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Abstract Evolutionary multi-task optimization is a new research direction in the field of computational intelligence. It focuses on
how to handle multiple optimization tasks effectively and simultaneously through evolutionary algorithm, so as to enhance the
performance of solving each task individually. Based on this,a multi-surrogate and multi-task optimization approach based on two-
layer knowledge transfer CAMS-MTQO) is proposed, which achieves the purpose of cross-domain optimization by transferring
knowledge between surrogates and within surrogates at the same time. Specifically,the knowledge transfer within the surrogates
realizes the cross-dimensional transfer of decision variable information through differential evolutionary,so as to avoid the algo-
rithm falling into local optimum. The learning between surrogates adopts two strategies:implicit knowledge transfer and explicit
knowledge transfer. The former uses the selective crossover of populations to generate offspring and promote the exchange of ge-
netic information. The latter is mainly the transfer of elite individuals, which can make up for the strong randomness of implicit
transfer. For the sake of evaluate the effectiveness of the AMS-MTO algorithm,we carry out an empirical study on 8 benchmark
problems up to 100 dimension. At the same time,we give the convergence proof and compare it with the existing algorithms. Ex-
periment resultsshow that when solving expensive problems of single objective optimization,the AMS-MTO algorithm has higher
efficiency, better performance and faster convergence speed.
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P GO e R INE PO | B = N B I R D R A e N
JIR A 1) A1 3RS 8 Sf A5 455 40 FE e 1 3 7 BB VA L DA B IR OB
B i) Y SR T L A AR BBE S T IR 3 4 RN R R T
R aE i v = RN N B 2 - SN S A L g
(Support Vector Machine, SVM) .| & #f i # ( Gaussian
Process, GP) U 4% [in] 3 pF £ W 4% (Radial Basis FunctionNet-
work, RBFN) P46

VT AR R Ok B 2 o AT B S T A R A B BT
G PR T AR AR B B BE LS . DE-S 8RS AE 2 4y
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W1k £ AT %5 1 1k (Evolutionary Multi-task Optimization,
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ZAESMPT B R, Li EP4EIT MPEF 5. 2
— AN PR SRR E AL HE SR . IRAE SR R A T RS s, Mo
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TR DR 1R[] 14 20 YT A% O W ok SE B IR AL 52 Tan %0
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2.2 sEFHULEZE
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% J&—A MTO [a) 3, B35 H R i Ak 38 2 AN 8] Y O Ak
1E55 , B35 — T 55 # 02 % 22 3 H bn L J0 29 3 Y d /s Ak 1) 8
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X R — AT S5 W I /NME . T XN TS, =
RS B FRERECH £ X, R(R RS20 , ) MTO Ja) 8]
FKRWTF .

) :arigeyinf,(x) s J=1,2,k
H, X, RD, 4E Rz 0], () sas oo
b — A B R

XCHTF B A W AT S5 A R H AR R AR 2
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X G B — AT 55 1% i 45 TR) 38 0 T 29 3R A, T8 4 T Rk 2
Ly F AR H bR R B A Rk — R T .

N THEZAE & W8P Ak i ik 4, MFEA %4 5 4

sk P B 2 AR 5

K p A BLIE B L SLT AT R

E X 1(HFAH . Factorial Cost) X} FAME p, » K+
M E X Kay; =76, +Fy o Rom p FEAE 55T, b 09 3E Ny BEAE
Horv Fy f6; 43 S04 p A6 T b0 H b of B0 R0 38 S 29 3
B SR RE Y 2 — MR R IE T R 4L

EX 2(HFHE4 ,Factorial Rank) X F 4K p, » HLFEAT
55T, L PR FHE £ 2 0T A PR A (4% BRI R Ahe, 76T, I
TR G p R HE.

s BE R K p Al p, TEAE 55 T, b BAT H ] 4 1A
FAM B B AT HE 2 585 U 4 BE AL E .

