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B AER | Flashformer 7£ 720 25 9 i 4 28 A5 6] 34
] 355.2 ms, & W] HO B0 S R AR A B AT e O
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Table 1 Inference time comparison of different algorithms

i HLE ]/ ms

kil

96 192 336 720

iTransformer 16.0 45.2 72.6 97.1
Informer 67.4 88.6 120. 1 205.4
Transformer 66. 4 93.8 143. 1 324.0
Reformer 35.9 77.8 156. 6 291.0
Flashformer 98.3 156.3 230.7 355.2
[Lformer 11.2 32.8 38.0 42.0
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X} T ILformer . iTransformer ¢ 28 M52 &
AR A Reformer 75 8 N BUHE 5 b W PFA% 45 S, BEHR
MSE Fl MAE A RPN 4R FR 45 R NSR 2 IR | S8 4G
e XF MSE F1 MAE (e A ELHEAT T N R ZeARiE

g 2 L 45 £ o] J, H 5 iTransformer £
I Reformer #EHAH | ILformer 75 2 P E0HE 5 1Y
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ifi 7, 78 ETTh2 A1 ETTm2 8 J7 B8 U5 04 45 1, IL-
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Table 2 MSE/MAE comparison of different algorithms

O g s ILformer iTransformer Reformer
96 192 336 720 9 192 336 720 9 192 336 720

MSE  0.430 0.487 0.543 0.698 0.440 0.480 0.487 0.503 0.698 0.710 0.827 0.866

PITRE dp 0,448 0.487  0.523 0.616  0.454 0.465 0.477 0.491 0.653 0.675 0.692 0.749

MSE  0.186 0.223 0.260 0.324 0.196 0.380 0.428 0.427 0.358 0.533 0.722 1.609

ETTh2 ME 0292 0.323 0,352 0.397 0.299 0.400 0.432 0.445 0.451 0.476 0.639 1.017

MSE  0.385 0.438 0.509 0.591 0.370 0.377 0.426 0.491 0.369 0.472 0.538 0.655

ETTml 0B 0,408 0.437 0,475 0.531 0.400 0.422 0.425 045 0.402 0.578 0.642 0.792

MSE  0.122  0.155 0.192 0.247 0.123 0.250 0.311 0.412 0.173 0.249 0.511 1.310

PITW2 0 \uE 0.236 0.260 0.299 0.339 0.236 0.264 0.309 0.407 0.307 0.355 0.495 0.823

"~ MSE  0.482 0.518 0.626 0.688 0.443 0.489 0.522 0.690 0.732 0.733 0.742 0.755

Praffic ik 0,329 0.354 0.373 0.420 0302 0314 0359 0.413 0.423 0.420 0.420 0.432

MSE  0.182 0.231 0.287 0.361 0.173 0.233 0.278 0.368 0.689 0.752 0.639 1.130

Weather ik 0,223 0,262 0.355 0.351 0.214 0.245 0.296 0.324 0.596 0.638 0.698 0.792

. MSE 0.181 0.198 0.235 0.267 0.163 0.189 0.234 0.291 0.157 0.236 0.534 0.641

Bleeticlly b 0.264 0323 0.365 0.39% 0.252 0.350 0.373 0.394 0.277 0.378 0.651 0.739

MSE  0.085 0.156 0.247 0.579 0.087 0.177 0.241 0.823 0.098 0.192 0.378 0.723

Exchange b 0,205 0.254 0.373 0.571 0.200 0285 0.374 0.698 0.235 0.38 0.567 0,853
WM 8 T B iTransformer, MSE 43 5l T [% 0.01) , BA®EESITEHME, A BN p HIN/D

30. 1% F1 13. 5% ,MAE 53 5 T F& 34. 7% #1 6. 0% ; 7]
FE | 7F Exchange-e IR EE 4 | ILformer ) 4% T
WM E R ZHOL Kb s, Big & MSE ik 2
MAE ,1Lformer 19 P B8 #4 f T 248 #1525 fL A AU Re-
former , ¥E— W UE T Fr 42885 8Y 1) A 50k

SR, AE Traffic 3238 i & 3045 4 |, [Lformer A9
RHANXE — M, EZFEHAET Traffic His 2 A
e T B0 AR ST R A iR ) MR R R 52 08 AL ) 2
Z RN R B, 4o ke e R AE
TEIX 2 R = AL AR T, Kol 52 B0 35 A0 B PIL D
SRR AR, P A 2R Y I R AR 1 1 AR AL A
Tl 4 00 A OC 2R I I M B, BV IR, ILformer
T2 R Z2 808 4 b 2 B0 5, i B A ) T A
SR PEREILH .

