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E AR AL 7] 8, Dong 45 4R T — R TR K
23 [ 48 2R 0 B ASE 280 B %) 4 Jmy D0 AL B0 VR
FH v B AR F0I 22 A JRy A e A0 A, O A Uk i
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HAERAF Z A e U ESR AT A A0 o i A, R
Vol g R AR A S A W 5k LA R P A A R s S
5 ZREVER S AT 2 s R R B B 2 AR RE IS
R Il A9 B AR B A

FEAT RGBT, 5 %OE 2 EMMOPs B 2
A Al 2 Y BT SAEAs I I A BFF g8 0 400, B ik
RIAELLE 3 A J7 10 . O 40 faf #6 9% 8 /0 1 1 53 %5 8
S R EE 57 2 A I e 5 @ i e 6 AR 2E AL o AR
ey S A 2 AR D) S B 22 A SR O e 1 A
RO R 5 U] A7 280 Ay 18 A 7L T5000 kS B Az Ak
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REPE TS A A o o 3R I e 00 A 10 SR e Joi
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fifp 4 A RSS2 il By 22 i A 22 23 AR B 125 (surrogate-
assisted multi-population differential evolution algo-
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TERMRIERIZS . BEJS LA RS hul il TR AN
SRS ) A RR TG HE B, S 4 S 23 T 2 A0k 14
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(2) S~ ol R 0 WS SO RN 22 0 1 7 R 1
W, AT R R 22 43 94k (differential evolution ,
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AL B ( evolutionary algorithms, EAs) 2 W
PR e & A BAT IR Bh3 | A H B (R B AR RHIE
A 2R A fE EAs b, DE HAT 38 KA 4
RS R AR Ty, W SO FE R, A, AR SR T DE AE R
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RBF ) 154 21 T R 5 )38 B 88, O 0 (T B A AR
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CMA-ES 3 itb [ 385 7 18 % By T 22 46 B o Ak 1 4
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Kok RoR R0 b 5 ¢ RoR 7 2296
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AT, X SAMDE 53k i AR WA 347 T
AR IR, E5E, A T B R R ARRE SR AR 5 X
DX 358 e Al AE 400 43 SR WS RN ) A L 7 R AR SR S A
TVEAH A
2.1 SAMDE & k#EZE

BiE1 SAMDE BiEHELE

BN AR P RRVENIREL FEs,,

Ll I A N
O # s R PR HAEA DB
@ FEs=|P|;

@ 5T DB H A H @ QA Y

@ B FpRE P X5 R 2 FIRE (DL 2)

& while FEs<FEs__ do

©  HAFFEE R DE B TR

@ R AR B R S5 AL AR

if FEs=0.6 FEs,_ then

©@ I CMA-ES X 43 A 1 F e i) o 004 1 i
1) R %, Of B e A A

1  end if

@ T AR BEAT B SEN A DB T
BACEALRL (WAL 3)

@ end while

B 1 MER T SAMDE RYAE SR, w g Ml
TS J7 R A ( Latin hypercube sampling, LHS) %1
IRALFIRE P, OEXE P R AR BEAT L SEPE . A B
AR IEN A B ARG B AR DB T, R DB 1
> RBF A5 84 F] 3 3000 A M B, FE Ltk 2
BT, 5 R 2k TR O 22 B0AY X I3 it SR i o Fh i P
X532 224> 1 FhRE, PR UE R AE 62 9 F A R A9 X
kAl TR R, A T AR DE
7 AR RBF 9E 478 I B WAL . ik Ah, IR
UEAE ARG B2 Az AL BE ), R 6 THE B 9 A 3 N
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BACHRRL R fE L B, R H CMA-ES X & 4
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] e 2 W BRI A [R] B fie G A (HR A Al i B o
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RULEAZ B A0 A VR B T A 5 88, T 42 i 1 B
LA B A
2.2 E-THXARYHXE SRR

