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Evolutionary Algorithm

_________________________________

BHAERE
Swarm Intelligence

Genetic Algorithm, GA
BEEE

Particle Swarm Optimization,

PSO, RIFRMUEL

Ant Colony Optimization,

Evolutionary Programming,
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Differential Evolution, DE
= i E

Genetic Programming, GP

Brain Storm Optimization,
BSO

Artificial Bee Colony, ABC || |
Memtic Algorithm, MA '

Evolution Strategy, ES |
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Z4i#4k (Differential Evolution, DE)

/

© o)
( >tat ) 'l o Randomly generate N individuals
/l ° . 0L individual: X, =[X,;, X;,,.... X;p]
[ Initialization ] o
L V=X 4 F(X, - X)) individual: X, =[X; Xz, Xi)

mutant vector: V., =[V.;,V,,,...,.V]
offspring vector: U.=[U.,,U.,,...,.U]
v, ifrand(0,1) < CR ord = i,

X,;5, otherwise

Vi = Xrl + F(XrZ - Xr3)

—>[M utation & Crossover]
\
\

!

\
[Evaluation & Selectior] \\ Uy = {

Mf fitness(U,) is better than fitness(X;),
(" Finish ) Then X;=U,

& TR D
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7|1_L?F3$ﬁll'ﬂf, (Particle Swarm Optimization, PSO)

( Start ) ," . . position:  X; =[X;, X5y Xip]
2 . o velocity: V. =[V,,V.,,...V]
[ Initialization ] ° " o personal best: pBest; =[Py, P,,..., Po]
v ~  Randomly generate N particles gIObaI best: gBest _[Gl'GZ’""GD]
_1Velocity&position update] T T T T T T T T T T T T T T T T T T T T S T T s s s s s
T \ Vi, = oV,  + C I (Pig— Xig) + C,Ig(Gy — Xiy)

\
[Fitness evaluation] \ Xig = Xig T Vi

. o inertia weight, c,, ¢, acceleration coefficients

\ If fitness(X.) Is better than fitness(pBest,),
N @ v Then pBest=X.

. If fitness(pBest,) is better than fitness(gBest),
( Finish ) ', Then gBest=pBest.
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Zhi-Hui Zhan (& % #%)(i# +#.4& %), et al., “Evolutionary deep learning: A survey,” Neurocomputing, vol. 483, pp. 42-58, 2022.

J. Zhang, Zhi-Hui Zhan (& ##%), et al., “Evolutionary computation meets machine learning: A survey,” IEEE Computational Intelligence
Magazine, vol. 6, no. 4, pp. 68-75, 2011.

J. Y. Li(Student), Zhi-Hui Zhan(& % #%)((i# #L4 &%), et al., “Surrogate-assisted hybrid-model estimation of distribution algorithm for mixed-
variable hyperparameter optimization in convolution neural networks,” IEEE Transactions on Neural Networks and Learning Systems, vol.
34, no. 5, pp. 2338 — 2352, May 2023.
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Zhi-Hui Zhan(E&=58E)(SE—{EH), et al., “Learning-aided evolution for optimization,” IEEE
Transactions on Evolutionary Computation, DOI:10.1109/TEVC.2022.3232776, Dec. 2022.
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J.-Y. Li (Student), Zhi-Hui Zhan (EF¥E)BEIRIEE), et al., “A meta-knowledge transfer-based
differential evolution for multitask optimization,” IEEE Transactions on Evolutionary
Computation, vol. 26, no. 4, pp. 719-734, Aug. 2022,
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2.1, LEO: =Z3#EBhavitttin

BRI R BRI =) S 4 BN RV (L 4L

> Zhi-Hui Zhan (& % #%), et al., “Learning-aided evolution for
optimization” |IEEE  Transactions on  Evolutionary
Computation, DOI:10.1109/TEVC.2022.3232776, Dec. 2022.
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2.1, LEO: #{EmR=>]

Learn evolutionary knowledge from successful evolution pair

(Xgi» Xg+1,0) is defined as a
successful evolution pair
(SEP) if the fitness of

Better individuals

v [ ) Xqei IS better than Xg;,
Traditional evolutionary operator where g is the generation
Population - Selection index.
Learning-aided evolutionary
] operator Collect SEP in an archive
Evolution \ J every generation, if the
archive reaches the
Learning Data maximum size, the old SEPs
\ collection will be dropped
A A A6 AR —
LUCCESS
21 18 # SEP # 47 4K solution pair Use the collected SEPs in the
%, AASEP# 2 ¢ archive to train the ANN-
2 g b ke qis ANN-based Archive based learning system
? ] # Ak R learning system
M %9 4R % & 2K 1 » o 1
R MSE=———— > |L(X,)-X;| R i 0% & 3 G(Z)=1 -
L(XI) 56 2| %4@ 4 arch _SIz€ (X;,X;)earch +
@ Funzrg




2.1, LEO: #H{HiR=E ]
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Better individuals

100 A R ALK F, 4o F
Xqeri € & & 44 Xy o4,
'}!'.l (Xg’il Xg+1’i) '56 7'6 - gﬂ

/
Y A A % # A & st
Traditional evolutionary operator ( Successful Evolution
Population - Selection Pair, SEP).

Learning-aided evolutionary

operator

Evolution \ ) 4 — K % SEP # 4t % 7|
Archive ¥, 4o % 4 7]
. Archive & ¢k 4 L&, 24
Dat
Learning colleigon W & 9SEP A £ £ o
\J
A A A6 AR —
Xﬂ' '{'? ﬁ SEP xiﬁ ‘{’J‘( solution pair 4 A Archive ¥ «9SEP /£ #%
%, AASEP# 2 ¢ - # &+ X FANNG £ 3 4
- . . ANN-base Archive 4%, 4T 0 %
? 3] AU Fa 5 learning system "

o 1
MAEGRAEH ysg=— T Y ux)-X [ @ RA%#EEE 0(1)=—
L(XI) 56 ] 4% & arch _SIZE (X;,X;)earch 1+

@ Funzrg




2.1, LEO: #4tzmiiF A

Learning-aided evolutionary operator (3 3 # R HE X EHF)

Learning-aided mutation ( LM ) #JLearning-aided crossover ( LC )&F

newX = LC(X,,newX
newx, = LM (X, Xg, Xc) X( | if rand) <p
| <

=L(X,)+a - (Xg—X.) wherenewX, :{ "

newX ;, otherwise

PSSO S) d BN IL E F DERYE S 4Bhit L EF

newX, = LM (pBest,, pBest ,, pBest, ,) newX, = LM (X, X, .X,,)
newX. = LC(pBest., newX,) newX, = LC(X,, newX))

@ Frnzrs
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_gorithm 1: LEO-based EC algorithm

1:Begin
2:  // Initialization

3: g «1;// the generation index

4: Initialize population X; and evaluate the fitness;

5:  Initialize the weights of ANN randomly;

6: Initialize arch as an empty set; // to store solution pairs
7:  While stop criteria not satisfied Do

8 g<g+lL

9 /I Individual Evolution

Sample r uniformly on [0,1];

11: If g>1 and r<Ip Then

F—EME

B HSEPsH X5
S RGIHITIEG, HEHREFRR
B HAYG EERYSEPs

=SB0 FIRFIH

.

