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Abstract: As a breakthrough in the field of artificial intelligence, large models play a crucial role in the new round of
global technological revolution and industrial transformation. Intelligent optimization algorithms have greatly promoted
the steady development of social economy by virtue of their advantages in reducing cost and upgrading efficiency. The
integration of both is expected to inject fresh blood into handling scientific research and engineering practice with the
trait of being complex and multidisciplinary. This article reviews the empowerment between foundational models and
intelligent optimization algorithms. First, large models and intelligent optimization algorithms are profiled from two
aspects: definition and classification. Then, the latest research progress is combed from two routes: one is empowering
large models with intelligent optimization algorithms, the other is empowering intelligent optimization algorithms with
large models. Wherein, the former revolves around surrogate-assisted optimization, automatic optimization modeling,
automatic algorithm designing and generating, automatic algorithm analyzing and enhancing, and industry practices,
while the latter's report is according to parameter optimization, prompt optimization, and joint optimization, the
developing trend for both of which is envisioned from the perspectives of general basics and specific applications. The
article concludes with prospecting the integration of foundation models and intelligent optimization algorithms.
Keywords: large models; intelligent optimization algorithms; surrogate-assisted optimization; automatic algorithm
generation; model optimization
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B #& 2022 &£ ChatGPT (chat generative pre-
trained transformer) [ K, “HRALIYL” BT K AT
KN, FRAEIX SRR K R, B 244 4 B S
BIEHARZ — AETHEHAE. BRE S A H 5% 2 10
QU B AT BN RE T, 78 70 M FH 0L I E 4 A0 45
W, KRBT 6 AT N E IR T, 9 P R HER]
I AT B PRSE SCREIRSS, O ZE TR AWLIR &
BHe RGP i E B R .

K #E A (large models), X Fr FE fifi 5 A
(foundation models)™, 15 ) /& — 2K H A i 24 (8
WAEL08 S DA b)) PN 25 M B HLA8 2% S 1 A 2k
B H F5 77 10, AT LA H53 (diseriminative), AT
LU AR (generative); W& BALHISKE, HaT DL
A (unimodal), 40 3CA EI& MRS, & 4, . n]
PAfe Z B2 (multimodal); 78I 536 377 11, 47T A
TNk (pre-training), tH 7] L& M Sk 1125 (training
from scratch); MM AT R E, HoT DL i@ AL, th
AL T M. 24, 7E OpenAl. DeepSeek. Meta.
XAL G5 EFBARNV B 51 80T, 452 2B AL, B2 1)
F5 172 AFE T Transformer 22 F4J (0 3 52 44 28 /9 26 0y
AR AT A A (B R R, R
IR SR — AR, AR B R R N, A
SO RABE B (1) 3R R 8 N F IR 5 S RS ) 43 2
1E B O O BRI, sebs b, B AR R
BU 73 R M R T B4R — b . S it — Fh& B ) 4 2K
J7 %, W 1 R, R R H bR S EIUE JIZRT
Ao RN A5 B AL B, & R AEH . B ¥ 45 4
FE, F o # R AT AE 5 2Rk J g A2 s, 2 A0 He
PR3 77 AT 41 A5 AL B R FYE L T
G RAC B AN R RERE BN L Rl A R ECH
RIS FE SRR S, IFR N 2 B R, 5
T, PR A BRSO . BRSBTS
BUR . % R SRR (4 SALMONN'), KA 3
R (fa1 Sora™) Xof SCASHE IR IR AL, T K LB g N
KT8 5 A R 18 5 A, 350 2 1 KA
TN R IS P Y B, AR AR R ) 4 Ay P R R
R (e 5. 5508 20 I SRl Sk YA
753388 F R AR Y 3 F 1t B o, H2, 7R R 58 R A R 3R
PATAEA B T L ORBEAY. 6T & FORBERUE K 24K
TR0 e il B 5 R 2 B AT SC  IZR 0 Mod K
BRI p ZE R4S, S HUAEAA D ok, Wit &
FA R B4 1 B ORASE AL 3 — 2B 4B A AT M R B A (dn