TR EMMOPs , iR 24 [a] i U S5 A [m)
MBI . LK 9 4R AR S B R R 2 i 2 A T
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P T 250 2 g ] o Ao A A BE ORIE BT R 23 1) 1 R IS
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IR ZR B DX I o3 fife SR e 5 A A A R ke R S
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P& 1 1A
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@ PS=;

® while [S]=5 do

R, B S PHRMEBIEE d;

@ B S AR BREE B AT T T HES
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for m=2 tO‘S‘ do
PB=PBU[d, f(5)];
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@ end while
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Q9 5 PS TRARE] P AR Y BE S
Q0 FF A AR 4 e B BE B SR W ET | P |/ | PS A
AE R FRIRE p s
@D M PRSI BR 28 43 Bt 1 A
@ if P'# & then
@ A P RARR BRI R
@) MR /NI B A B S B R A
TR ps
@ end if

JE T A OC FR B0 X B A i R e U AR AN 1R 1
o BEOE,HRIRFNEE P e BEAE N B AE T F HES
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JEAE R /NANE x,, FEAFNFLE PS T, THE 2,
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oox,., XTI B EE B 0, % BEEE B HE T Y 0T R
el A A A X L 04 RS RIS N BE R IR AE i B PB
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HIX/ANT BRG] n, B ix N ERFEE] PS
WS HRIBRHET n AN, EE FIREEAE, 8 S h
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TEF B TR, B SR PS AR RN EE P
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FHIRGE] P SRR A M TR P E T
$e BT R RS 454> b7 4 20 TG BE # fec S B9 T | P |/
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Z )R] REA A AR e o T R B AT A
2t I PSR A A AR 20 I 3 B e 3 1Y
FT a2 AT REE P
2.3 HEFEREED
oA PRAIEAC RS T RE A2 00 5 1Y 1R) RE Y 22 SR 250
HAUA AR 25 A BE 42 T S PR A 4R T —
ol 25 T I A 9 N B TR SR AR U %7 ik A AR
Pa e E 2 Bk F Il N T8 Y YRS A R Az K BE
T BGERFEMER ANE 3% 3 R,
BHiE3 BUERE,
BN T, L py,
o SUSEVE R FES;
Wil A7 DB,
@D fori=1to |PS| do

?p\ps‘éxﬁ*%i DB‘%ﬁ

X i AT Min, e,).}( xj) H
dist—x,,, 2| DB T A A B S
if min dist>r , then

Frwet— EEEAFMN A «

else
for j=1 to ‘Pi ‘ do
d;={dy =[xyl [y, € DB 5
dm‘JHmin dj;
end for
X g € ATE maxxjepidmi"‘j;
Fo TSP 1
end if
FEs=FEs+1;
DB—DBU [, fiue ) 5

end for
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Figure 1 Flowchart of regional decomposition strategy based on correlation coefficient
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AR B4 A T R RO A 5E B R ()
FNAK xS x,, 3 DB BT ARG
RRICHE RS . 2 43k T r,,, . 025 0k 2 1% BB A 1Y
W B R A , % A BB O M B AR HEAT
BV A, A A 3T AR S, T
FORE 1 254 A (R B DB P BT A A P 9 Ik EC B B
e BB A AR B DB A i /NI B SR e g
AT B R e/ NBE B 1 A R HEAT ST R
FLLTEM MRS CE] DB X i DB,

3 XBRERSHM

3.1 XKWIFE

VA B A A SRR Y — 4> 7 24 A 5 ) i, 3] 5 i
FIE, M ARA LR EMMOPs ¥ 3 52 3% 14 i 2 1
M TR B A FHR A SR 7 T PR RE . PRI
5B R L BEMALE L SAKT-EMM — k¢ 268 7%
A3k H IEEE CEC'2013"" FRily 20 4> 2B 25 5L i )
T PREL ., R AR A 7 22 A A Ak 403 1 B Hl
B LI S 22 A Jmy 5 S AV A 1y T A 2 03K o 500 )
SRR NP FIRCOR BSEPPH IREL FEs,, : F1~F5

