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Abstract Real-world engineering optimization problems usually need to optimize multiple
conflicting objectives at the same time, and the objective function evaluation is very expensive
because it depends on simulation and physical experiments. They need to be solved within the

minimum number of objective function evaluation times. This type of problem is called expensive
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multiobjective optimization problem. Using machine learning to build a surrogate model to assist
algorithms in evaluating candidate solutions is an effective way to solve such problems. Among all
of the surrogate models, the Gaussian process model can handle small and medium-scale problems
with a small number of training samples, not to mention its ability to provide the uncertainty
estimation for each predicted point. Decomposition is an effective way to handle multiobjective
optimization problems. A multiobjective optimization problem can be decomposed into a number
of single objective subproblems. Several subproblems can be further divided into a task targeted
by training the surrogate model. However the existing expensive multiobjective optimization
based on decomposition usually divides a fixed number of subproblems into a same task. By
constructing multiple fixed tasks, a multi-task Gaussian surrogate model is establish for the
expensive multiobjective optimization problems. However, this method fails to make full use of
the data to dynamically reflect the correlation between tasks, which limits the prediction accuracy
of the multi-task Gaussian process model and the final performance of the optimization algorithm.
Therefore, we propose an adaptive multitask with multipopulation-based cooperative search
algorithm (AMMCS) to handle expensive multiobjective optimization problems in this paper. The
Pearson coefficient is used to measure the evaluated solution set for obtaining the correlation
between subproblems, and adaptively assign subproblems into the related tasks for improving the
quality of model prediction. In addition, as it is difficult to use one population for optimizing
multiple related tasks at the same time, AMMCS adopts one solution set (subpopulation) for one
task. The batched optimization of the multi-task Gaussian process model is accomplished through
the collaborative search of multiple subpopulations for high efficiency. We compare the performance
of AMMCS with six surrogate-assisted evolutionary algorithms, including GCS-MOE, MOEA/
D-EGO, K-RVEA, ParEGO, CSEA and SMS-EGO. Among all of the compared algorithms,
AMDMICS is significantly better than others on most selected test problems. In addition, we design
experiments to verify the effectiveness of adaptive decomposition and multi-group collaborative
search. The sensitivity test of the task number parameter Q used in AMMCS has also been
conducted for selecting its optimal value. The experimental result shows the algorithm achieves
the best performance when the value of Q is 5. The effects of different utility functions on the
performance of AMMCS have also been verified. The experimental results show the hybrid utility
functions with both UBC and EI are able to achieve best performance. The lack of ability for
handling irregular Parto fronts have also been observed in the experimental studies. Therefore,
one of the future works is the considerations of adding direction vectors adaptations into AMMCS
for further enhancing its performance on expensive multiobjective optimization problems with

irregular Pareto fronts.

Keywords surrogate-assisted evolutionary algorithm; expensive multiobjective optimization;
multiobjective optimization problem; multitask Gaussian process model; multi-population collaborative

search
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k5.
ik 5. S UEMRUE(FSS).
WA < A AT 55 50 QoA S AT 55 110 o 0 AT 5 A kA
CS A AT 55 i 1R A PR i b TW
it AL 2 AT 55 e LR VL AR S P 0 S o 1% 0k A 4
0 07 F A B 16 ek A
Py=CS,
Ay =TW,
FOR EACH i=2.Q DO
d i = argmin(distances(CS; ,PBg)) ;
5 IF d.i, >d, THEN
6 Py=PyUCS;;
7. A=Az UTW,;
8
9

=~ w b =

END IF
. END FOR
10. RETURN Py, 4,
4.6 BESEFREDH
AMMCS — Yk AU 1] 3 #8 £ 2k T Ak 1

TF,—f,(x) )7

N ..
7| Individuals

’V%—‘ Individuals

’751 Individuals Update

Bl 2 Z R0 R R B

AMMCS % B T Upper Confidence Bounder
utility criterion (UCB)P" DL & UCB #l Expected
Improvement utility criterion CEI) f) 4H & %% FH
W A g MES . g€ (1. +.Q)

