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Expensive Many-Objective Problems
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(School of Computer Science and Technology, Taiyuan University of Science and Technology , Taiyuan, Shanxi 030024, China)

Abstract: Realistic optimization problems often need to evaluate and optimize multiple conflicting targets at the
same time. Because the evaluation process depends on a large number of complex simulation experiments, the calculation
cost is expensive. The evolutionary algorithms assisted by the surrogate models can provide effective optimal solution sets
for such problems with limited computational resources. However, as the dimensions of decision space and target space be-
come higher, many negative factors will be derived to limit the prediction accuracy of the surrogate model. Therefore, a sur-
rogate-assisted evolution algorithm based on the constrained dropout neural network (CDNNEA) is proposed. The con-
strained dropout neural network is used as a scalable scheme to enhance the applicability of surrogate models in high-dimen-
sional space. In the model management part, the convergence and diversity evaluation indicators of the population individu-
als are constructed, in order to adaptively select the representative individuals to guide the surrogate model to update. Ex-
periments on DTLZ benchmark problems show that CDNNEA performs the best or approximates the best compared with
other advanced algorithms. Meanwhile, CDNNEA is applied to the high-dimensional parameter adaptive optimization of
practical problems. The experimental results show the proposed representative solutions have better recognition accuracy
and controllable model computation in practical application, which verifies the effectiveness of CDNNEA in high-dimen-
sional expensive optimization problems.
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Y SRAFRBO R 11d—1 38 B T 225 30k 6 ).
2.2 REHRBGE

PERE DL A A QAR R 2 il 1 5k 72 S AT RE D Y R
BTG UCECT PR i S 2005 2 i SC BT 4R . X
i SC e A G AR B R 7 iy 4 2 (] P AR R TR R
P UG RE ) 22 2 A RE IR AR B, A SO R IF
T — R AT AR Sy B % B
ZJH A Dropout 22 2% .

Ei%1 CDNNEA B{FHEZE

N MaxFEGR RIFMUCED), FEGHN AL, PRIEER/N), dWesk s
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B s (X, Y)(ELSE ) R R SRR AR )
1:X=LatinHypercubeSample(11d — 1), Y=AX); //4= %A 15 7
2:FE=11d—1;

3:WHILE FE<MaxFE DO

4: C-dropout=TrainingData(X, Y); IR AT 4 £
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ik
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FEPERGT | 0 WS SR AT 5T, s I FH =X (16)
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{E/,5 o K/NKESSHRAN A JFRME £ E R RN 0,
6 5 R ik U 2 e LA DR E VI 2R 4R A A 2 ] v
W) op A . it FIE A WAL, IR P AOREA 2
TR T FL S Pareto I , 174 T CHASE R X L5
[l AL S PERE .
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i=1 i=1

6 =min =120 (17)

3 XWERESMH
3.1 ke g

SIS FH DTLZ 005 [l B0 oAy 5 vt ) . %
TR T ) AT, 5 K 9 PR 3 AR 12 A 100, AR SCSE
5 ¥ 7F Intel Core 15-9400F CPU, Microsoft Windows 10
PRVE RGN i MATLAB R2020b #4435 3152
PR, A FE B Y 25 R AE PlatEMO - 51" F s 47
55,
3.2 BHIEE

(1) ST I AT URER < R T A~ W [ 0, g P A5
MMA7IE T 20K .

(2) F5e KBS VEAR VB« B 4R LSRR 11d-1
AR AN, 5550 F FH 120 YR SR ik R e B 5
BRI PERE , IR I K S R BOR B R 11d+119.

(3) BEAR P B B 2T 58 AY 80« MR R Mini Batch
K-Means BASFHEEL & R 5.

(4) C-dropout MRS HL WET‘?Z&%%@T%@@M
5p, 5008 0.2 5 0.5, 2 2] F R/ 0.01, HER K/
BB 5 PR AR B — B BRI Gk AR kg, BN
1x10*, M A EL T, 3 100.

(5)PeEA B IEZH: AR /IR 50, X AR AR
R R PPAl B B 201K .

(6) S HF R 2 A I 2, %A T
R d, Sy AR ECR 20.

(7) 3 LB R AR, — gk 22 7 =X, B8 X
RN 1.0, /3 A F5 H0H 20.

