2. 17E-1
1.24E+0 1.50E-1
1. 13E-4 5.40E-5
1.28E+0 1.95E-1
1.30E+4 1.02E+3

5.10E-4 1.24E-4 1.32E-4
4.93E-4 1.74E-4 1.17E-4
1.36E+4 1.06E+3 1.26E+4
2.21E-6 7.02E-7 6.14E-7
4.43E+1 1.52E-1 4.38E+1
1.70E+0 1.86E-1 1.16E+0
5.10E-4 2.71E-4 9.35E-5
1.74E+0 2.31E-1 1.21E+0
1.36E+4 5.90E+2 1.30E+4
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3.97E-5
4. 64E-5
4.15E+2
2.53E-7
1.49E-1
1. 64E-1
2.42E-5
1. 58E-1
7.54E+2

4.43E-4
4.20E-4
1. 36E+4
2.26E-6
4.42E+1
1. 86E+0
4.30E-4
1. 93E+0
1. 30E+4

1.77E-4 1.73E-4 7.59E-5 3.70E-4 1.42E-4
1.42E-4 1.16E-4 4.61E-5 5.00E-4 1.42E-4
8.58E+2 1.32E+4 7.49E+2 1.36E+4 6.68E+2
6.56E-7 5.56E-7 1.69E-7 2.46E-6 1.23E-6
2.91E-1 4.37E+1 2.25E-1 4.44E+1 1.64E-1
2.43E-1 1.18E+0 1.74E-1 1.86E+0 1.87E-1
1.08E-4 1.28E-4 5.18E-5 4.12E-4 1.10E-4
2.18E-1 1.25E+0 1.78E-1 1.76E+0 2.50E-1
5.64E+2 1.28E+4 9.65E+2 1.39E+4 1.36E+3
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Unidirectional Transfer Differential Evolution Algorithm Based on Joint

Distribution Adaptation
LI Xi"?, LI Shuai"?, FENG Yanhong', LI Mingliang'

(1. School of Information Engineering, Hebei GEO University, Shijiazhuang 050031, China; 2. Laboratory of AT and Machine Learning,
Hebei GEO University, Shijiazhuang 050031, China)

Abstract. In traditional differential evolution algorithm solves optimization problems generally starting from zero-
knowledge and searching independently without using the information of similar problems that have been solved. In
this paper, the transfer learning technique was introduced into DE. Firstly, the extracted key information from the
optimized population of the source problem and the current population of the target problem was mapped to the high-
dimensional Hilbert space by the joint distribution adaptation method. Then a new population was constructed from
the mapped matrix to replace the population of the target problem. Lastly, the subsequent evolution was completed.
Two transfer modes were implemented; transferring the effective information of the source problem to guide the
search direction of the algorithm during the initialization ; utilizing the transferred effective information after a certain
number of iterations to accelerate the population convergence. The proposed algorithm was tested with nine sets of
multi-task test functions, and compared with the DE without transfer and transferred DE without adaptation tech-
nique. The results showed that, the proposed algorithm outperforms the traditional DE on seven sets functions in
term of solution quality. Moreover, the proposed algorithm converged faster than DE. Therefore, the transfer learn-
ing-based differential evolution algorithm was effective in improving the solution accuracy and convergence speed of
the objective optimization problem.

Keywords: optimization algorithms; transfer learning; joint distribution adaptation; unidirectional transfer; differ-

ential evolutionary