f.(x)<TF,
Tﬂ*ﬂuw D

5.y ( +Crv Sl

HAL IR SR 2) APIR TR D AP 8L 4).
PR 2 P8R 3 BB 8 MR IR 0L % & L i
W PEAl A i A 38 B B R IP A IR B N o 15 J R
A K R BRI T A NE R SR R ) R
9 N A B AR L 4 IR A 2% B OCNNR). X F 5% 2
MR 9.1 R K ¥ 2 i 2k AR IR B AT 55 81 Q
FVEEAS 7 [ 81 1) J7 [ 1) 5 48 B om0 # 2 AR R
R I LA N A 0] U] 53 18 Q AT 55 1y sl i) &2 2%
JERTAL T S OCND. PR 5035 2 i i) 52 44 1 3 22
N OCNN). B 1 IR 7 24T 5 = o A I 25
R 5] T FE ARG 852 22 o A T BRI T I SRR A K r A
AU A I S R T ) B R] o3 AR 23 AR X AR 225 it
Hb s T A SO 0 24T 55 = il 8 TAE R B T 52
Z s S BT AR BRI 25 0 T A e U] A 4% AR Ol A
Me, T T IS 3 I IR) 5 4 B 2 T AR AR
U fry B[R] T R, G5 3 I RN (R T AETE AL R 1 AN
10. B 1, —MESEE B EMBN N/Q,
HHE R B e A 2 24 B OCCN/@Q) log (N/Q)) . Q A~
155 HE P i I 1R] 52 2% B2 AT {46 O (N'log (ND). 25
10 M OCNlog (N)). B3k 3 (It [al & 22 K
O(Nlog(N)).

BT i R PP Al B N i & & AR A N /£
$, AMMCS B[] i 4 2 A0 38 5 (B 2) Tl
AMMCS & W} ] & 24 B OCNNL).
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5 XBRERSHH

5.1 XtbE&EZE

FEIX B /NG FRATH AMMCS #1754~ X 2 4
B i 4k 3 ¥ (GCS-MOE™ | MOEA/D-EGOH™ |
K-RVEA")  ParEGO"™ | CSEA™ FI SMS-EGO'))
1€ ZDT F1 DTLZ I 5 [n] 88 45 & F 47 % b 52 56,
i AMMCS fif F§ Matlab 52 81, GCS-MOE & H]
CH+ S8, Hw m X b 58 1k 0l Matlab 52 309
PlatEMO - & #2467 78 3 26 0] 3 ] 81 1, Bk b
AR B By 2F Ak S5l 5T HiE 4T 20 WK
5.2 LR

(1) Jir A I 3k 1] ) e 378 1 4 m B H 8
DTLZ P[] B 1 HAREL m ¥ E R 3.

(2) PR FUAR 5 F (] 4 H N 76 ZDT 3 [1)
AR LR E N 150, £ DTLZ P 3k [a) 81 4 1 ik &
>k 230.

(3) JIr A s 1m) A0 1 f K A oR B0PFE Al Ik 8L
N #R G — ¥ B R 200 IK.

(D WA R R R B H B 11n— 1.

(5)Cr=100000, a=5.

(6)3X S8 2 HUAE [T A 4 Eb B3 b 0 2 A R] 1.

AMMCS 7 ZDT R4 b A AT 5541 Q i
BN 3.7 DTLZ M4 B QIKE R 5. K =Q.
Xof Lk o K = 5. AMMCS, GCS-MOE I MOEA/
D-EGO 1y 4B J& LA 15 & o8 20. | F Il 2k 24T 55
e A AR 2 b RS RE L R, AR SR AMMCS Al
GCS-MOE B Il 5 A A B R AU SR fife b8 S 4000 154K
UBER AT T BRI : AMMCS 1 GCS-MOE [ ft &
WIZRFE A B i E U Ry 100, SR il 24T 55 e i ik 7%
S AR B 3 8 100, BR B IR S50, B

AR e S 1 B Y AR SCOR BB
5.3 iEMisHR

Inverted Generational Distance (IGD)P% i
Hypervolume (HV) " #5454k FiI T B 1 2 H A B 1%
PERE. IGD F5 2 5L PF /RN S % k45 hn it 5.
ARICNFSE PF 5 RFEVE N S % PE. X F ZDT
WA B 2 7% PFLBR ZDT3 )\ESE PE 5] iR
£ 2658 MHEA g, Hoe ZDT s [n) 8 )\ H 55 PF
A RAE 10000 MHEA GAEN S % PEOX T
DTLZ it 4, i DTLZ1 3| DTLZ4 & M B 52 PF
AR 9870 ANAEA RLAN HUE ) N 5L PF
LR 10000 MHEA GME NS PEXTT HV
febr . S PF th & HAR M B KMEAE IS5 .