3.3 EMIEER

S FH R 1) AR R 28 PEA 5 AR (Inverted Genera-
tional Distance, IGD) []3]1'/}57@15?%\{1’5‘1‘/? AR E AL
= (18) fri .

> dist(v. Q)

IGD(P, Q)= ”E”T (18)

X, PO IAE) 5 A A BLSE Pareto BT LAY H b ) 4
AL QNEFETAA RN Hbrm R E S . dist(v, Q)%
78 P — A B B ] i veP 3] Q P I 1) i AY R
iR

I A, A SR B A5 B 7K -4 0.05 B Wilcoxon
FIKL 56K X CDNNEA 5 H g Xf LBk i e 2= S ik
TG 5547 =" A K="/ 5 F /R CDNNEA
BAEREAIR TR B R 22 DL R T 2
3.4 CDNNEA 5%&#EEMNITLEXINER

A5 BE CDNNEA P BE I T ) L 14 8 v A0 47 19 o
A0 A T 4 B A E AL B3 (ARMOEA ™ | PeEA ) L)
PO A A A C A B E£L 5575 (EDN-ARMOEA,,
ParEGO,K-RVEA, MOEA/D-EGO). H:rp {{ B 4l B #E 1k
BRI AT B b O BIRAE 11d-1 R/l
S5, ARMOEA 5 PeEA # 3k 14 & S50 B4 B k(b 3
T AH R ) B R LS PPEAS UCB R 11d+119. PERE LA £
Bt Xt e O s T 8 6 B S ) e DTLZ a4
TFRE T 1 5E H ARSI m=3 3 MU s SR A8 B4 d (20,
40,60, 100) ) S50 . ARk B 2 U 19 1GD - 3{E
RN 1 s . AT LA R B, T ot 28 25 I [a)
CDNNEA 7£ 14 41 I A8 Fb A X B SR i pe g
B AE T A EERER I LR AL, AR B 3 & i
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%1 CDNNEA 5xFd b 8XTE m=3 DTLZ M a7 _E3RBMFHICDE
Problem | d ARMOEA PeEA EDN ParEGO K-RVEA MOEA/D CDNNEA
-ARMOEA -EGO
3.039 6e+2 3.244 6e+2 3.214 6e+2 3.277 Se+2 3.396 Oe+2 2.991 5e+2 3.008 9e+2
20 (3.28e+1)= (4.30e+1)= (3.37e+1)= (5.19e+1)= (1.82e+1)= (5.46e+1)= (3.40e+1)
1.169 Oe+3 8.998 8e+2 8.599 3e+2 9.922 3e+2 9.874 le+2 8.927 3e+2 8.766 le+2
DTLZL 40 (2.12e+1)+ (4.62e+1)= (5.83e+1)= (5.82e+1)+ (3.17e+1)+ (5.26e+1)= (5.83e+1)
60 1.9312e+3 1.9024e+3 1.4752e+3 1.5091e+3 1.4394e+3 1.4941e+3 1.3995e+3
(1.18e+1)+ (1.61e+1)+ (2.59e+1)+ (1.55e+1)+ (4.81e+1)= (1.16e+2)+ (4.81e+1)
100 3.3671e+3 3.6548e+3 2.2793e+3 2.4894e+3 2.7303e+3 2.7144e+3 2.4891e+3
(7.51e+2)+ (6.66e+2)+ (4.94e+1)— (7.31e+1)= (8.11e+1)+ (8.59e+1)+ (7.24e+1)
0 8.933 6e—1 8.541 8e—1 6.974 0e—1 7.119 3e—1 5.207 le—1 6.677 5e—1 7.0417e—1
(8.95e—2)+ (9.31e—2)+ (6.47e—2)= (6.68e—2)= (8.94e—2)— 9.41e—2)— (6.32e—2)
10 2.533 6e+0 2.979 3e+0 1.972 8e+0 2.577 6e+0 2.073 1e+0 2.109 3e+0 1.861 5¢+0
DLz (3.51e—1)+ (3.69e—1)+ (1.26e—1)= (2.20e—1)+ (1.37e—1)+ (1.49e—1)+ (1.18e—1)
3.618 4e+0 3.593 8e+0 3.296 7e+0 3.519 4e+0 3.405 7e+0 3.422 2e+0 3.173 9¢+0
60 (2.51e—1)+ (2.97e—1)+ (1.33e—1)= (2.14e—1)+ (L4le—1)+ (1.07e—1)+ (1.32e—1)
100 6.640 8e+0 6.726 3e+0 5.744 6e+0 5.761 3e+0 5.700 8e+0 6.127 3e+0 5.746 8e+0
(4.09e—1)+ (4.50e—1)+ (1.29e—1)= (2.29e—1)= (1.16e—1)= (2.09e—1)+ (1.47e—1)
0 1.554 8e+3 1.436 4e+3 1.094 6e+3 1.141 Oe+3 1.163 3e+3 6.034 0e+2 8.656 le+2
(2.94e+2)+ (1.51e+2)+ (1.47e+2)+ (2.35e+2)+ (2.14e+2)+ (8.49e+2)— (1.36e+2)
20 2.938 6e+3 2.974 9e+3 2.788 4e+3 2.852 7e+3 2.992 0e+3 2.851 4e+3 2.578 8e+3
DT1Z3 (2.16e+2)+ (2.14e+2)+ (1.66e+2)+ (1.27e+2)+ (1.19e+2)+ (1.27e+2)+ (6.70e+1)
4.836 6e+3 4.738 6e+3 4.548 0e+3 4.638 le+3 4.434 2e+3 4.546 6e+3 4.305 5e+3
60 (2.73e+2)+ (3.95e+2)+ (2.04e+2)+ (2.77e+2)= (3.30e+2)= (1.01e+2)+ (1.14e+2)