L_l_%jiﬁﬁﬂﬂ’]/;ﬁﬂﬁ 3, W
F 3 R G a9 TN 4ar A o dh Bl
R, FFEEFRME

J

12: newX < Evolve X; by learning-aided evolutionary operator;
13: Else
14: // use operators in traditional EC, e.g., PSO or DE
15: newX « Evolve X by traditional evolutionary operator;
16: End If
17: Evaluate the fitness of individuals in new.X;
18: /I Selection
19: X1 < selection among X; and newX;
20: /I SEP Collection
21: For each individual i in X1 Do
22: If X,:1, 1s better than X;; Then
23: Add (Xgi, Xe+1.) in arch;
24: End
25: End For
26: If number of SEPs in arch > arch_size Then
27: Arch « the newest arch_size solution pairs;
28: End If
29: /I Learning System Update
30: Train the ANN with all data in arch for one epoch;
31: End While
32:End
@ Fanzrt
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Parameter Numerical Optimization Competition
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Shifted and Rotated Bent Cigar Function (CEC 2017 F1) 100

Shifted and Rotated Schwefel’s Function (CEC 2014 F11) 1100
Basic: Shifted and Rotated Lunacek bi-Rastrigin Function (CEC 2017 F7) 700
Functions
Expanded Rosenbrock’s plus Griewangk’s Function (CEC2017 f,) 1900
Hybrid Function 1 (N =3) (CEC 2014 F17) 1700
Hybrid . . _
Functions Hybrid Function 2 (N =4) (CEC 2017 F16) 1600
Hybrid Function 3 (N =5) (CEC 2014 F21) 2100
Composition Function 1 (N = 3) (CEC 2017 F22) 2200
Composition .\ . _
Functions Composition Function 2 (N = 4) (CEC 2017 F24) 2400
Composition Function 3 (N = 5) (CEC 2017 F25) 2500




2.1, LEO: =£i§

Comparisons with PSO, DE, and NL-SHADE-RSP

(champion algorithm)

LEOREIRES &

REZMEERT A ERE

Problem L-PSO PSO L-DE DE L-N L'RSS':,ADE' NL-SHADE-RSP
F01(10D) 040 2.38E-05+6.01E-05 (+)(1) 00 040 (=)(s) 00 00 (=)(s)
FO2(10D) | 4.10E+00+2.16E+01 8.71E+02+2.70E+02 (+)(I) 3.14E-01+8.09E-02 3.45E+02+1.85E+02 (+)(1) 00 00 (=)(s)
FO3(10D) | 84L1E+00+4.72E+00 7.40E+0149.91E+00 (+)(I) 1.10E+01+2.63E-01 2.32E+01+4.04E+00 (+)(1) 0£0 040 (=)(s)
FO4(10D) 4.06E-0145.93E-02 6.52E+00+1.04E+00 (+)(I) 4.20E-01£6.02E-02 1.50E+0045.02E-01 (+)(I) 3.62E-03+7.10E-03 | 1.43E-02 +2.14E-02 (+)(I)
FO5(10D) | 5.19E+015.91E+01 8.67E+01+8.02E+01 (+)(m) 1.53E-01+1.54E-01 1.32E-01+1.77E-01 (-)(s) 0£0 010 (=)(3)
FO6(10D) 3.68E-01+2.17E-01 2.24E+0143.39E+01 (+)(I) 3.66E-014+2.43E-01 1.61E-01 +1.89E-01 (-)(I) 7.17E-024#1.80E-01 | 7.17E-02+1.80E-01(=)(s)
FO7(10D) | 3.62E+0145.49E+01 1.64E+01+3.60E+01 (-)(I) 1.47E-01+1.92E-01 1.30E-01%1.76E-01 (-)(s) 6.33E-04+1.04E-03 | 1.38E-03+1.66E-03 (+)(I)
FO8(10D) 00 3.37E+02+7.96E+01 (+)(1) 00 00 (=)(s) 040 040 (%)(s)
F09(10D) 0+0 5.43E-04+1.18E-03 (+)(1) 0+0 00 (=)(s) 0+0 0£0 (»)(s)
F10(10D) 4.81E+01%1.20E-01 5.25E+01+5.84E-01 (+)(1) 4.81E+0141.20E-01 4.85E+01+1.59E-01 (=)(s) 1.88E-03+1.00E-03 | 1.93E-03 +9.41E-04(+)(s)
F01(20D) 040 1.97E+08+5.10E+07 (+)(1) 00 040 (=)(s) 00 00 (=)(s)
FO2(20D) | 4.22E+00+2.16E+01 2.74E+03+2.92E+02 (+)(1) 3.71E-01+6.50E-02 6.43E+00+2.77E+00 (+)(1) 00 00 (=)(S)
F03(20D) | 1.60E+01+8.78E+00 1.87E+02+1.79E+01 (+)(1) 2.02E+01£0.00E+00 2.34E+01+4.32E+00 (+)(1) 00 00 (=)(s)
F04(20D) 8.14E-01+1.13E-01 1.73E+01+1.80E+00 (+)(I) 7.65E-01+8.46E-02 2.75E+00+2.32E+00 (+)(1) 1.62E-02+1.70E-02 3.16E-02+1.52E-02 (+)(I)
FO5(20D) | 1.18E+02+1.04E+02 1.19E+03+3.36E+02 (+)(1) 8.46E-01+9.04E-01 1.97E+00+2.58E+00 (+)(1) 00 00 (=)(S)
FO6(20D) | 2.10E+00+1.84E+00 3.13E+02+1.20E+02 (+)(1) 8.47E-01£5.75E-01 2.11E+0042.38E+00 (+)(I) 2.13E-0242.48E-02 | 3.90E-02+1.82E-02 (+)(I)
F07(20D) 5.51E+01+8.32E+01 2.95E+02+1.58E+02 (+)(I) 8.01E-01+1.45E-01 1.38E+00£2.13E+00 (+)(I) 9.71E-03+1.18E-02 1.52E-02+1.05E-02 (+)(s)
FO8(20D) | 1.72E+00+3.91E+00 1.08E+03+1.49E+02 (+)(1) 0+0 3.29E+00+5.78E+00 (+)(1) 00 00 (=)(S)
F09(20D) 010 5.55E+01+1.28E+01 (+)(I) 040 010 (=)(s) 040 020 (=)(s)
F10(20D) | 5.01E+01+4.73E+00 5.86E+01+1.64E+00 (+)(I) 4.88E+0146.53E-02 4.88E+01+2.70E-02 (=)(5) 4.12E-03+1.72E-03 | 4.29E-03+1.54E-03 (+)(s)
+/x]- NA 19/0/1 NA 10/7/3 NA 7/13/0