BEAM ARSI fif P 5 25 7K SE- 4 0. 05 ) Wilcoxon
R FOAG 562 BE it AMMCS F1H B0 53 25 19 P fiE
BEM. 5 = 8 — W53 5 K om AMMCS 14 6
FHEE T B X S A B 22 7 B DA
EF3
5.4 AMMCS flENEZEHNXTLE LWL R

13 2 S AMMCS FS A5 LA IETE ZDT .
DTLZ [a] 4L I IGD F1 HV 545, ik 5 ¥ &
VAN A < R R 42 N 1 I8 o 151 I 18 = 2 = [
AMMCS 1) IGD f1 HV #§#454€ ZDT F1 DTLZ 1k
43 D 3R] A Ak AR R B 4P 9. fE DTLZ2 AN
DTLZ4 i 7] f5 1, R4F AMMCS 5 IGD 48 b5 f1
AL K-RVEA 1) 1GD 5 45 7 508 E e A0 L,
H7E HV $8 45 . AMMCS B i 24 T K-RVEA.
1£ ZDT3.DTLZ6 f1 DTLZ7 iX #& HA5 R~ £ PF {1
Mk A 8 F L 7 ZDT3.DTLZ6 #1 DTLZ7 x4 H Ay
ASHLIN PE (43 i a1, 580 vt R Y O 1) )
AR IR TUGBOE 1, RT3 25 b # X 3 B
AN PF 12 B Fs LAk I BB I 8OR A .

F 1 AMMCS XA 3L HEFE ZDT #1 DTLZ @@ & E ) IGD 47 E

Problem AMMCS MOEA/D-EGO K-RVEA ParEGO SMS-EGO GCS-MOE CSEA
JDT1 0.0136 0. 0419 0.0367 0. 0327 0. 7433 0. 0203 3.5084
(0.0077) (0.0143)+ (0. 0104) + (0. 0085) + (0. 2047) + (0.0019) + (3.0204)+
JDT2 0.0112 0.0528 0. 0623 0.0347 0.5963 0.0241 4. 9950
(0.0018) (0.0186) + (0.0162)+ (0.0133)+ (0.0418) + (0.0075) + (3.0581)+
ZDT3 0. 0994 0.1636 0. 0594 0. 0847 0. 8203 0. 0534 3.2939
(0.0968) (0.0777)+ (0.0210) = (0.0190) = (3.2306e-06) + (0. 0098) = (3.3410) +
JDT4 25.7984 55. 9804 30. 2408 43.5971 42. 9459 1.1970e+03 39. 3909
(9.7550) (8.5000) + (12.6291)= (12.4912)+ (12.1274)+ (468.5990) + (14.7987)=