100 8.832 8e+3 9.152 7e+3 8.615 3e+3 8.113 6e+3 8.043 7e+3 8.263 Oe+3 7.891 4e+3
(2.01e+2)+ (2.67e+2)+ (3.97e+2)+ (2.94e+2)+ (2.09e+2)+ (1.41e+1)+ (1.81e+2)
1.145 7e+0 1.244 2e+0 8477 4e—1 1.130 8e+0 9.936 4e—1 1.173 4e+0 1.101 5e+0
20 (7.26e—1)= (7.96e—1)= (1.83e—1)— (6.09¢e—1)= (7.80e—1)= (6.86e—1)= (8.72e—1)
2.855 4e+0 2913 7e+0 2.195 8e+0 2.660 8e+0 2.638 1e+0 2.620 7e+0 2.222 le+0
D174 40 (2.37e—1)+ (2.09e—1)+ (1.74e—1)= (1.96e—1)+ (1.06e—1)+ (2.42e—1)+ (1.84e—1)
60 3.685 1e+0 3.922 7e+0 3.608 2e+0 3.402 0e+0 3.851 0e+0 3.744 7e+0 3.360 9¢+0
(2.42e—1)+ (2.13e—1)+ (1.30e—1)+ (1.87e—1)= (1.22e—1)+ (1.26e—1)+ (1.99¢—1)
100 6.608 2e+0 6.116 3e+0 6.047 1e+0 6.098 2e+0 6.068 8e+0 6.103 6e+0 6.065 3e+0
(4.96e—1)+ (1.77e—1)= (1.37e—1)= (5.16e—1)= (2.07e—1)= (1.77e—1)= (1.84e—1)
0 5.174 9e—1 5.132 5e—1 4.464 5e—1 4.082 7e—1 4.778 5e—1 5.260 2e—1 3.207 6e—1
(6.16e—2)+ (6.46e —2)+ (7.86e—2)+ (8.09e—2)+ (7.91e—2)+ (6.47e—2)+ (5.22¢—2)
10 2.222 6e+0 2.081 Se+0 2.062 3e+0 2.174 0e+0 1.873 1e+0 2.038 8e+0 1.793 6e+0
DTLZS (7.83e—1)+ (7.60e—1)+ (1.77e—1)+ (1.16e—1)+ (l.44e—1)= (9.14e—1)+ (9.44e—1)
3.208 0e+0 3.526 3e+0 3.221 7e+0 3.332 6e+0 3.353 3e+0 3.237 7e+0 3.023 3e+0
60 (2.11e—1)+ (2.09e—1)+ (1.60e—1)+ (1.93e—1)+ (1.77e—1)+ (l.6le—1)+ (1.74e—1)
7.017 2e+0 7.130 8e+0 5.608 6e+0 5.638 0e+0 5.741 7e+0 5.577 9¢+0 5.606 5e+0
100 (3.94e—1)= (6.56e—1)= (1.70e—1)= (2.66e—1)= (1.63e—1)= (1.92e—1)= (1.16e—1)
0 1.960 8e+1 1.975 Te+1 1.330 9e+1 7.011 5e+0 1.199 4e+1 6.974 4e+0 1.391 2e+1
(6.13e—1)+ (4.07e—1)+ (7.07e—1)= (4.52e—1)— (2.70e—1)= (3.47e—1)— (7.06e—1)
p1iz6 | 40 3.803 le+l 3.747 Oe+1 3.153 6e+1 3.372 9e+1 2.906 6e+1 3.298 8e+1 3.145 le+l
(7.61e—1)+ (7.11le—1)+ (4.30e—1)= (4.77e—1)+ (4.90e—1)— (7.16e—1)+ (4.17e—1)
60 5.260 8e+1 5.211 3e+1 4.952 9e+1 5.112 6e+1 5.098 Se+1 5.084 9e+1 4.789 9e+1
(6.16e—1)+ (7.29e—1)+ (7.15e—1)+ (5.16e—1)+ (4.42e—1)+ (5.36e—1)+ (6.55¢—1)
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Problem | d ARMOEA PeEA FDN ParEGO K-RVEA MOEAD CDNNEA
-ARMOEA -EGO
100 8.927 le+l 8.782 Oe+1 8.477 2e+1 8.819 2e+1 8.764 9e+1 8.252 Te+l 8.443 Te+1
(7.37e—1)+ (6.93e—1)+ (6.28e—1)= (6.77e—1)+ (2.68e—1)+ 4.10e—1)— (6.24e—1)
20 2.323 6e+0 2.680 le+0 2.958 8e+0 6.900 le+0 3.8457e—1 6.113 0e+0 2.659 6e+0
(7.51e—1)= (5.53e—1)= (7.94e—1)= (7.42e—1)+ (1.16e—1)+ (8.96e— 1)+ (3.71e—1)
10 8.711 8e+0 8.605 5e+0 4.556 2¢+0 8.132 7e+0 8.260 8e+0 9.162 3e+0 5.606 4e+0
- (7.37e—1)+ (8.96e—1)+ (9.50e—1)— (8.16e—1)+ (9.52e—1)+ (8.17e—1)+ (8.94e—1)
60 9.736 9e+0 9.460 8e+0 7.522 6e+0 9.441 5e+0 8.407 3e+0 8.398 4e+0 8.257 Te+0
(3.66e— 1)+ (5.70e— 1)+ (5.83e—1)— (5.42e—1)+ (5.77e—1)= (8.10e—1)= (6.55e—1)
100 6.802 4e+0 6.721 Oe+0 6.029 8e+0 6.281 4e+0 5.801 9e+0 6.013 6e+0 5.756 5e+0
(5.84e—1)+ (5.28e— 1)+ (6.35e—1)+ (4.27e—1)+ (4.68e—1)= (3.16e— 1)+ (4.37e—1)
+/—/= 24/0/4 22/0/6 11/4/13 18/1/9 15/2/11 18/4/6