TE X 3(hpE & B B, Scalar Fitness) X FAME p, » Hobg
I8 BB @ R AR HE HAE £ AT S5 TR B A K HE 4 T B AT
B HES BB R 1 o =1/ min{ri ) b=1,2, . K, ZBM
ik TR AL S BRI

X 4 T, Skill Factor) % T AN p, » Hi % fE
FroRBRETEES D, p RABIFHIBAESF. o =
argﬁmin{r};},k:LZ,-“,Ko

BT LA L S AEHE Al o A2 v nT DLPRRE M b S A AR 1Y
M. BN 25K py B p, (AR 538 B BE R/ME R o >0,
MR po T po

MEFA 53 £33 % 3 DBEYe. 58— G i 11 L 2B B 52
i i 2 B S AR AL 3
2.2.2 Ho— By E

X MTO [r) 88 A [ A 55 18 4 BOAS T] 348 3R 5 il R ]
fiff s TR A P AN TR) o 1 D0 s ) 4 AT AT 55 TR Y A
WC , TR 2 388 4% ) J0T 76 AT 55 6] 0¥ Bt 2 6 44 25 52 300 532 o i 4 4
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D=4
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o D=D,=6
REfk xe [0,1]
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0.89 | 0.04 | 0.63
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Fig.1 Encoding and decoding diagram
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2.2.3 ®FMXEAE A AEE
PP SIS MFEA (19 %437 5K W, [7] — A 55 T 1A~ A
T HA AR E ST R R SIS i s 0 2 B A A IR SC
R SRARTT LA i AC BT . #5 SO SR AR TR IR 44 A
6] ) 22 L B RMP 45 . 24 A2 ARA 4R 22 1] T2 vk 28 BE B A 4
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K p Mp; s FEREHE T 4350 Ao e, A B F AR R e Fle; BB 4k
PSS I B AETT LR A
p:Q@p;—~c:Ue if(zr;=17;) or (rand<<rmp)

mutation mutation

bi e Up,
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15 2 A B2 A 4500 A v o 1 A4 R BRS80S 7 A G 1Y
1R 55 R E ST A2 . o — M 2 /R s, il T
PR AE 2R 23 0] v 4 JRy i U0 A T 089 DX 35 5 — AN AR Sy JRy B AR
TR R Sy 1 Jey ¥4 X e G A ) T o 7R A AR A 8 ) A

DA TR R 3 U A AR BRI

ZACH ZAT S5 AR T SCAY MFEA 809577 Sk S B
e aEfk . Bk MFEA 78 f g A B 55 18] 20 45 B 1) 3R
B W A RO B Iz N (H R R AR SO R RE
TE T A A T3] f) £% BT 55 5L A A8 7 S5 £ At B0 fiE 2 AT 26 A4 )
B0 46 B A L HEAT IS . YA H G AN [ 45 A R 1 S AR
AR HEAT3E OB, R A B T St AT 55 47 AE — 2 AR
B A REAR A 55 (3T B, 0 & R BCIR 7R R . FE X
A AT, AR SO MS-MTO 8355 (15 £ 5 s b 47 7 eleatk , 2
H T — R A B ] A0 P R R R 2R ) Bk AMS-
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3.1 AMS-MTO # 8 & 22

AR EBNF AMSMTO B MELM EEHE, &
S, B2 IR RS 4 S A0 TR] B4 T RS RN C B S R AT
B, Hovb AT ) B0 3 B R P A IR A 2 R L e bl A
AT 55 % e S0 B, S B R A 55 ) ) T R 5 A 2 P S A A
T B o pe AR d N — 4 T T B 3 55 — 4 BT L S
B TR AT 7 B 1k 559 B AR e £ 1 [ e R o AT 55
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AMS-MTO BEMEERBMA 2 fiR, 550 7E kg
23 (8] f R BB T8 ST 5 R R AR 2R N A i I A SE R B bR
BRI BN FL AT PRAY G PR AERY B Are . SRJS . #E RBF 4
Jr AR FIAGE 7Y JRy 8 AR S AT R, G v 4 Jeg A AR AR A R
Arc W I A Bl 2047 U1 25, T R 3 AR BB A B B Are
N, A B B0 38 I 32 1) B4 0 AT U 2, 3 R N R O R R AR
PRI Y L5 T T 0 RE A B, BN T30S T Are 9 B8O B
B RMEHE R T L MFEA 883 [ B0 £k 75 A 40 31 A8 R
£ AMS-MTO HES H B 5 AT — IR AT 55 A I S 4L %
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WA TR U4