1942 it " Bl 2% i 2021 48
(8
Problem AMMCS MOEA/D-EGO K-RVEA ParEGO SMS-EGO GCS-MOE CSEA
JDT6 0. 0859 0. 3656 1. 6806 0.2837 1. 5663 0. 4098 7. 8408
(0. 0565) (0.1388)+ (0. 4361) + (0. 0647) + (1.7791) + (0. 1406) + (1.3328)+
DTLZ1 29. 9376 63. 9595 64.5656 45. 7748 45. 8687 42.3877 58.4731
’ (22.2089) (10. 3352) + (18.2218) + (5.1928)+ (5.4631) + (12.3031) = (14.0905) +
DTLZ2 0. 1285 0.2638 0.1333 0.2872 0. 1894 0.2051 0.1914
’ (0. 0202) (0.0202)+ (0.0075) = (0.0187) + (0. 0282) + (0.0105) + (0.0218) +
DTLZ3 78. 6525 149. 9160 122. 4429 123. 6749 119. 4050 137. 4559 116. 8795
’ (39.9586) (49.5795) + (54.4351) + (8.0531)+ (7.3474)+ (19.5956) + (43.4190) =
DTLZ4 0. 3390 0.5306 0. 3472 0.5732 0. 6277 0.5326 0. 5878
B (0.2248) (0.0710) + (0.0730) = (0. 0688) + (0.1049) + (0. 0545) + (0.1695) +
DTLZ5 0. 0267 0.1870 0. 0564 0.1992 0.0811 0.0637 0.0917
o (0. 0045) (0.0192)+ (0.0109) + (0. 0262)+ (0.0191) + (0.0073)+ (0. 0239) +
DTLZ6 0. 8905 1.5763 2.5223 0. 5000 2. 4205 0. 0869 3. 8567
’ (0.1200) (0.7033)+ (0. 2291) + (0.1619) — (0.5776) + 0.0777) — (0. 4099)+
DTLZ7 0. 3524 0. 2068 0. 3031 0. 1864 1. 5379 0.2215 1. 9983
B (0. 0636) (0. 0535) — (0.0987) = (0. 0238) — (3.7928e-09) + (0. 0256) — (0. 6665) +
x 2 AMMCS i 3F L X7 ZDT 70 DTLZ (8] @ & £ HV 35 4R
Problem AMMCS MOEA/D-EGO K-RVEA ParEGO SMS-EGO GCS-MOE CSEA
ZDT1 0.7088 0.6625 0. 6825 0. 6847 0.1714 0.7020 0
(0. 0057) (0. 0231)+ (0. 0075) + (0.0110)+ (0.1697) + (0. 0027) + )+
JDT2 0. 4364 0.3746 0. 3607 0. 4080 0. 0929 0.4221 0
(0.0022) (0. 0252) + (0.0147) + (0.0174) + (0. 0063) + (0. 0098) + )+
JDT3 0. 5467 0. 6131 0.6124 0.5238 0. 0909 0.5618 0. 0024
(0.0932) (0. 0800) = (0. 0551) = (0.0309) + (3.1362e-06) + (0.0108) = (0.0077)+
0 0 0 0 0 0 0
ZbTH 0) 0)= 0)= 0)= 0)= 0)= 0)=
ZDT6 0.2948 0.1726 0 0.1231 0. 0647 0.1823 0
(0. 0573) (0. 0638)+ 0+ (0.0315)+ (0. 0946) + (0. 0458) + 0+
_ 0 0 0 0 0 0 0
bTLZ1 0) 0)= 0)= (0)= (0)= 0)= 0)=
DTLZ2 0.4519 0.2492 0.4252 0.2159 0. 4396 0. 3494 0. 3297
o (0.0213) (0.0303)+ (0.0188) + (0. 0433)+ (0. 0430) = (0.0132)+ (0. 0380) +
0 0 0 0 0 0 0
DTLZ3
0 ()= = )= 0= ()= 0)=
DTLZ4 0.3327 0. 0644 0.1676 0.0306 0.0421 0.0781 0.1382
’ (0.1041) (0.0483) + (0.0852) + (0.0410) + (0. 0605) + (0.0619) + (0. 0622) +
DTLZS 0. 1751 0. 0633 0. 1557 0. 0432 0. 1503 0. 1404 0.1144
- (0. 0062) (0. 0269) + (0.0073) + (0. 0350) + (0.0191) + (0.0107) + (0. 0265) +
0 0.0189 0 0.0262 0 0. 1485 0
OTL
DTLZ6 0 (0. 0400) = = (0.0378) — )= (0. 0470) — 0)=
DTLZ7 0.1953 0.2105 0. 2309 0. 2446 0. 0909 0.2306 0. 0307
- (0. 0364) (0.0233)= (0.0111) — (0. 0064) — (5.6117e-10) + (0.0106) — (0. 0345) +

& 3 FIE 4 &R T ZDT2 Fl DTLZ5 () 552 PF
DU R BB A HE A5 i 3E SCBE AR 45 (ND solutions).
fE ZDT2 1 DTLZ5 )i [n] &1 |, AMMCS 15 2| 19
PF Ui K2Rk 8| 5L PF b, K2R R
55 iF. GCS-MOE, MOEA/D-EGO, K-RVEA FI
ParEGO 75 2| it & 43 it 4 0 BB U 803 B 58 PF |,
A Z R B AMMCS 2%, CSEA fil SMS-EGO 74
N REILTF RAEIEfE HSE PF E H H ZFE M
25, XSS W — 2 R BT AMMCS 535 M Be 1