South China University of Technology




2.1, LEO: =£i§

Comparisons on 100-D problems with PSO, DE, and
NL-SHADE-RSP (champion algorithm)

LEOZE S 4 0]fl FRIIR EMNREE

Problem L-PSO PSO L-DE DE L-NL-SHADE-RSP NL-SHADE-RSP

FO1 0+0 7.33E+09£7.75E+08(+)(l) 0+0 2.54E-07+1.65E-07(+)(1) 0+0 0£0(=)(s)
F02 1.17E+0343.65E+02 | 2.74E+04+1.03E+03(+)(I) | 3.51E+0044.70E-01 | 2.55E+04+1.75E+03(+)(I) | 2.85E-06+1.69E-07 | 3.15E-07+3.82E-08(=)(I)
FO3 2.00E+02+4.52E+01 | 1.32E+03%£4.45E+01(+)(l) | 1.66E+02+2.20E+01 | 8.49E+02+4.64E+01(+)(I) | 1.78E-07£4.49E-08 | 2.37E-07+9.57E-08(=)(1)
FO4 6.08E+01+1.32E+01 | 1.98E+02+2.71E+01(+)(l) | 2.51E+01+9.67E-01 | 7.50E+01+3.05E+00(+)(l) | 4.34E-01+5.57E-01 | 2.14E+00+4.77E+00(+)(I)
FO5 2.16E+03+5.63E+02 | 1.28E+08+3.60E+07(+)(l) | 2.64E+02+1.32E+02 | 2.67E+03+1.24E+03(=)(I) | 4.17E+01+£9.53E+00 [1.48E+02+4.49E+02(+)(m)
FO6 2.56E+02+1.77E+02 | 6.99E+03%5.03E+02(+)(l) | 1.79E+01+4.80E+00 | 4.00E+03+1.05E+03(+)(I) | 4.98E+00£1.47E+00 | 2.24E+01+2.67E+00(+)(l)
FO7 1.34E+03+2.98E+02 | 1.09E+08+3.40E+07(+)(l) | 1.36E+02+1.80E+02 | 6.71E+024+6.71E+02(+)(I) | 5.12E-02+8.99E-03 | 9.14E+01+1.57E+01(+)(I)
FO8 1.39E+0348.20E+01 | 1.09E+04+5.53E+02(+)(l) | 1.25E+02+2.57E+01 | 2.66E+02+7.12E+01(+)(I) | 1.39E+00+2.20E+00 | 3.23E+01+6.95E+02(+)(S)
F09 1.52E+02+3.46E+01 | 1.05E+03+4.15E+01(+)(I) | 1.88E+00£4.60E+00 | 7.27E+00£1.40E+01(+)(l) | 1.52E-02+3.46E-01 | 1.93E-02+3.51E-04(=)(s)
F10 6.66E+02+4.67E+01 | 1.05E+03+8.74E+01(+)(l) | 5.24E+02+2.66E+01 | 5.44E+02+3.51E+01(=)(I) | 2.67E-02+3.67E-01 | 3.86E-02+1.41E-01(+)(s)
+/=~l- NA 10/0/0 NA 8/2/0 NA 6/4/0

Adjusted p-value NA 0.0016 NA 0.0016 NA 0.0269




2.1, LEO: Sti&

DTLZ benchmark for multi-/many-objective
optimization
® Objective number: 5, 10, 15, 20

S-objective DTLZI 10-objective DTLZ1 5-objective DTLZ2-4

10-objective DTLZ2-4

AVAVA
H . A A A 2 g
= 0.25 T A A = =
- 4 4 4 - -
+ + +
4 + +
* * *
* * L4
. A A4
voii Y v ;
1 2 3 4 5 1 2 3 4 5
Objective No. Objective No. Objective No. Objective No.
. 5-objective DTLZ5-6 . 10-objective DTLZ5-6 1 5-objective DTLZ7 20 10-objective DTLZ7
0.8
15
0.6
o o o o
= = = =
= = = =10
- - - -
0.4
5
02
1 2 3 4 5 3 1 2 3 4 5 6 7
Objective No. Objective No. Objective No. Objective No.
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Comparisons with NSGA-II, MOEA/D, and RVEA

LEOREIE = % BirnE At &E

@ Fanzrt
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rersity of Technology