3.5 EEEXEREE ERRTITHE

% B3 CDNNEA [ X 72 24 B 5% 28 [ Jpsf 22 90 11 1
PEBERE , LA S5 Pareto fif 1 A J60 4 1 28 0 45 25 4y 2
HOO Ak ) 50 EL £ 1) 4558 36 Tc P , 5 CDNNEA i FH X
MNIST F- 5 B 5 55 PR IR 1 785 4k 2550 1 3
A P AT LA 36 G SR g DR S B [ R g )

T SER T MNIST 5 £ = B 2L il 4% 6. 1 Le 4513l
SIUF N ZRAR 5 IR D F TR A 2 B 7 1 = 2 45 Bl
2R ARY | 22 J W CDNNEA 5532 1) P 55 748 - i i
B o 25 A5 A RO AR A S 450 X MINIST 24 42 4751
BRI 5 17 A S50, B - =246 B A 50 (Channel
1. Channel_2 ., Channel 3) , = J2 % U R~ (C_s_1.
Cs 2.Cs 3) , BRUZEH = A 4IE RE(Act_1, Act_2,
Act_3), = )24k I R (pool_1 .pool _2 . pool_3) , B2 4
HER)Z R f2) BB R R (Op) 27 2]
(L_rate) , LUK/ (batch ). Hor, BRI ek % b 7
2R 2] M T R B R E S TR B
B [P L, 5 S FLER — A / NECHE A T IBORE BR A 45