ZDT 1 DTLZ Mk 45 b e 2w A vk B s 4r
1 g

PeAk AN RR S AT R] HL B 3R 3 B, (i
ZAT: 55 v ok R A A QB Y 1) B 7 CAMMICS Al
GCS-MOE) Lt i F & 15 8 f) 55 9% 46 38 47 B 1] 22
1. X JE BT 24T 55 i 0 i 7R A A R T A A )
KB 1 ) B, A3 0 T B Y as AT B ()L AR (B AR 4
R AMMCS [ = 5 T 24T 55 i M oo 78 A5 7Y
357 (N GCS-MOE) Bt — B 4%
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I pe— 1.0 103~ 1.2
0.9 ™ True PF 0.9 .. True PF 0.9 e True PF True PF
0.8 Q)CQQ, © NDsolutions 0.8 = . L NDsolutions 0.8 2 © NDsolutions 1.0fo0acp . © NDsolutions
0.7 % 0.7 o 0.7 ° 0.4 “Ra0
£ . g
0.6 0.6 ° 0.6 B
0.5 S 0.5 o 0.5 9 0.6 %
@
0.4 % 0.4 % 0.4} ° o,
0.3 %, 0.3 a 0.3 04 °
0.2 k 0.2 s 0.2 4 o2
& .
0.1 % 01 ol 0.1
0 0102 0304050607080910 0 01020304050607080910 0 01020304 05060708091L0 0 01020304 0506070809 1.0
(a) AMMCS (b) GCS-MOE (¢) MOEA/D-EGO (d) K-RVEA
1.2 165 1.2
True PF 14 True PF True PF
L0Pe—o-gy © NDsolutio © NDsolutions 1.04 © NDsolutions
e 12
0.8 . 10 0.8
0.6 i 8 0.6
0.4 : 6 0.4
o
0.2 Q ) 0.2
0 0.1 02 0304 05 06 0.7 0.8 09 1.0 0 01020304 0506 0.7 08 09 1.0 0 0. 02 0.3 04 05 0.6 0.7 0.8 0.9 1.0
() ParEGO (1) CSEA (g) SMS-EGO
3 A FWETE ZDT2 a8 1GD {8 A 802 17 BT 1y AR ST 4 23 A1 18]
° == True PF
w %:a 1.2 ? 1.2 o | © NDsolutions 1.2 %o?? GEND solutions
1.0 [} 1.0 % 1.0 i 1.0 &
0.8 b 0.8 X 0.8 0.8 &
0.6 % 0.6 o % 0.6 0.6 i
04 ¢ 0.4 | 0.4 . &
0.2 E 0.2 3 0.2 0.2 o ®
8 0 B 0 0 0
0 $ 0.2 0 Sy r & o
o H o 02755 05 0 a OM/{O/
04 o8 5508 05 0.6 Om ~1o 06  0g15 060810515
(a) AMMCS (b) GCS-MOE (¢) MOEA/D-EGO (d) K-RVEA
5 o True PF 8 True PF
o o ND solutions 12 Y o NDsolutions 1.2 o ND solutions!
2.0 : } . \
~ 1.0 % 1.0 !
L5 N 0.8 ) 0.8 ®
1.0 vl” & 0.6 T 0.6 P
° % 0.4 0.4 £
0.5 o ] /0 0.2 d 0.2 Iy 0
¥ 0.5 0.2
0 = Q " . 0
08 T ~To 02 o 04 0307 T 05
G KUy 5515 04 0% Pyl 0.6 osm\/
(&) ParEGO (1) CSEA (g) SMS-EGO
Bl 4 A A DTLZS [ 1GD A A0 8062 17 UCBCT 19 4 ST A 5 43 i [
F 3 AMMCS fix4~ 3L & X7 ZDT 1 DTLZ [8) @ £ _E B9 i5 1T B 18] (HfL )
Problem AMMCS GCS-MOE MOEA/D-EGO K-RVEA ParEGO CSEA SMS-EGO
ZDT1 1.2120e+03 1. 8540e+04 25.0107 22.1496 197. 5482 43.5753 546. 2811
ZDT2 1.5240e+03 4.8030e+04 28. 4244 23. 8856 167. 6976 40. 9840 490. 7907
ZDT3 1.5120e+03 2.0910e+04 21. 7444 43. 2417 133. 8873 29. 8067 451. 5278
ZDT4 3.5280e+03 2.0028e+04 31.1026 25.0240 127.9629 119. 8566 480. 1318
ZDT6 2.1060e+03 2.2164e+04 29. 4664 25.0141 125.5214 41.5211 446. 2368
DTLZ1 1. 9620e+03 3.3132e+04 45.9058 47.9588 122. 6998 160. 2450 1. 3251e+04
DTLZ2 1. 4640e+03 2.1894e+04 48. 5002 53. 8045 126. 1783 45. 6651 1. 2425e+04
DTLZ3 1. 7580e+03 4.1514e+04 41. 8672 38. 4986 121. 6028 159. 0521 1. 0157e+04
DTLZ4 2.0040e+03 1.3626e+04 33.4986 28.9384 129. 3153 73.5848 1. 1997e+04
DTLZ5 1. 4280e+03 2.0598e+04 42.2752 23.2398 126.1103 49.1969 4.7360e+03
DTLZ6 1. 1040e+03 2.0700e+04 40.9013 39. 3512 126. 2922 21.7920 2.7504e+03
DTLZ7 1. 1820e+03 3.0102e+04 39. 0987 40. 2931 126. 7335 17. 2450 3.6179e+03

5.5 BENESISHBERE

T BRI R AT 55 30 50 O7 1 A A FAT
XPELT I i AMMOCS 553k A0l A [ 4T 55 30 4 J7
W19 AMMCS 55 % (AMMCS + [ 4T 45 %140 .

sk 4 PR, s AMMCS 75 K 2 80 i 1] 5

iy IGD Fi HV 48 bR 4R F C(AMMCS + [ 22 1T 45 %1

Wi S 3 5 A e 2% 3

o) B AT IS B S 2k it — 2 B R
T B IE N ZAT 55 K 53 75 ik He 8 RE 2 AT 55 40 40 J5 kA