Prob. [ #obj. | L-NSGA-II NSGA-II L-MOEA/D MOEA/D L-RVEA RVEA
5 | 2.33E+00+1.46E+00 1.28E+0047.33E-01(-)(I) 2.34E-01+3.63E-01 2.88E-01+3.67E-01(+)(s) 4.63E-01+2.75E-01 4.69E-01+3.06E-01(~)(s)
N |10 [2.12F+014697E+00 | 2.30E+01+9.76E+00(+)(m) 3.39E-01+3.18E-01 1.03E-01+2.23E-03(-)() 4.96E-01+4.33E-01 1.95E-01+9.76E-02(-)()
B [ 15 [2.30E+01+1.06E+01|  3.27E+01+1.47E+01(+)(l) 3.19E-01+1.82E-01 3.92E-01+3.14E-01(+)(m) 6.10E-01+4.77E-01 7.15E-01+8.64E-01(=)(s)
20 |[2.66E+01+1.31E+01 |  3.39E+01:+1.43E+01(+)() 3.72E-01+1.90E-01 4.79E-01+3.66E-01(+)(m) 8.20E-01+6.15E-01 9.75E-01+8.96E-01(+)(m)
5 | 2.54E-01+1.30E-02 2.83E-01+1.37E-02(+)(l) 2.13E-01+5.04E-04 2.13E-01:5.35E-04(=)(s) 2.12E-01+8.15E-04 2.14E-0145 52E-04(=)(l)
N | 10 [ 144E+00+185E-01 | 1.37E+0041.36E-01(-)(m) 5.36E-01+5.05E-02 4.13E-01+2.89E-03(-)(I) 5.33E-01+5.97E-02 4.25E-01+1.59E-03(-)(I)
5 [ 15 [ 151E+00+1.57E-01 1.40E+00£9.42E-02(-)(I) 1.10E+00:8.98E-02 1.11E+0049.05E-02(=)(s) 9.22E-01+1.31E-01 9.56E-01:+1.08E-01(+)(m)
20 | 1.54E+00+1.24E-01 1.51E+009.12E-02(=)(s) 8.93E-01+2.02E-02 9.00E-01+7.49E-02(<)(s) 1.00E+00:+1.00E-01 1.01E+00+1.04E-01(=)(s)
5 |6.13E+01+1.10E+01 |  3.67E+01+1.57E+01(-)(l) 1.17E+01+8.53E+00 1.93E+01+1.14E+0(+)(l) 1.24E+01+5.93E+00 1.44E+01+6.82E+00(+)(m)
N | 10 [7.84E+02+140E+02 | 7.85E+02+1.76E+02(<)(s) 9.42E+005.75E+00 1.40E+00:1.35E+00(-)(1) 1.29E+0145.38E+00 9.39E+0044.08E+00(-)(I)
E | 15 [6.77E+02+1.75E+02 |  7.66E+02+1.78E+02(+)(l) 1.10E+01+8.23E+00 1.00E+01:6.62E+00(=)(s) 2.21E+01+1.27E+01 2.10E+01+1.30E+01(-)(s)
20 |6.65E+02+2.10E+02 |  7.35E+02+1.36E+02(+)(l) 1.43E+01+7.74E+00 1.28E+01+6.90E+00(-)(s) 2.44E+01+1.37E+01 2.63E-+01+9.97E+00(+)(s)
5 | 2.61E-01+2.52E-02 2.80E-0+1.26E-02(+)(I) 6.42E-01+2.29E-01 6.55E-01+2.04E-01(+)(s) 2.22E-01+3.89E-02 2.72E-01+1.12E-01(+)(I)
N |10 [ 956E-014838E-02 1.40E+00+1.10E-01(+)(l) 9.20E-01+1.33E-01 7.33E-01+1.09E-01(-)(I) 5.92E-01+5 81E-02 4.43E-01+2.67E-03(-)()
B [ 15 [1.13E+00+7.83E-02 1.44E+00+1.11E-01(+)(1) 1.10E+00+1.38E-01 1.11E+0021.32E-01(=)(s) 8.82E-01+8.40E-02 8.95E-01+7.39E-02(=)(s)
20 | 1.22E+00+7.30E-02 1.46E+00+8.17E-02(+)(I) 1.16E+00+1.27E-01 1.19E+00+1.21E-01(=)(m) 8.87E-01+5.84E-02 9.01E-01+5 89E-02(=)(m)
5 | 1.62E-01+4.20E-02 1.39E-01+3.34E-02(-)(I) 2.16E-02+1.60E-03 2.22E-02+1.73E-03(=)(m) 2.12E-01+6.63E-02 2.16E-01+7.93E-02(<)(s)
N |10 | 3.36E-01+0.32E-02 2.58E-01+7.55E-02(-)(I) 7.71E-02+8.47E-03 1.87E-02+3.19E-04(-)(1) 4.05E-01+1.63E-01 3.85E-01+7.49E-02(=)(s)
5 [ 15 | 474E-01+185€-01 6.26E-01+1 61E-01(+)(I) 3.73E-01+1.96E-01 3.74E-01+1 89E-01(~)(s) 6.59E-01+1.25E-01 6.65E-01:+1 31E-01(~)(s)
20 | 5.36E-01+2.23E-01 6.46E-01+2.26E-01(+)(m) 2.65E-01:+1.10E-01 2.37E-01+5.54E-03(-)(m) 6.40E-01+1.44E-01 6.35E-01+1.44E-01(=)(s)
5 | 4.53E+00+1.16E+00 |  4.88E+00+7.50E-01(+)(m) 2.12E-01£3.77E-01 2.42E-01+4.53E-01(+)(s) 3.59E-01+2.25E-01 2.95E-01+2.07E-01(=)(m)
N | 10 [ 750E+00+891E-01 6.03E+00£7.91E-01(-)(I) 1.95E-01+3.81E-01 2.45E-01+7 14E-01(+)(s) 5.20E-01:+4.00E-01 3.50E-01£2.21E-01(=)(I)
5 [ 15 [ 7.85E+00+6.35E-01 |  7.78E+00+7.45E-01(=)(s) 4.91E-01+2.28E-01 4.59E-01+2.26E-01(-)(s) 6.77E-01+3.74E-01 6.64E-0112. 74E-01(=)(s)
20 | 8.00E+00+7.11E-01 |  7.88E+0045.91E-01(=)(s) 2.38E-01+6.53E-04 2.38E-01+1.56E-03(=)(s) 9.37E-01+7.37E-01 1.07E+00+7.31E-01(+)(s)
5 | 6.91E-01+8.87E-02 6.74E-0145.62E-02(=)(m) 1.07E+00+1.91E-01 1.04E+00:+1.36E-01(=)(s) 6.04E-01+6.74E-02 6.08E-01+6.75E-02 (=)(s)
N |10 [9.08E+004281E+00 |  6.75E+00+2.12E+00(-)() 2.12E+00+3.71E-01 2.36E+00+5.08E-01(+)(I) 1.68E+00+1.49E-01 1.67E+00+2.58E-01(=)(s)
E [ 15 [217E+01+382E+00|  2.45E+01+4.27E+00(+)(1) 6.56E+00:+8.88E-01 6.54E-+00£1.12E+00(=)(s) 2.53E+00+3.33E-01 2.61E+00+3.76E-01(=)(m)
20 | 3.43E+01+5.26E+00 [  3.45E+01+7.29E+00(=)(m) 3.38E+00+6.65E-01 3.59E+00:+5.59E-01(+)(m) 3.25E+0048.65E-01 3.27E+00:+8.40E-01(=)(s)
+/~1- NA 14/6/8 NA 9/11/8 NA 6/17/5

26
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» To study the time efficiency of LEO, this paper proposes a novel indicator metric

named error reduction-time increase rate (i.e.,

ETR), which can measure

the benefit of additional time cost when using LEO.
s HRE-FNEE “HUERARE Kz
* HFR—HAFRGKEARARR (HAAHAH)