A 4 A 4
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Fig. 2 Flowchart of AMS-MTO algorithm
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Table 2 Optimization results of four algorithms
Problems MS-EO TLSAPSO SHPSO AMS-MTO Problems MS-EO TLSAPSO SHPSO AMS-MTO
10D 1.06x10 ! 1.09x10 ? 6.58x 10 ¢ 10D 6.34x10! 5. 86X 101 4.40% 1072
pp 20D Lsexlo! o 127x10 3.59x 107" || 20D 1.34x10° 1. 44%10° 3.14x10710
9
30D 4.57x10° 1 6.14x10 ! 1.06x10%  8.62%x10° '3 30D 1.44x10° 1.20%10° 3.12X10°  4.50x 107 "2
100D 2.01X10! 1.36X10° 3.75X10°  6.47x107'2 100D 5,67x10° 8.34x10° 1.07X10° 0
10D 1.13X10! 9.69 8.76 10D —2.58x10° —2.83%10° —2.64x 102
- 20D 2.61X10! 3.95%10! 1.84% 10 . 20D —1.69x10°  —1.85x10° —1.81% 102
30D 4.23x10! 7.82x 10! 3.04%10* 2.82x 10! 30D —1.45%10°  —1.39Xx10% 3.14x10° —1.50x 102
100D 1.75%10° 2.36x10* 9.20x10* 9.68x 10! 100D 4,07 x10° 1.76X10° 1.21x10° 3.46 % 102
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Table 3 Optimization results of MS-MTO and AMS-MTO

Problems MS-EO AMS-MTO Problems MS-EO AMS-MTO
10D 4.37x10° 1 1.34x10 2 10D 9.38x10 Y 2.62%x10°
1 20D 4.38x10° "7 2.30x10 1 - 20D 8.64x10 12 3.81x107 12
30D 7.04x 10718 2.48%10 1 30D 2.88%x10 1° 2.13x 10" ™

100D 4.90x10° 1 3.27x10°1° 100D 0 0
10D 8.7887 8.6382 10D —2.74 X102 —2.81x 102
- 20D 1.87X10! 1.82x 10 6 20D —2.07% 10 —2.25x 102
30D 2.85x10! 2.78x 10! 30D 2.31%x10! —2.28%10°
100D 9.65x10! 9.65x 10! 100D 3.24%10° 1.98 % 102
10D 1.55%X10? 5.60% 10 * 10D 3.53 % 102 3. 64107
3 20D 3.10X10 2 1.60%x107° 7 20D 1.42X 10 3.82x% 102
30D 2.04x10° 1.35x107° 30D 1.03%10% 3.93x 102
100D 1.10x10°° 6.29%10 ° 100D 4.02%10% 3.57 X 102
10D 6.80Xx10 3 2.80x107°% 10D 9.10%x 10" 9.10 % 102
i 20D 1.37x10 ° 1.43x10°°¢ s 20D 9.10% 10° 9.10x 102
30D 1.20x10°° 1.14x10 ¢ 30D 9.10x10° 9.10x 102
100D 7.70x 10" " 3.20X10 8 100D 9.10%x 10" 9.10 % 102
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Fig. 8 Convergence result graphs of MS-MTO and AMS-MTO algorithms on 30-dimensional F1—F8 problems
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Comparison graphs of single run time results of MS-MTO and AMS-MTO algorithms on 100-dimensional F1— F8 problems
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