G AT O KA RS | BRI AT Ml AR Y ) 0 40 dak o A5 7Y
(AR o SRR, B A5 R 1) 2, M B R )
JIJEFE (Ockham’s razor), & FF2 B i3k B 446 v
A2 F) 55 RABE Y RSl FH AN (B AT = .
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RER F XA 5%

RS ok AT T i $73

SR 05 1 e o 0 5. DL S R B B (no
free lunch) 37 43, T 1) 2 FF ) 7% P 780 88 R A1t Ak 0125
AR SR R (I PRAT S AL
FL AR L e PO VR ) 11 T SR AR (g
75 B P R g e ) St T 1) i D 7R 2R i
A S (S 365 7 A R 5, G4 R AR T 9
FH S R AT 5, T BLS 2R 47 S5t

AT [0 DL RE 05 SR R AR AL B e 2%
R TR BE 2 AR TR T R B TR A R
A B35 55 3 34 E g KR TR Py AN Sk 1 5 0 A
SR AT SEWE B T A, 2R H AR 5 8 Rl AL B
VEBE ROX — NI ). E AT, SRS 1 AL
R ATH, B 501 SCHR 1 2 BSORD 5k Sk i [
R R F B . Huang 251 ¥ YO A8 35
AU AL B BT T 450 M2 R, A %
TR AR 1 SR 4 R I £k, DASR o i
FEI7 10 FevE FBE B, 56T KB 5 0 B AR Ak v
FELIR B FORL A, A S SCIRBEAT R BE T, 0%
BF 5077 160 1 R R i Sk AT & B R B2, R TR %
TR RIS %

FUE A AR SCR R D A, (BRI
R 3 B . ORI AR R e AL ST AL
IR FE 2R B AL BRI B, [ 3h 5
Bt SRR E IR S sk 7L R IT,
b A7l 7 FE R 26 R L R LR L S R
£ W ST RS 2 ATl B RS AL SR A
KA A DR L FE 28 S AR AL SRR AL B
oA 3 AT THIEAT, FerhBe A A0 2 B0 Joxt 55 B
B 28BS KHEAR . F R R, A SR % At
7 18] (R 2538, ¥ T A0 FHCTE IRAS R S STHRARS: £ R 528
{4 BRARE, T AEHAR AR S IO 2B X ) (T 1%
TR 9277 15 W6 b T 2 SR AT Y), % 3 K I i JELALRI IR
i, Pk 51 K. 0T RTS R R 4400, B R A
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FHLENT A (PR, KIS IR R N 21
B, AR TR AL A, TSI 40, A RERAL
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SE 1RSI BE R e D0 Ak S50k R R R Al DR AR
X R A BV e B AT . — R BLREE Y Oy
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PN EE DN STWEY S W E N IR AR r
AR — BRI HLAs - SR (REAR B L 637 5E) BN
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B A, AR — RS, BT (I 2R A AT
e 2, BB I 4 1) e P B Y DR R T 3R
FH. AT RSB AL B sh i, B3
PR 5 ARG BRI T S Eut, AT 5 A
73 TR 2 135 R ) I A 58 SCHREATVE i, JF AR K
J&J7 LR
11 AREHFEM

AR PR % B A 1k (surrogate-assisted optimization)
VR — Tl B fie AL R AB AT A o 52 2% 6 D S
PR SRR AR B A 5] N — AN AL RS
SIREUAE AR, /b H A bR B0 A 0] s T 55 A 4K
0L, T B I B 5T 4.

NG TH 7] 29K 2 H BRI AL Il R R AL SR 500
4 JR B AR ) B R BLRE /7, Wang 251K KR
BRI 5] N T CCMO (coevolutionary framework for
constrained multiobjective optimization, 4% )i | & —
FhELVAHE R, SCBLAN 6 1% TAE 3R R4 ). H
GPT-35 1AM RE T, RN RE 7RG HRET,
P9 (A ANAEERE B, GPT-3.5 5 BT BT H (3 7R il B
WRTE RN T 5 HAM SRR R I 0 4. 3R 7R A AR TR
SRR I B, BN A9 R R S
BN BB ik, 5% GPT-3.5 58k 1 Hid
IS4 28 AEBRREIE A, SCACAR H IR L9 ) BC 45
GPT-3.5 ME A RETHAT G, L/ NIt T
A b 55 TR IA) (0 Z2 B, AU Sl . T
PIatEMO V- & 1 DASCMOP MR E A, &5t fir 2
AL CCMO 12 W) 5 B ILTT & T 2 $EXF
EL szt AT H BV T 38 M AR R RN T 2 = AR R
LR RI A, R TR T RIEFEMERA
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B GPT-4 1E s s 1K e, i i A8 B R M Rk
P Re Ve AN [R) A% I DG FCAH S D [e] )= A S ASE Y
ST MG Y-V P G- KB P [ PR R 28
TR R R A T AR, KDL G R, %
VB ISE N IR — € 22 B,