LEORER > B ASNE IE1FF 4
HRAIBRORE LR

14 H |—=—F01

ETR(A B) = ERR(A B) e F02
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v FO4
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Problem L-PSO(=0.5) L-PSO(=0.1) L-PSO(=0.3) L-PSO(2=0.7) L-PSO(a=0.9)
F01(10D) 0+0 0+0 (=)(s) 0£0 ()(3) 0£0 (=) (3) 0£0 (%) (3)
FO2(10D) | 4.10E+00+2.16E+01 | 4.22E+00+2.16E+01(=)(S) | 3.46E+00+9.47E+00(=)(s) | 4.20E+00+1.33E+01(=)(s) | 4.10E+00+2.16E+0L(=)(S)
F03(10D) 8.41E+00+4.72E+00 8.87E+00+4.52E+00(~)(s) | 8.66E+00+4.71E+00(=~)(s) | 8.35E+00£5.13E+00(=)(s) | 8.41E+00+4.72E+00(=)(s)
F04(10D) 4.06E-01£5.93E-02 | 6.00E-01+L46E-0L(+)(I) | 4.49E-01+7.69E-02(=)(I) | 4.14E-01+5.74E-02(=)(s) | 4.06E-015.93E-02(=)(s)
FO5(10D) | 5.19E+01£5.91E+01 | 6.88E+01=7.77E+0L(+)(m) | 6.75E+01+8.55E+01(+)(m) | 6.44E+01+5 24E+0L(+)(m) | 5.19E+01+591E+01(=)(s)
F06(10D) 3.68E-01+2.17E-01 | 4.10E-01-2.88E-01(=)(s) | 3.91E-01+2.02E-01(=)(S) | 3.55E-01+143E-01(=)(S) | 3.68E-01£2.17E-01(=)(S)
FO7(10D) | B3.62E+013549E+01 | 3.24E+01+530E+0L(=)(S) | 3.45E+01+5.45E+01(=)(s) | 3.20E+01+3.61E+0L(=)(s) | 3.62E+01+5.49E+01(=)(s)
F08(10D) 0+0 0£0 (=)(3) 0£0 (=)(3) 0£0 (=)(3) 0£0 (%) (3)
F09(10D) 0£0 0£0 (=) () 040 (=)(s) 00 (=)(s) 0£0 (=)(s)
F10(10D) | 4.81E+01+1.20E-0L | 4.82E+01+1.74E-01(~)(m) | 4.82E+01+2.70E-01(=)(m) | 4.8LE+01+126E-0L(=)(S) | 4.81E+01+1.20E-01(=)(s)
N“f}kjr of NA 2/8/0 1/9/0 1/9/0 0/10/0
Problem L-PSO(4=0.9) L-PSO(4=0.1) L-PSO(4=0.3) L-PSO(=0.5) L-PSO(4=0.7)
F01(10D) 00 00 (=)(s) 040 (=)(s) 00 (=)(s) 00 (=)(s)
FO2(10D) | 4.10E+00+2.16E+01 | 3.46E+01+6.82E+01(+)(I) | 4.37E+01+7.31E+01(+)(I) | 8.03E+00+3.00E+01(x)(s) | 1.33E+01+7.82E-02(+)()
FO3(10D) | 8.41E+00+4.72E+00 | 8.10E+00+4.97E+00(=)(s) | 1.10E+01+3.77E+00(+)(I) | 9.80E+00+4.29E+00(=)(m) | 9.48E+00-+4.32E+00(=)(m)
F04(10D) 4.06E-0145.93E-02 | 4.91E-01+1.39E-01(=)(m) | 4.45E-01+1.99E-01(=)(m) | 4.70E-01+9.18E-02(=)(m) | 4.70E-01:9.18E-02(<)(m)
FO5(10D) | 5.19E+014591E+01 | 6.21E+01+7.53E+01(+)(s) | L1.19E+02+1.30E+02(+)(I) | 8.45E+01+8.62E+0L(+)(m) | 8.45E+01+8.62E+01(+)(m)
F06(10D) 3.68E-0142.17E-0L | 9.76E-01+2.10E+00(+)(m) | 4.58E-01+4.28E-01(+)(s) | 4.13E-015.30E-01(=)(s) | 4.13E-01+5.30E-01(=)(s)
FO7(10D) | 3.62E+01+5.49E+01 | 2.28E+01+4.41E+01(-)(m) | 4.36E+01+7.28E+01(+)(s) | 3.23E+014530E+01(=)(s) | 3.23E+01+5.30E+01(=)(s)
F08(10D) 00 040 () () 040 (=)(s) 00 (=)(s) 00 (=)(s)
F09(10D) 00 040 (%) () 040 (=)(s) 00 (=)(s) 00 (=)(s)
F10(10D) | 4.81E+01+1.20E-01 | 4.81E+01+1.41E-01(x)(s) | 4.82E+01+4.20E-01(=)(m) | 4.82E+01+3.35E-01(=)(m) | 4.82E+01+3.35E-01(<)(m)
N“T/i‘/” of NA 3/6/1 5/5/0 1/9/0 2/8/0

s TR D
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B LEO: Learning-aided Evolution Optimization
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B KLEC: Knowledge Learning for Evolutionary Computation
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B MKTDE: Meta-Knowledge Transfer-based Differential Evolution
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“Knowledge learning for evolutionary computation” IEEE Transactions
on Evolutionary Computation, DOI: 10.1109/TEVC.2023.3278132,
May 2023.
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Evolutionary operations
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ETMREINESHLEEZFRFEEE (KLDEFIKLPSO)

Algorithm 1 KLDE Algorithm 2 KLPSO
Begin Begin
1:Initialize population P, experience list (J, and KLM. l:Initialize population P, experience list (J, and KLM.
2:While FEs < MaxFFEs 2:While FEs < MaxFEs
3:  For each individual x;: 3:  For each particle x;:
4 If rand(0, 1) < I 4: temp; = Xy,
5: i, = utihizeKnowledge(KLM, x,.): //Section III-C 5: If rand(0, 1) < I
6: v, = applyDirection(x;,. d.,); //Equation (9) 6: d, = utilizeKnowledge (KLM, x,); //Section III-C
7. Else: 7: x; = applyDirection(x;, d;); //Equation (9)
8: ¥, = mutation{x;, X,2, X,3, DE/rand/1); //Equation (2} 8 Else
9: End If Q- updateVelocity(x,. v, pbest,, ghest), //Equation (5)
10: u; = crossover(v, x;); //Equation (3) 10: Xx;=x; +v; //Equation (6)
11: If flu,) < flx): 11: End If
12: collecting(Q, x,, u,—x,); 12: If fix,) < fltemp,):
13: Xi= M 13: collecting ((J), tempy, xi—temp;);
14: End If 14: End If
15: End For _ 15: If fix,) < fipbest,):
16:  learmingKnowledge(KLM, Q). //Section III-B-2) 16: phest, = x;;
17:  clear(Q); 17: If fipbest,) < flghest):
18:End While 18: ’ ng.Tf=Pé'€.Tﬂ;
End 19: End If
20: End If
21:  End For

22:  learmingKnowledge(KLM, Q). //Section III-B-2)

23:  clear(Q);
24:End While
End
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Comparisons with JADE, ADDE, HyDE-DF, and |SO
(champion algorithm) KLECE:EE & REAMBEE LA