4 000, FTHME R B EM R B R A Sk [ 21 ]
1% , AEZEFF 5% N = min(100,0. 5NP) ,
RHEMEL =0.8, 4N F F=0.6,2 LMK Cr =
0.8, Ay, waE" N
r..=min(+/0.001°D,5 x 10™* + min(b, - b,)). (6)
A D FRR MK ) 8 4E b AT b, 3R R A8 AY
TR,
3.2 EMIERR

h T Al SAMDE 9P #8, SR T M R 1k BE 4R
b, BU A L PR ORI I % SR £ 1 BR T
SAMDE 7 % o i 3 45 v 76 KN [6) 5 B K T 89 PR
1 SR %%

(1) PR /R TENG FEJE BN B B ) 2 R
IR AETE SR B T LR

Y
PR = N, (7)

XNy RoR LI BRI VRN j IR T T
A 1237 14 4 SRy B A A 10 A 00 6 2R s R B e
(14 Fe A e A

(2) SR 7R T A S5 50 v L o) S 50 1 L%

[ NP h 200 FEs,  } 500; F6 ~ F15 & NP i 400, N,
FEs. } 2 000; F16 ~ F20 [§ NP %y 800 FEs,__ Sk = N,° (8)
%1 SAMDE ZEAREEEKFETH PR 1SR &R
Table 1 PR and SR results of SAMDE at different accuracy levels
- PR SR
1E-01 1E-02 1E-03 1E-04 1E-05 1E-01 1E-02 1E-03 1E-04 1E-05
F1 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000
F2 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000
F3 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000
F4 1. 000 1. 000 1. 000 1. 000 0.929 1. 000 1. 000 1. 000 1. 000 0.714
Fs5 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000
F6 0. 450 0.419 0.392 0.362 0.325 0 0
F7 0. 467 0.419 0.392 0.362 0.325 0 0
F8 0.016 0. 006 0 0 0 0 0
F9 0.108 0.081 0.061 0. 049 0.038 0 0 0 0 0
F10 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000 1. 000
F11 0. 667 0. 667 0. 667 0. 667 0. 667 0 0 0 0 0
F12 0.399 0.381 0. 363 0.327 0. 280 0 0 0 0 0
F13 0. 667 0. 667 0. 667 0. 667 0. 667 0 0 0 0 0
F14 0. 667 0. 667 0. 667 0. 667 0. 667 0 0 0 0 0
F15 0.399 0.351 0.315 0.238 0.161 0 0 0 0 0
F16 0. 667 0. 667 0. 667 0. 659 0. 627 0 0 0 0 0
F17 0.286 0. 268 0. 250 0.220 0.149 0 0 0 0 0
F18 0.254 0.238 0.222 0.183 0.167 0 0 0 0 0
F19 0.107 0. 095 0. 024 0 0 0 0 0 0 0
F20 0.125 0. 030 0 0 0 0 0 0 0 0
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TUIPH 2 2T o ik ) AR B 22 B 22 00 1k A0 21

PN RN B S O, AT RS P R
S A By 42 R R 0 A, 3K RE Y S 58 B SR — IR L)
F

ARRELERHAT 5 MR EEHR (e=1E-01,1E-
02,1E-03,1E-04,1E-05) , HEFENE, 5 Kk£
BOCHR 2L, A SCE EITIE e = 1E-04 B A 52
LR S
3.3 ftb&E&

J T KHIE SAMDE BYPERE K SAMDE 5 4 ffi £
RS 5 3 BE A7 % e, B NCDE'™ 5 458 5k 91
B R W 14 22 43 #E 46 7 . MOMMOP '™ % 235
) 4% Ak 22 B AR U0 Ak Il 8, >R FH 2 H A 0 4 Ak
A, EMO-MMO " . 3 %% JF 15 hr H 45 438 N ¥
905 5, A 5OW R oL 5 U fH K I, RS-CMEA-
ESIT L 36 et b 7 25 0 B 11 3 1 1F £k 5 i 15
JFPRBEMESMSZ G, HIMEA 3
ot B 5 22 455 5 A 16 B %, B DSCPSO-EMM " 2R H
MUFPRE R 1L 5 2%, R EE A R IR R B ASAE B,
BE B R = AR WS, MAMPSO Dl St £
S A IR BV A R 2 AT 55, IF H 2 Q3 B
i, SAKT-EMM" '™ 1] FH 42 Jey 48 2% i s 36 48 2R 19
TEER RS RS L, FiRE AR
TSI IEAT 21 W, S8 E 5 R SR —
B, Fe & T 3 M K OSF 9 Wilcoxon A6 56 9 47
G
3.4 SHRYESW