R L 33k 28R LY 52 5

Bk 1 A 3 NAT 55 K 53 05 ik A R
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* 4 [R¥R AMMCS f1 (AMMCS+ E E £ & %19 HiE i IGD #1 HV #5445 {E
Metric 1GD HV
Problem m Ji ik AMMCS AMMCSH- [ 72 1T 45 %1 43 J ik AMMCS AMMCS+ [ % £ 45 %1 4
ZDT1 2 0.0136(0. 0077) 0.0340(0. 0204) 0.7088(0. 0057) 0.6967(0.0117)
ZDT2 2 0.0112(0.0018) 0.0111¢0.0018) 0. 4364(0. 0022) 0.4352(0. 0038)
ZDT3 2 0.0994(0. 0968) 0.1639(0.0919) 0. 5467(0.0932) 0. 6459(0. 0897)
ZDT4 2 25.7984(9.7550) 26.2871(7.5732) 0¢0) 0(0)
ZDT6 2 0. 0859(0. 0565) 0.1033(0. 0439) 0.2948(0. 0573) 0.2839(0.0303)
DTLZ1 3 29.9376(22.2089) 23. 4454(9. 3589) 0C0) 0C0)
DTLZ2 3 0. 1285(0. 0202) 0.1371(0.0120) 0.4519(0. 0213) 0.4216(0.0213)
DTLZ3 3 78.6525(39. 9586) 63.7645(0. 2166) 0C0) 0C0)
DTLZ4 3 0.3390(0. 2248) 0.6707(0. 2166) 0.3327(0. 1041) 0.1769(0. 0815)
DTLZ5 3 0. 0267(0. 0045) 0.0311(0.0081) 0.17510. 0062) 0. 1756 (0. 0075)
DTLZ6 3 0.8905(0. 1200) 0.9207(0. 2165) 0C0) 0C0)
DTLZ7 3 0. 3524(0. 0636) 0.70760. 1900) 0.1953(0. 0364) 0.2050(0.0134)
1.5 1.5
=& Paper proposed == Paper proposed
—— GCS-MOE proposed —— GCS-MOE proposed
1.0 1.0
0.2
a a
T 0.1 )
[RS——— 3
P
0.5 0 0.5
0 0
80 100 120 140 160 180 200 80 100 120 140 160 180 200
Evaluations Evaluations
(a)ZDT1 (b)ZDT3
0.35 0.9
== Paper proposed =& Paper proposed
0.30 —— GCS-MOE proposed 0.8 —— GCS-MOE proposed
0.16 0.7
0.25 [
a o o)
2 s 206
0.20
180 190 200 0.5
0-15 3 0.4
0.10 0.3
80 100 120 140 160 180 200 80 100 120 140 160 180 200
Evaluations Evaluations
(c)DTLZ2 (d)DTLZ4
0.25 7
=& Paper proposed =& Paper proposed
020 ~— GCS-MOE proposed 6 ~—GCS-MOE proposed
5
0.15 0.05 1
8 a
2 [ T 2
= 0.03%—.‘)6___# =g
0.10 0.02
180 190 200 2
0.05
v 1
0
%O 100 120 140 160 180 200 80 100 120 140 160 180 200
Evaluations Evaluations
(e) DTLZ5 () DTLZ7
Bl 5 ks AMMCS FI(AMMCSH [& & 1 55 2 43) B3k G847 10 g 1GD {8 Wi sith £ 1&
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BEWTHESE . BT B IS RO 10 24T 55 bR B A 5t 2 H AR AL ik

1945

5.6 SMBMEERNBERE

AMMCS SR T Z Bl BE Pp4F 38 R 7 35 ok [n] i
AL Z AT 55 R E A Rr VAR 1 8 32 A . 763X 4>/
e IR AT R B i AMMCS Fil ( AMMCS + S fif
FHE RO E5 R a3k 5 R,