N TAE—ERR R RREAL G A RS R AE S
SIS 7 7E (0 b R R X, Hao £ JF T 6 KR A
Bisa A SRS AR R AR 7T, 56 TAF 55 47 E 148 m i
T, R 2 Mg S KRB, B E 73 AR AL VAl
AR R B IR, AR D [ U= AR SRR T R £ KA,
2 BNREE LIS T A SR B A A R
WA RAE L, WP R T R A B B AR
R 1, B2, AR H 7 KB AL Token (STA
o R B /N TR SCERTT) 1R SRR R RS R B 1 A
THEMERE 1) EEER ).

Zhong 2™ L Gemini 95, Xof 3 K15 5 MY
R A R AR EE AT T YR ZR: L Gemini
N RS, TR S B skl g, DL T A5
) R B4 R T H G A E AT, H TR s AR
B R TT E T 2 R T RS T
B IS I FOUHEE R TR FE, B2, 2 AT )
ZEALAL ) R R A SRE B AR R T O A
(T L.

WR, 5 A2 /IMERLAH L, A A ORBE AR AR
3 R4 AL [ 5 3 2 R B K 1IN 2 B R T4,
RS [ A5 P 2 0 30 R 2 50 S50V R A 0 R I i
i) AR I AT A 5 SCHR, SR FH RS A i) B e AL AL
SR8 56 U AT 55, /MEBYARER [ AE AT LA S R, L
ZILRENS I AR FE S 7). A\ OpenAl 1) — 25 i
%, BI% RKEBHE A A A K40, F 34014 DeepSeek
M) ZE RS, R HOR Ik Je 1 i e, R, 2
T ORAR Y AR (1) e LA R IX — W 52 7 [ 1 Ak T
EPHY B, HHT, FE B ) AR T B ) LAk 1) R
KAERAEZ BB R R 450 B B 1871, 7
7 FE R )92 A e D AN R B AN B4 (TR P e
XTCHE AR NS 2% B SRR B AR A 1n) R I
TR, Oy BTt AR TS IR R AL — ARE SR T
e Bkt g, R RBIATE 2 )5 ml ik
TR 0 2 T AT AR D7 TR A A0 55, H A, i dn R 4
TEAE R DR SR A B 1) A7 A28 AR SR 8 AT AR P A
JE AT RREIE DT THAS B T — BRI IR, GRS IE D
) P R s HE B I R, AT 3G 58 FH 2 B4 A e 4,
XA B 1 R e A BRE0E, R/ ASE 2R oty [ 41 B
A EA —E R, EE SR

1.2 B3ififeER

0 A T A0 A AR [ B R o T 40 2 i
I 42 i R A 2 LA A IR, 368 K A B I 1
Ve AN Sk VR R I 7T A a5 SR, ST RORA A Rk
SEPRFORNRE . 5 AR I TR Sk, AR IR TE Y S
F e IEM RS, 5 B kS 5 14 £ 4R
AR 1] A K, HLAR B A =, A AR A ) ) E
BN IR A2 W BAG H B SR S

Ahmed 25 JF & T 3¢ 40 4k ) LA IR
P E R B I R AT IR R, T RO
f] GPT-4. GPT-3.5 Turbo. Llama2 £ K 7Y 75 45 5
i 55 LT T — RAHIXT ELIE AL, (H 2 B = X 52
B8y 45 A FRVE 1R 73 75 Chen 259 22T GPT-4 FIlJT
Fa R PR AR, T IR ST T TH [ A R
N P R B BB MR A AT AT E B2 i B X
ARG R A OptiChat, i% & Gk A n] 29 Rl 47 1 4
(irreducible infeasible subset, ISS) {F A AL AL A5 YR
FATPEI B PEREIR, 25 68 /R 5 50 1 IR
Br BYERE SRR T S RS, DL A AT AT I
SENL I HER I B B AN AT R, BE N &R W
MG N S R AR LR B SR
1.3 B3iEERIT5ER