SNRTIENE 2 QRO R R A
TARFEZE B TR LS, — RO T, A A
KRFKRT 0.5 W RN A KB, Bt
70.5,0.6,0.7,0.8,0.9 ¥EAT T AKX LM, M
RBRIEA GAER S AT A, S E B R R A 1
PR H B Z . o 20 P S B0 3 S5 0 A 1) BT
SN S 0 R R 2 T O B A A O AR 0 A B
AL R SRR A 3 1 S 8O0 T AR 1k e 20
WH, K2R T SAMDE fEA[FZ% B FH PR
., MWFE2FaTLIFEH, B=0.8,0.9 i, 1E 20 4~
TR BT B B I ROCR B B = 0.8 I, BRI
AR PREZEMR T L=0.9, XKW ,MB=0.8
B RVL RS R B E 2 R L. 28 LRTIR S B
TR BVE T B B A T e, X R R B R
b TR 22 R PR A 25 3 BOHR B Y B M B H B2
{524 B=0.9 Wf, 59 i Ve RE A T £ ek, Jt IR+ b
FEOVECH i 2 3 B R AR R B b, S B B 1Y
S AR 35 N B BT BEOR MR L B G, AR S0 i B
B=0.8,

*2 SAMDE EAREZ# 8 TH PR &

Table 2 PR values of SAMDE with different
PR
Rk 0.5 0.6 0.7 0.8 0.9
Fl 1.000  1.000 1.000 1.000 1.000
F2 1.000 1.000 1.000 1.000 1.000
F3 1.000  1.000 1.000 1.000 1.000
F4 0.988  1.000  1.000 1.000  1.000
F5 1.000  1.000 1.000 1.000 1.000
F6 0.362  0.320  0.317  0.333  0.283
F1 0.347  0.339  0.344  0.362  0.349
F8 0 0 0. 001 0 0
F9 0.047  0.048  0.050  0.049  0.049
F10 0.996  1.000  0.996  1.000  1.000
F11 0.659  0.667 0.667 0.667 0.667
F12 0.339  0.333  0.315  0.327  0.321
F13 0.595  0.627  0.651  0.667  0.667
F14 0.651  0.659 0.667  0.667 0.667
F15 0.196  0.190  0.208  0.238  0.238
F16 0.508  0.556  0.627  0.659  0.667
F17 0.185  0.196  0.214  0.220  0.190
F18 0.167 0.167 0.167  0.183  0.190
F19 0 0 0 0 0
F20 0 0 0 0 0
SEHE S 0.502  0.505 0.511  0.519  0.514

3.5 REENERIE
3.5.1 &k kA by B R A B S AT

e A2 o SAMDE ff ] DE /E b & /i R
ENL LA fy I X B, CMA-ES 1E 8 7 i 48 & 42
FHC SR, A T OUE B R A R, T T P A
SAMDE #4728 {& . SAMDE _global , 26 78 H £0 & 4> )& 18
& ;SAMDE _local , /R H AL & RFE R, A/N £
B PR A3 2H A« A JRy 1 A AP B AN Ry R A R
B RAERE

(1) &R RABERIE, 7EARLEH, SAM-
DE 7€ JT 4 ik ok %k 55 L A8 f& SAMDE _local #17
WWHCR IR 2 R R F R 2B rEe ), Bl 2 R
7N T AEAH TR 45 1 R P RN B 1k AE A [FDORS B2 R 9 PR
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Figure 3 Curve graph of the average number of global optimal solutions varying with the number of real evaluations
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F7 0. 362 0(+) 0(+) 0.017(+)  0.111(+)  0.263(+)  0.022(+)  0.173(+)
F8 0 0(=) 0(=) 0.010(-)  0.012(-) 0(=) 0.002( =) 0(=)
F9 0. 049 0(+) 0(+) 0.004(+)  0.014(+)  0.051(=)  0.004(+)  0.022(+)
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Figure 4 Curve graph of the average number of global optimal solutions varying with the number of real evaluations
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Surrogate-assisted Multi-population Differential Evolution Algorithm