IEWEE 5 Fr JE R 1 — B, IR G AMMCS 5
AE KRR 4y MK ) 8 ) IGD A & HV 48 f5
{EL AR L I CAMMCS + 38 Fh B 48 RO 19 8 35
.o XA LR B R T S EHEN A
R

x5 R AMMCS 1 (AMMCS+ 27 B 1% Z) & 7% 19 IGD 1 HV 354R1E
Metric 1GD HV

Problem m ks AMMCS AMMCS+ B i 18 2% JE G AMMCS AMMCS -+ B A i 18 %
ZDT1 2 0.0136(0. 0077) 0.0938(0. 0407) 0.7088(0.0057) 0.6564(0.0207)
ZDT2 2 0.0112(0.0018) 0.1489(0.0922) 0.4364(0.0022) 0.2977(0.0744)
ZDT3 2 0. 0994(0. 0968) 0.2215(0. 1682) 0.5467(0.0932) 0.6217(0.1371)
ZDT4 2 25.7984(9. 7550) 23.0679(8. 0165) 0(0) 000)
ZDT6 2 0. 0859(0. 0565) 0.3365(0. 1833) 0.2948(0. 0573) 0.1472(0.0843)
DTLZ1 3 29.9376(22. 2089) 25.6019(8.7114) 0(0) 0C0)
DTLZ2 3 0. 1285(0. 0202) 0.1323(0.0155) 0.4519(0. 0213) 0.4191(0.0270)
DTLZ3 3 78.6525(39. 9586) 61.7915(22.3280) 0C0) 000)
DTLZ4 3 0.3390(0. 2248) 0.4107¢0.0871) 0.3327(0. 1041) 0.2469(0.0611)
DTLZ5 3 0.0267(0. 0045) 0. 0328(0. 0084) 0.1751(0. 0062) 0.1692(0.0079)
DTLZ6 3 0. 8905(0. 1200) 1.1236(0. 2769) 0C0) 000)
DTLZ7 3 0.3524(0. 0636) 0.8075(0. 2447) 0. 1953(0. 0364) 0.1731€0.0172)

5.7 HEXESHESHHOFBENK
AMMCS & H ML Q XAS 5. AT+
A R PR AT T R A - B4 M R R Q
(1,3 1 S) XS ILERE A SE I, 25 R 3% 6 JifR.
MHCAESFE Q=1 i, 2454wl i &4
LA A A% R B R 0T A R S I e ] 2

B/
2

R AR o LG B R R R T I R A AR A 22 A A SR AT:
55 T B IS B BT SIS B AN e . LA R R TR
P B GCRAE  BEAR T IS E I R A RE. BB Q
EIE I (Q=23) . BRI Zh 1) B A% L 2 b Tt {H AR A
REA I A A 70 A S AT 55 Hh A B 3 AR O£ Bk 72
T ALY 1) TEIORS BE 5 T 3d ik 22 M b VR R R S B

x 6 AMMCS EARRESHESH Q TH IGD 7 HV 545 1E

Metric 1GD HV
Problem Q=1 Q=3 Q=5 Q=1 Q=3 Q=5
7DT1 0.0147 0.0136 0. 0359 0.7088 0.7088 0.6939
(0.0074) 0.0077) (0.0335) (0. 0050) (0. 0057) (0.0204)
JDT2 0.0169 0.0112 0.0123 0.4290 0. 4364 0.4331
(0.0164) (0.0018) (0.0069) (0.0201) (0. 0022) (0.0121D)
7DT3 0. 0531 0. 0994 0.1687 0.5970 0. 5467 0. 5567
' (0.0317) (0.0968) (0. 1404) (0. 0683) (0.0932) (0.1265)
7DT4 41. 0998 25.7984 24.6718 0 0 0
(7.3467) (9.7550) (8.2773) 0) 0) 0)
7DT6 0. 0754 0. 0859 0.0903 0.3083 0.2948 0.2784
(0.0551) (0. 0565) (0.0374) (0. 0535) (0. 0573) (0.0457)
DTLZI 59.1262 34. 1900 29.9376 0 0 0
’ (6.7684) (12.9851) (22.2089) ()] () (D)
DTLZ2 0.2673 0.1375 0. 1285 0.1997 0.4359 0.4519
B (0.0282) (0.0132) (0. 0202) (0.0395) (0.0215) (0.0213)
DTLZ3 142. 2761 83. 3694 78. 6525 0 0 0
(12.6293) (69. 3625) (39.9586) 0) 0) 0)
DTLZ4 0.6354 0. 3356 0. 3390 0. 0497 0.2924 0. 3327
’ (0. 1370) (0.0938) (0. 2248) (0. 0580) (0. 0845) (0.1041)
DTLZ5 0.1641 0. 0246 0.0267 0.0705 0. 1800 0.1751
B (0.0378) (0.0032) (0.0045) (0.0275) (0. 0050) (0.0062)
1. 0736 0. 8877 0. 8905 0 0 0
DTLZ6 (0.4973) (0. 1881) (0.1200) 0) 0) 0)
DTLZ7 0.2671 0.3701 0.3524 0.2191 0.2202 0.1953
B (0.0598) (0. 1859) (0.0636) (0.0160) (0. 0226) (0.0364)
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R Ao T iR 1 DA L 4 v DI AR Bk PR AR i
TR ROBA IR B Q m4ks: ETH(Q=5) . il T
I GRRE AR I B0 15 2R DL A 3 L 3K 23 5 i A
T4 FIUINRG BE LL B AR A Rk 1 e R RE. B AR A
SCH S AR AT 55 0 Q AE AR B P AR I 3 ) 80 5
3 AE iR D = H AR I ) L B 5.
5.8 R0 AN X% B0 0