Func KL-JADE JADE KL-ADDE ADDE KL-jSO 180 KL-HyDE-DF HyDE-DF
F 0.00E+00 0.00E+00 =|| 6.18E-02 3.72E-02  =|| 0.00E+00 0.00E+00 = 8.07E+00 4.98E+02  +
F LI12E+05 1.L62E+05  + || 1.20E+05 L19E+05 = || 0.00E+00 0.00E+00 = 8.99E-02 2.99E+01 +
F 2.51E+01 3.79E+01 + (| 5.86E+01 5.87E+01 + || 5.86E+01 5.91E+01 + 6.36E+01 5.65E+01 =
Fu 6.36E+01 1.83E+02  + || 3.03E+01 3.21E+01 = || 2.20E+01 LO2E+01 - 3.56E+01 4.43E+01 +
Fs 0.00E+00 0.00E+00 = || 0.00E+00 0.00E+00 = || 4.03E-08 1.48E-08 - 1.91E-02 5.94E-02 +
Fs 9.65E+01 2.18E+02  + || 7.14E+01 6.96E+01 = || 5.32E+01 JO1IE+01 - 6.76 E+01 8.45E+01 +
Fr 5.99E+01 L75E+02  + ]| 3.61E+01 348E+01 = || 2.49E+01 LI12E+01 - 3.40E+01 4.14E+01 +
Fy 1.13E+01 7.19E-01 — 1| 0.00E+00 0.00E+00 = (| 0.00E+00 0.00E+00 = 9.79E-02 3.41E+01 +
Fy 3.98E+03 8.07E+03  + || 3.68E+03 4.03E+03  + || 1.88E+03 L7SE+03 - 2.00E+03 242E+03  +
Fi 9.06E+01 831E+01 = || 3.57E+01 3.10E+01 = || 3.80E+00 8.04E+00  + 3.17E+01 4.50E+01 +
Fu 4.91E+03 317E+03 || 6.53E+03 4.90E+03  — (| 3.20E+02 L44E+02 - 2.14E+04 6.12E+03 -
Fia 5.19E+02 4.30E+03  + || 2.48E+02 2.25E+04 =|| LI3E+01 2.14E+01 + 6.55E+03 3.80E+02 =
Fis 5.93E+04 2.69E+04 — || 3.17E+03 3.32E+04  + || 2.37E+01 2.30E+01 - 7.76 E+01 1.LO3E+02  +
Fls 8.58E+03 3.99E+03 =|| L.72E+02 4.74E+04  + (| L.88E+00 3.25E+00 + 1.17E+02 1.24E+02  +
Fis 9.40E+02 1.87E+03  + || 7.49E+02 TATE+02 = || 6.58E+01 1.25E+02  + 4.24E+02 3.80E+02 =
Fis 3.19E+02 431E+02  + || 2.17E+02 2.53E+02 + || 2.93E+01 3.88E+01 + 9.21E+01 1.LO2ZE+02  +
Fig 2.13E+05 T.27E+05 = || 5.74E+05 6.75E+05  + || 2.10E+01 2.13E+01 + 2.37E+02 3.50E+02  +
Fig 6.92E+03 6.14E+02  — || 4.88E+01 3.44E+04 = (| 4.20E+00 7.37E+00 + 6.06E+01 5.77E+01 -
Fio 2.87TE+02 5.19E+02  + || 2.34E+02 298E+02  + || 2.49E+01 3.53E+01 + 7.31E+01 1.33E+02 +
Fy 2.63E+02 4.01E+02  + ]| 2.35E+02 236E+02 = (] 2.24E+02 2.11E+02 - 2.32E+02 241E+02  +
F 6.66E+02 1.36E+03  + || L.OOE+02 1.OOE+02  + || L.OOE+02 LOOE+02  + 1.00E+02 LOOE+02  +
Fx 4.17E+02 5.33E+02  + || 3.85E+02 3.86E+02 = (] 3.73E+02 3.48E+02 - 3.85E+02 3.96E+02 +
Fas 5.04E+02 6.34E+02  + || 4.60E+02 4.60E+02  — || 4.46E+02 4.24E+02 - 4.60E+02 4.67E+02  +
Foy 3.87TE+02 3.87TE+02 — || 3.87TE+02 3.87E+02  + || 3.87E+02 3.87TE+02  + 3.93E+02 3.86E+02 -
Fis L.S5E+03 249E+03  + || 1.24E+03 1.21E+03  — || 1.20E+03 9.13E+02 - 1.06E+03 1.27E+03  +
Fis 5.03E+02 5.07E+02  + || 5.06E+02 5.02E+02 = || 4.98E+02 4.94E+02 - 5.11E+02 5.08E+02 =
F» 3.69E+02 3A4TE+02 =] | 3.69E+02 3.25E+02  — || 3.00E+02 3.09E+02 + 3.14E+02 345E+02 +
Fs 6.40E+02 1.27E+03  + || 5.70E+02 5.83E+02 = || 4.33E+02 4.46E+02  + 5.34E+02 5.28E+02 =
Fro 2.23E+03 220E+03 = || 3.46E+03 791E+03  + ]| 198E+03 1L.97E+03 - 3.04E+03 2.94E+03 -
Number of +/=/— 17/7/5 +/=/— 10/15/4 +/=/- 13/3/13 +/=/— 20/5/4




22, KLEC: =L

Comparisons with SaDPSO, HPSO-TAVC, TAPSO,
and AWPSO KLECHE IR % F B AR B T A 1 B

Func | KL-SaDPSO SaDPSO KLR2OT | HPSO-TVAC | KL-TAPSO TAPSO KL-AWPSO AWPSO
7 8.82E+01 || 3085700 =[] LISE+07 || 2015507 +| 219E+03 || 2466703 = |4.85E+03 | | 1.16E-08
P 132E-05 || 7.10E-06 =|| 1.91E+02 || 3.46E+02 +| 9.89E+00 || 3.48E+01 =| | 2.71E-02 | | 3.51E-04
F 1.56E+00 || 1.72E+00 =|| 9.94E+01 || 1.03E+02 =| 4.91E+01 || 626E+01 +| | 8.58E+01 | | 1.03E+02 <+
F, 4826401 || 485601 ~| | 126E+02 || 1208102 =~| 462801 || 416E+01 =| | 4608401 | | 520E01
Fs 958E-03 | 335802 <+ || 1238401 | 1338+01 =| 196E06 | 351E-07 —| | 1.59E-01 543E-01  +
Fe 7936401 || 7.41E+01  =|| 1.96E+02 | 216E+02  +| e.64E+01 || 6958401 =| | 6.62E+01 | | 841Er01  +
Fr 527E+01 || 522E+01  =|| 1.00E+02 | 1.04E+02 =| 430E+01 || 457E+01  =| | 410E+01 | | 5.04E501  +
Fi 3176+00 || 887100 ¢ || 1208103 || 8.88E+02 =~| w1om-01 || 265801 | |3.028400 | | 5578000 ¢
F 2548403 || 2298+03 - || 3238403 || 3.13E+03 =| 237E+03 || 2488403 =| | 2488403 | | 260E:03 =
Fo 7556401 || 8.12E+01 =| | 1248402 || 120E+02 =| s26E+01 || 493E+01 =| |9s6E+01 | | 9.02E401 =
Fu 1L84E+03 | 2198403 =|| 327E+06 | 3.67E+06 =| 1.656+05 || 3.09+04 | | 1248405 | | 1358406 +
Fi 146E+03 || 1.42E+03 =|| 5.01E+05 || 1.19E+06 +| 1.31E+04 || 139E+04 =] | 2.04E+04 | | 7.22E+05 +
Fus 4756402 || 438E+02 = | 9.44E+03 || 126E104 =| 267E+03 || 6.90E103 +| | 1.00E+04 | | 5.99E4+03 =
Fus 3236402 || 8646202 = | L.03E+0s || 1.41Bt05 =] 211E+03 || 312403  =| |9.23E+03 | | 1.16Er04 =
Fis 5506402 || 514402 = | | 953E+02 || 1o2E+03 =~ | 724E+02 || 7.03E402 2| |557E+02 | | 634E402 =
Fis 1356402 || 1.34E+02 = || 3.04E+02 || 406E+02 +| raeE+02 || 1.62E+02 =| | 2.16E+02 | | 2.10E4+02 =
Fir 2.69E+03 || 2.67E+03 =|| 2.17E+05 || 2.26E+05 =| 1.08E+05 || 1.05E+05 =| | 237E+05 | | 1.48E+05 -
Fis 3256402 || 3446202+ || 1.28E+05 || 1.37Bt05 =| 4.01E+03 || 583103 +| | 7.59E+03 | | 3.00E:04 =
Fi 196E+02 || 1.94E+02 =|| 3328402 || 3348102 =| 1.97E+02 || 2108402 =| | 2.56E+02 | | 237E+02 =
Fo 250E+02 || 2536402 = || 320E+02 || 3445102 +| 2416402 || 2428402 =| | 2s1E402 | | 254E:02 =
F 1436402 | 1.00E+02 - || 1.33E+03 | 8.49E+02 =| 1nooE+02 || 160E+02 +| | 1.19E+03 | | 7.21E402 =
Fa 4.05E+02 || 41022 | | 6.65E+02 || 734102 +| 3.99E+02 || 4.02E+02  =| | 449E+02 | | 461E+02  +
Fx 4766402 | 484102 ~| | 854E+02 || 9.535+02  +| 476E02 || 474E+02  =| |s537E402 | | S545E:02 =
Fou 3836402 || 381E+02 =~ || 3958402 || 3995102 =| 380E+02 || 3.88E+02 =| |388E+02 | | 301E:02
Fas 6.06E+02 || 830E+02 =|| 253E+03 || 2558+03 =| 1.35E+03 || 1.40E+03 =| | .13E+03 | | 1.16E+03 =
Fs 507E+02 | 5.17E+02  +| | 685E+02 || 7.37E+02  =| s.10E+02 || s.09E+02  =| |s33E+02 | | 541E+02 =
For 3326402 || 323E+02 = || 4128402 || 4.07E+02 =| 3438402 || 335E+02 —| | 424E+02 | | 444502 +
Fos 5.90E+02 || 6.09E:02 = | 9.03E+02 || 9.208+02 =| sasE+02 || 5308102  =| | 6.4sE+02 | | 6.43E4+02 =
F 1356404 || 637E+03 - || 1458405 || 1.91E+05 =| 3.83E+03 || 3928403 =| | 9.05E+03 | | 7.77E403 =
Number of +/ =~/ — 172273 oy 872170 oy 5/22/3 ey 11/16/2
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) BENME: BGHESNEYS
SRR