Based on Region Decomposition

YU Mingyuan, PAN Wanli, LIANG Jing, YUE Caitong

(School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract; In expensive optimization problems, if the optimal solution of the problem was not unique, such prob-
lems were referred to as expensive multimodal optimization problems. However, it was extremely difficult to obtain
multiple optimal solutions with limited computational resources. Moreover, existing surrogate-assisted evolutionary
algorithms paid less attention to multimodal attributes. In view of this, a surrogate-assisted multi-population differ-
ential evolution algorithm based on region decomposition was proposed to solve expensive multimodal optimization
problems. Firstly, in the population individual initialization stage, the correlation between inter-individual distances
and objective values was used to detect potential sub-regions, and sub-populations were divided to explore multiple
optimal solutions. Secondly, in the early stage of evolution, the differential evolution algorithm was used to perform
global search in each sub-population to capture multiple optimal solutions. After multiple optimal individuals were
obtained in the early stage of evolution, the covariance matrix adaptive evolution strategy was adopted to carry out
local search on them to improve the quality of optimal solutions. In addition, an infilling criterion was proposed,
which could adaptively select appropriate individuals for real evaluation according to specific parameters to improve
the accuracy and generalization ability of the surrogate model. Finally, the proposed algorithm was compared with
seven other algorithms on 20 test functions. The results showed that the proposed algorithm achieved optimal per-
formance on 13 functions with the PR metric, and was slightly inferior to the comparison algorithms on at most 5
functions. Overall, the proposed algorithm exhibited excellent performance in solving expensive multimodal optimi-
zation problems.

Keywords: expensive multimodal optimization; differential evolution; local search; surrogate-assisted evolution algo-

rithm

(L4515 7))
Lightweight Time Series Forecasting Model Based on iTransformer

ZHOU Qinglei' , WANG Yujing’, DUAN Pengsong’, WANG Chao’, ZHENG Yongli’

(1. School of Computer and Artificial Intelligence, Zhengzhou University, Zhengzhou 450001, China; 2. School of Cyber Sincence and
Engineering, Zhengzhou University, Zhengzhou 450002, China)

Abstract; To address the challenge of balancing prediction accuracy and efficiency in time series forecasting, in
this paper a lightweight time series forecasting model named ILformer was proposed, built upon the iTransformer ar-
chitecture. As a representative variable-based model for temporal data, iTransformer effectively captured complex
inter-variable dependencies. However, it was constrained by high computational complexity and a substantial pa-
rameter footprint, limiting its practical deployment in resource-constrained scenarios. To mitigate these limitations,
[Lformer incorporated the following enhancements:the model first introduces a Linear Attention mechanism to re-
place the traditional attention mechanism, allowing for more flexible input processing. By leveraging linear projec-
tion and dimension rearrangement, ILformer significantly reduced the number of parameters while better adapting to
varying input shapes and structures. It achieved high computational efficiency, particularly when handling large-
scale datasets, and drastically lowered the computational complexity of the attention module without compromising
model accuracy. Furthermore, singular value decomposition (SVD) was incorporated into the attention mechanism
to achieve matrix dimensionality reduction. This approach substantially decreased the number of matrix multiplica-
tions and additions, improving computational efficiency and mitigating the risk of overfitting. Experimental results
on eight diverse datasets demonstrated that ILformer achieved a 40. 46% improvement in inference speed on average
while maintaining the same level of accuracy. Additionally, the number of parameters was reduced by 78.75%,
and the operations were halved, underscoring its superior performance and practical applicability.

Keywords: time series forecasting; lightweight; singular value decomposition; linear attention mechanism