SR RE 25 S 1 e T B E T AR SCR IO XS ¢
Kre (B F K a=0.05) % [Lformer 5 baseline
I (iTransformer  Reformer & Flashformer) [ MSE/
MAE #E47 10 R E 2 525 o0 A, Ge it 2 3% PE kG 4 45
WNE 3 rn, HER 3 AT, ILformer &5 iTransform-
er £ 96 & WM ) MSE 22 5% 1 p {4 0.003 2 (<

xR3I ZFUBEUHRBER

Table 3 Statistical significance test results

. ’ p fH
Xof L A5 Y DN MSE AR
iTransformer 96 0.003 2 0.004 1
Reformer 192 0.012 0 0.008 3
Flashformer 336 0.001 1 0.002 4

T 0. 05, F WP BE ot AN R REL B B T Ek
3.3 SHESHEELXESN

A SCB XS BT AN [R50 10 2 0 R, 2
Bingk 4 proxn, MR 4 °7H, ILformer # R 7E S 5=
ot 8 & Ty R B 3 L . Transformer, In-
former Fl Flashformer 2% 5 8 19 S 3 8 B K TR
Y G A4 P b o R S 22 A SN T R A B
TR E G, M ILformer B ZEEAL RN 1. 36%
10°, 2 X PR AU v dge /N B O IR R Y 15 22 A, R
W& B4R T A5 . Ilformer Eﬁﬁ“%%,:@ﬂiﬂ:/ﬂ:
ot R, A T R A B A R
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Table 4 Parameter counts and operations comparison of

different algorithms

A S E/10° 1 E/(10° FLOPs)
iTransformer 6.40 57
Informer 11.37 7 860
Transformer 10. 59 572
Reformer 5.82 254
Flashformer 10. 59 436
[Lformer 1.36 25

ST gt B R W ILformer A NAIEFERCR B
FAL B KM BEAR T 5 5 A% B Sy v Ak B
AL 55 32 44 T AL A D T %

3.4 HEESEIS
R EHIE TLformer [ 4548 30PE, A ¢ i+ T AH
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ILformer W/O LA 48 % F ¥ 38 £ 3k i & 1 #L i B AR
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B FAE AR 1R 1 R 2 8O AT VR AL . DA 2 g 25 R AT
A Bt A I R] 25 B 1S A A A O R 22 (L
& MSE F1 MAE) &3 T, 3 WY i [ F500) 55 5 Bk
s, FEAS [E) IR 4B KR, ILformer B9 T 12 25 4R
LA, JU AR RIS R 25 K R BUE o B3 e 1
LA T R AL I 4 7 V5 A 4R TSR TR 7
T PR RIAE 25 B Mk 7 0 AL (1Lformer W/
O LA) B, #E B[] W A7 580, [6) i 3500085 B2 T

xS

Wi, X R T = T HLR A AR T T BOIORS
I I T B R 7R 2 R R O3 i R A (TL-
former W/0 SVD) J& , S8 #E B B A BT 42 71, {H 3
A FE s AT B, 1 — 20 U W I 2 )y 12 X A5 AU R
B R 2, AR S SE 5 25 S ILformer A1 ILformer
W/0 LA 75K Z 80N )25 KT 59 B0 2 22 41T A Rk
FHRR L AR I B 56 46 A 23 5 Wi T0UINORG 38, 2k
TR IHLH S B2 7 ik i 45 6, R RE IR 35 5 i 3
RRCR REA W TG B, B2, T Al L 50 45
Fe 4 UE B T 2k 1 B ) ML R R 4 D 15 %) TLformer
FERL PR RE (19 SCHE DTMR . X e AN AR T TR Y
LI AR R R AR 3 A A R AR R B Ak S B
R AL TR S AR

H AR SL I

Table 5 Ablation experiment

b ILformer ILformer W/0 SVD ILformer W/0O LA
K MSE MAE i BRAT [H] / ms MSE MAE I BRAT [8] /ms MSE MAE I BRAT [R] /ms
96 0.430 0. 448 11.2 0. 436 0. 452 10.9 0.431 0. 449 12.0
192 0. 487 0. 487 32.8 0. 501 0. 496 31.8 0. 487 0. 488 34.7
336 0.543 0.523 38.0 0. 554 0.531 36.9 0. 544 0.524 39.8
720 0. 698 0.616 42.0 0.721 0. 627 40.2 0.703 0.619 44.1
4 i 5% 30k

A SCB AT BT — R G T 0 A A
[Lformer, R T Transformer 2 I 7 458 28U wfi: DL SF- £
SRR R TR A A I, 3 o e A R D LA
AL AL, TLformer HfE 21K 42 @ 1 40. 46% , 1 &2 T
FF Y U %o 52 B M ) 2E 5K ILformer 14 53 if B3 4 Ab
A RO TR S, SR> T 78.75%,
R P RRAR 1 A7 it o oK, AR R B i Al . fE 2k
P AL TR B AR 4 O AL 9 2L [R) 4 T, Ilformer 1Y
AR 2 R A — 2 A RO T U
AN Ilformer ff 1 45 57 {1 43 fff 2 A7 Wi 4, 38 o 0 (R
5 RE A IO EHT 0 A, BE RS v st DAEICHE h 2R 4R
IR KR S5 EAHEZ O, HZ, [Lformer
TE AL B I 2l i B 3R A X — i, 32 IR A8 3 i
o) R PRI, B BARFRM, R,
TR X o 1 4 SRR DR o A 2 4 % 40 0 R AR 48] 9
fl 2 5 BT 7%, SVD A% BR BF MSE W& A b . i Ah,
ILformer K i 4= J5) 13 72 71 ML s TEMH K P 31 (KT
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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
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