B LEO: Learning-aided Evolution Optimization

B BHAEM R AR EF S HEEA A

B KLEC: Knowledge Learning for Evolutionary Computation

B MEF R IR EF SR

B MKTDE: Meta-Knowledge Transfer-based Differential Evolution
B e T AR AR ) 3 S B R AL A
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2.2. MKTDE: mtampzssspnis

B T AR (5 ST B AL AR AL

> J.-Y. Li (Student), Zhi-Hui Zhan (& ##%)(Corresponding Author), et
al., “A meta-knowledge transfer-based differential evolution for
multitask  optimization,” IEEE Transactions on Evolutionary
Computation, vol. 26, no. 4, pp. 719-734,, Aug. 2022.

Yot South China University of Technology



2.2, MKTDE: mmiRE#azEssrit

o] & 52 L ME R T HE

FE2WRAR
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E T ARIEBHE ST H A EE (Meta-Knowledge Transfer

based Differential Evolution, MKTDE)
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2.2. MKTDE: #fzzh#

MKTDERYH % &
Hhi— B =
5% B LB R T HIX P RAOE S5 AT B
(22 BUMELHE, wiTE SE N EMTBAR, o
e RESIEEE R, e MR AETE, ReTH
SR L
AN SRR
£ T BRI TR R .
BRR SR, BRE M SR AR IR
S8 138 PR 7 AR T 8, Wz PRI B &2, 1R
ERnEERL ke | | EOREBMEENE
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22, MKTDE: BE:kiEzo

> ZMEZESFREZEESR (Multiple population for
multiple task, MPMT)
 FRZIMESKEZMES, BETHREEHITIE
» RS —EMRERTE, FEMEFEHFITSIEIRITE
5 W 5 (155 AR

l l ' '

> FhEf1 > T2 FEEk (... ... FREEK |-
1151 1152 RN (- 27 I IT%K
EFKEREFIRITR
!
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22, MKTDE: TTHIR T

Meta-Knowledge Transfer (MKT)

=S HEER T 25 ‘ e TIEmS, 5 ERAt SR i

= IR MRHITIE, FHEMENESEEHMN ]
S RERITE WHEATENR, RE#EEWK ﬁ_%”i‘f%ﬂﬁﬂ’ﬁps*ﬂﬁ
TPREP RO csFc!
IGIEFPEEPSH TITRE,
BRTREFhEEPr
Pitr _ Pis _Cs -I-Ct
EREFPEEPY S BinhEE
g : : Pté#l H:ZEJZP]C
. TS5 TR R 0 o L
w [l eupmmne, J] w P’ =P" P
HEFSFFEEPTERY
EHPREFR, WBR
FEEPHI MR TR
TS B =P +F '<PfI1 B Psz)
TR

. {Pi’fj otherwise

B, ifrand <CR or j = j.,




2.2, MKTDE: &I

Elite Solution Transfer (EST)
Bk BRAEITE
118 HARESS AR PUE NAR 5% 72 AR AP g
2. U EYRAT 5P vl NAE B U B MEXAE H AR TS ERGENAR, 18 Mfit;
3. If P AT AR LEfit% Then
4
5

ﬁHX%Tﬁ%Pt\Nid;
End If

ESHRTH T REES

‘ m BESHEREEBRRTS
RIE S MBI SARIE | I oia e m
HESIRFITIER, & o WE, TR G,
HEEFESZSHEEL s TR

J

( EIRE, RIERESMENENERATE, B aETE )
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2.2. MKTDE: EEHZX

SEBIMKTDE

ik %%B’JMKTDEHE&

L FE R I A 4y AT 55 LRIE 55 29 BE IUNPAS M A, TE ZEhERL

EBZ%EFEiP“?FDPTZ,

2. VA HIHE AN (3 71 ET 2B 1T FHESR

3. FEs =2xNP; /A2 8 RAH S04 4 #E V8 KR %— E’J}’EMTE‘%%'T?:IH?

4. While FEs < MFES Do // MFES K [13& W AH T FE R 3T N MESHITIEK

5. FHATAESS R T AIRIEHE ; N — /

6. SALS IR AT AL, P2 AT | |

T VP A I A

8. CIIE L VRA I RERO L, 5 HiFEs:

o I B E U R L RO A ZHNRTZES]

10, HEATARS R R TR

1. EFOE AR RIS, I E HiFES; B—RITILENRT A

12. End While FE R R FIIRITERS, Mt

13 4T 54 R B A 4 ] L5222 LA S MESIHITIEDK
FAE Fy s B \. J
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22, MKTDE: Sti%