BN PR BB LR | RHERI | 23EH4Softmax/Z|
| | | | | |

€2 MNIST R IR R 454 (5]

#EAF] CDNNEA Bk P Ak i s, 7E B UL A, % 1 2%
ST, DL A5 X 45 AR (0 ISR ) 5
D1 22 B =A~ B AR e/ IMEL. S e, 00 A ] B s
032 4 YR ) st R T A R ) S ) LA TR (g 4
FOIF 1532 17 B (Floating Point Operations Per second,
FLOPs ) feffi &, Mk i 22 AR (19) 115, A

1 batch

_ 1)~ p(0) |
W batch & (i)

L (19) e (DR E AR, p () 2y T A5 45
batch At K/ . 528658 E CDNNEA 8L R 50N
20, it RPPAG UOB A 216, MNIST $i 3 45 TR 591488 75 1% AL
R 20, B 3 FIE S IR — UGE R FE IR
R T 48 B (4 A TR Ty 58 O3 A L. DAL rhaT LB (0L
A AEA S M ) e, B s A, 463t
B/, C R AT B FARRMNRIR 2 . LA B,
C =I5 AR T L Mg =y Zea AU A Y o
FE (R 0RG 132 il £ 4 P 4 T, Tl LR BZE MINTST %4
T B2 R B A Ak ad B v A LB L € 5 v I Ak T

(19)
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96% LA I H ISR BERCIR, TG A 254 i ik G4 7t
] s, B 3.4 5 o A 7S b X HE 8 325 10 T 3R ) A AR
e PEREXT FE AN SR 2 R 7E 216 YR K VEAR OB 13
SE T, CDNNEA B3 78 SR E A I 33 sf ] 453 6E 114 [R]
4 AT B A B 1R IR B Y 2 284 . Tk B S
CDNNEA 7EEAR AT TR IR T, Al hy a0 pih 28 1) 4%
ST i 2 B 52 ) R ARl HLRR e MR A Y
il TR Ty 58 AT S B i FHEE SR HL AT LA IR HI A T i
[ 55 B ASTH #E

F2 HAMEEEMAFIRREER FRERERT L

PN FEAR ARMOEA PeEA EDN-ARMOEA ParEGO K-RVEA MOEA/DEGO CDNNEA
A ] /b 17.14 14.26 5.82 7.15 7.24 8.24 5.13
e E AR % 97.90 96.85 97.20 97.75 98.70 97.25 98.40

4 zﬂﬁ -L/I,_\' ary algorithm based on decomposition[J]. IEEE Transac-

ARSCHEH T —Fh 5L T 29 Y Dropout i 25 W 2% (1)
AR 4 B AL 39 (CDNNEA) F i e B3 57 2 H AR )
8. CDNNEA 5 562k H C-dropout VE A AR HARAY | LRFAR
R AL PR L Sz A R B R AR T 2.
W, UV RAF w42 H bR R E0OR g MERE Y PeEA 514
HEAT AR AR Y (1) i ik R 45 R, 7E Pareto HITHIEAR (3%
SV SE R ORI 00 T 2 44t mT R A iR 10 e
fife . S, Bt 5 ARSI RS DU C B B R A5 LS I K i
FIBEAA S AU SIOME DA S 22 B PE R B 3 1 2 P T
IS Y S R A LU - RONEE g NS NGI R S
AT AR . e S AR 2 B br e 5k T
22 20 B R n) B Y 526 % L R W, CDNNEA H#%
B 1 1Y) 8 A 23 1A SR PR BE . 75 T G 45 R 2% 280
FHOLHY By 5 B S (] U, CDNNEA RE4& 1Lt w] FH 4
BRI Z A g %8, B SEBRIV I RE ) .

Bk, XF C-dropout 18 BB AY (14 1 25 78 32 AR B
R CE [ E R R, AR R 28R 4k R R
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