5CH D R R R ok 20 i R 9 4
i B AOR LRI TE — A WU H b 3 L A &
F8 DX ISR — A F0 AN A 1 DR Ol O 22 2 D Y

A 128 (] 4T RAE 1 o 0. AR 4l VA B 2 1 T R U
W) s — A 355 R o DO AR X 7 T A D0 3 ] T #68 B A e
AT H AMMCS i Fil UCB %5 o 1) A1 — 7ol ey
UCB #il EI 4145 iU HE N Ge iy UCB+ED ) PERE
e 7 PR, A KER A A R A . AMMCS #E UCB
R0 DU 1 SR R R B B A T B S B T UCB+
ET 250 F e ) 1 0 53 1k M . 76 B A PE ()
ZDT3 f1 DTLZ7 -, AMMCS #£ UCB %% Ff i 0 |-
O MERE I B 2% T UCBHET F Ay & 2 fg.

R7T AMMCS EEEARRFAENTHIERE

Metric 1GD HV

Problem m UCB UCB+EI UCB UCB+EI
ZDT1 2 0.0136(0. 0077) 0.01170. 0018) 0. 7088(0. 0057) 0.7105(0. 0023)
ZDT2 2 0.0112(0.0018) 0.0154(0.0029) 0. 4364(0. 0022) 0.4303(0.0038)
ZDT3 2 0.0994(0.0968) 0. 0483(0. 0082) 0. 5467(0.0932) 0.5646(0. 0082)
ZDT4 2 25.7984(9.7550) 20.8063(9.5802) 0C0) 000
ZDT6 2 0. 0859(0. 0565) 0.2068(0.1722) 0.2948(0. 0573) 0. 2139(0. 0543)
DTLZ1 3 29.9376(22.2089) 48.9643(20. 8589) 000) 000)
DTLZ2 3 0. 1285(0. 0202) 0.1494(0.0190) 0.4519(0. 0213) 0.4317(0.0107)
DTLZ3 3 78. 6525(39. 9586) 119. 4373(50. 5480) 000 0C0)
DTLZ4 3 0.3390(0. 2248) 0. 4473(0.1868) 0.3327(0. 1041) 0. 2468(0.0755)
DTLZ5 3 0. 0267(0. 0045) 0.0405(0. 0065) 0. 1751(0. 0062) 0.1631(0. 0073)
DTLZ6 3 0.8905(0. 1200) 1. 0218(0. 2902) 0C0) 000
DTLZ7 3 0. 3524(0. 0636) 0.2322(0. 0764) 0.1953(0. 0364) 0.2342(0.0106)
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D M B AL 52 e TS R 0 30 A 2R A R B Y T
RiBE AR ZE AL UCB 2O ) 217 48 S R 23
JAR 22 5 2 1) A0k 328 g8 5 D% TR ) Oy A A% T AL AR
1A — A e UCB #1 ET R4 19 2807 i U AT LA —
S R JEE I DO A0 2 ) A% A A R R ) D e A 3
A RER.

6 REERERE
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objective optimization algorithm framework, it is a very
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model to solve expensive multi-objective optimization
problems. These surrogate models include Gaussian proces-
ses, neural networks and random forests. The Gaussian
process model is widely used to solve expensive optimization
problems because it is relatively simple to construct the mod-
el and can provide the uncertainty estimation of the model for
each prediction point.

This paper proposes an Adaptive Multi-task with Multi-
population-based Cooperative Search algorithm ( AMMCS)
for solving expensive multi-objective optimization problems.
Compared with other existing algorithms, the algorithm has
been improved in two aspects; first, AMMCS measures the
correlation among sub-problems by using a similarity indicator

on the evaluated solution set, and then dynamically clusters
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the sub-problems into multiple relater tasks. Based on the
dynamically divided tasks, we establish a multi-task Gaussian
process model. This improvement makes AMMCS have better
model prediction quality and algorithm performance. Second,
this paper proposes a Multipopulation-based collaborative
search method to optimize these tasks at the same time and
achieve batched sampling. As a result, the overall computa-
tional clock time is reduced. The examination results reveal
that the algorithm has better diversity and convergence than
the other six algorithms on most test problems in ZDT and
DTLZ.
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