SCISNRK R 5188 > RABENEITERE1x105X
S<E IS\ B S S 1 (DHERMISS)

i C A o] DA oA
ey R ATR mERRComes® 1o
T ] DA
o) 5 rwp R
S?hcvi\(/:;if(Tle) %;mauﬁg T;Ef FEERX 0.0002
T BT ReEReas s
2 ZTET4
Nl N i S
vy o6 puy B
be(T) S8 RIS AER0G
i 2 ZIET4
M) oW %ah  meER o
gfﬁngg ggﬁ; ;%Eﬁjjzj RBRX 0.0016




22, MKTDE : 54

5g1 H'J/nﬁ-/ ﬁtlzé‘rsz MKTDESZ i F I ESE

CI+HS Score -22.22 -4.72 -3.57 58.86 -21.74 -22.21 -22.21 37.80

CI+MS Score -23.13 -1.68 -1.84 49.37 -22.89 -23.12 -23.12 46.39

CI+LS Score -0.19 3.76 3.87 -48.51 13.06 13.78 3.55 10.67

Score -11.50 -30.13 -30.24 78.25 -0.83 7.02 -24.04 11.46
Score -10.96 -13.13 -13.77 60.81 -12.39 -13.41 -7.98 10.82
Score -21.51 33.15 33.95 5.09 -22.12 -1.79 -22.94 -3.84
Score -20.95 -25.19 -25.15 60.36 24.41 -22.36 -21.34 30.24

NI+MS Score -22.77 25.61 25.70 50.54 -16.34 -20.74 -19.81 -22.18

NI+LS Score -9.70 5.64 5.59 12.74 8.90 -5.04 -34.86 16.74

NA 11/0/7  11/0/7  16/0/2  13/1/4 1116  10/1/7  15/1/2
E!?E'




2.2, MKTDE : S£i§
SELAEKIFITILER: | MKTDEBS(TFRILEA

MKTDE | MFEA-I MFEAII EGT MFDE MTDE STDE

CI+HS Score -22.22 -4.72 -3.57 58.86 -21.74 -22.21 -22.21 37.80

CI+MS Score -23.13 -1.68 -1.84 49.37 -22.89 -23.12 -23.12 46.39
CI+LS Score -0.19 3.76 3.87 -48.51 13.06 13.78 3.55 10.67
PI+HS Score -11.50 -30.13 -30.24 78.25 -0.83 7.02 -24.04 11.46
PI+MS Score -10.96 -13.13 -13.77 60.81 -12.39 -13.41 -7.98 10.82
PI+LS Score -21.51 33.15 33.95 5.09 -22.12 -1.79 -22.94 -3.84
NI+HS Score -20.95 -25.19 -25.15 60.36 24.41 -22.36 -21.34 30.24

NI+MS Score -22.77 25.61 25.70 50.54 -16.34 -20.74 -19.81 -22.18

-9.70 5.64 5.59 12.74 8.90 -5.04 -34.86 16.74

NI+LS Score

11/0/7 11/0/7 16/0/2 13/1/4 11/1/6 10/1/7 15/1/2

EViSmfliscoref&i=




2.2. MKTDE : 32§

U5
1= ZAYAY, =4 MKTD | MKTD
2H 9773 Fr: REE | 'L | Ewl- | E-wio-

MKT | EST EST'

> MKTDE-w/o-MKT: AEH
2716 -2717 3552 1881

MKT
> MKTDE-w/0-EST: A1 H -20.32 -20.33  6.64  34.01

ES=i

scoref =

EST 2218 2218 -22.18 2218

> MKTDE-w/o-MKT-EST: A+ eS| el || SRV | A

1§FH|\/|KT$[|EST -7.10 -6.43 4.40 9.13

975 175  -885  16.85

MKTFIESTEPSEIZ S MKTDE -21.72  -13.84 14.04 2152

SRR Sfskch -18.83  7.68 -1575 2691

2757 2749 2157  27.66

{HA— 1 EP={EMKTDERIZ NA  10/2/6 13/4/1  15/1/2
| e |



2.2

MKTDE: &gt

Alé *)]-I : A ﬁ- H)-L 175 1{ 7,_ 1§J AJFORPIE < HARCE > Pk AJHIRRIE A ERAE > Bl

f (traj) - CI (traj) + CCO||ISI0n (traj) +
A-(dist(traj,.,, start) + dist(traj,,,, goal)) +b

< MKTDEEZ(LTXILL &I A >

7}’\

FAUES 1

FRUES 2

MFEA- EMT-

RNO1 Score -12.60 8.9 4.7 -10.38

RNO02 Score -14.95 12.74 1.80 -7.05
RNO3 Score -12.77 4.60 9.54 -9.05

RNO04 Score -10.86 -1.51 -1.45 -6.01

7/1/0

-11.58

-12.13

-10.55

-1.75

-10.10

-11.13

-9.88

-1.76

-8.18

42.13

37.97

34.36

39.25
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B KLEC: Knowledge Learning for Evolutionary Computation
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B MKTDE: Meta-Knowledge Transfer-based Differential Evolution
WS jE)E T AR AR ) 3 S B R AL A

@ /f'ﬁﬂz)i?

................................




3. BZE
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Zhi-Hui Zhan (EE#E), et al, “A survey on evolutionary computation for complex continuous
optimization,” Artificial Intelligence Review, vol. 55, no. 1, pp. 59-110, Jan. 2022.

»  Zhi-Hui Zhan (E7E#E), et al., “Evolutionary deep learning: A survey,” Neurocomputing, vol. 483, pp. 42-58,

April 2022.

= J. Y, Li(34%), Zhi-Hui Zhan (EFHXE¥E)GERIEHE), et al, “Evolutionary computation for expensive
optimization: A survey,” Machine Intelligence Research, vol. 19, no. 1, pp. 3-23, Jan. 2022.

= Z. G. Chen(3#%), Zhi-Hui Zhan (@EE¥E)GBIRIERE), et al., “Evolutionary computation for intelligent

transportation in smart cities: A survey,” IEEE Computational Intelligence Magazine, vol. 17, no. 2, pp. 83-
102, May, 2022.

> aL_JEﬁH}L HEiTHE:

Zhi-Hui Zhan(E&E#E)(E—1EH), et al., “Learning-aided evolution for optimization,” IEEE Transactions
on Evolutionary Computation, DOI:10.1109/TEVC.2022.3232776, Dec. 2022.

= Y. Jiang(¥ %), Zhi-Hui Zhan (EEXEE)GBRIEE), et al., “Knowledge learning for evolutionary
computation,” IEEE Transactions on Evolutionary Computation, DOI: 10.1109/TEVC.2023.3278132, May
2023.

= ). Y, Li(ZF4%), Zhi-Hui Zhan (EHE)GERIEE). et al., “A meta-knowledge transfer-based differential

evolution for multitask optimization,” IEEE Transactions on Evolutionary Computation, vol. 26, no. 4, pp.
719-734, Aug. 2022.
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