TE S ARG B SR A 7 THT, A7 7E— 26 TAEFI K
TR B T Bk B A 0 1 S A R g ),

N EGATH ] 2H A Ak (R 2 ST LA NP s
2 A AR Ak ) BRI A B2 I B VT ) T 4503 iR
AN 9T T A0, L 252 52 KM 70 371 40 1k
B K, 22kl i GPT-3.5 Turbo FJEEAH N B 51 H
T AR OB A I 38 RV A Ak R, R IR AT
REBE G P N SR S B 8. 7E AT S il L4+, (R T
KAR LA (0 57 I s A AL L 38 R B LA F T
P 1) 3 e 3T IR A 0 A0 25 B8 A 1) S R
{H 2 HL R AT SRAFAE SR T 25 ).

A G AT Al S R B T AR it 2 A 52 B 2 FH
(% oA Sk T % 2 IR XE. A, Yang 2509 421 1 0L
KB RIZ 0T BRIE S R R SEE 5 R
325 [ D00 ZE AR g A 173 P 3 2R 7B A ) KA 2
PEAEVIGRFE R E NI NAS B 5, KA AR i)
5 BB AERHAE T — R NS B, B
TH SR HE S LALLM T T 2R
PRIRAE LN [ VA o) 8L i AT 1 ) R0 DA B R ASE L 42 7
oAl (RIPPEAS A A ] (1) T 2% ) Aox iy 2 mT i 4
BHATISAE. R Qi xtFizva s, i s fs B RS
B R, A 7R 5 A R, S5 bR o At
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RETF L& B KA R TTEN T A
B N R KSE B A, Lin 2527 (84304 KR R
NFEL R, F4E B AR (thoughts) FIMLHY (codes)
RORBEELZ, $2Hh 12T R 1 8 e B VE AL
witva R, K 7R K R TTE R B 3)
. DAFEZRBEAR 1) R AT 7 I R AL 7K 2 18] A FE )
R, A8 G shisrk e R B R I
T AT NE LR F TR rE R FE LK
AR 2 R SR A 52, I 78 DA A ) OBUVE 9 vk ST
T HRPR IO T, A0 T8 H [F] 2575 28 FunSearch H
AN e R R

9l B KRB IR — M v R HESN 7o 8 K
BVERE A B K, Zhong 250 BT ORBE R AN
PR THEHESE CRISPE, ¥eil 1 — P LR AL
v 2 SR A 1) 7 8 R ANARE B B A U7 %6, IR LA GPT-
3.5 Turbo 97, - H E LI 1 —FhFr s =R
flt b (zoological search optimization, ZSO) [ & & %
R SRE, AEZ N IAE BRI A 5e 5
TR SIOHS AU SO 2.

Pluhacek 25 {3 | GPT-4 % 40 35 ki 7 BE AR AL
(particle swarm optimization, PSO). &K IR It {1t (grey
wolf optimizer, GWO). fig f {f. 4k, (whale optimization
algorithm, WOA) %5 £ F i {1t J5 19 T 5 R AL Ak S vk
HAT 7 o0, S e BAR A I E 45, FRLAE R
i, B LI A L, DR RT s B Re Ak
FOERI BT AR SO R (E R TR Y, B
A S5 11 T e 22 BOA A BB AR E TR AT AE MR B
NSNS

NGRS Tl 5t v 8 2k S5 LA S AR AN
TARI % 5710 v B AR, Xiao Z507 2 T TR
TR 2 R Re AR P RIAE B, & 2 A KBy 5 H 45 AN
[7) 45 3 60 VR )N 2R 5K, 3l I R 22 AN RASE Y ] 1) 52
AT G- IH GBI I, SEIL T SO R IR 3 5L
SRR T RS N B HEE, R AT T H 2
FERE S, N Sk B e T AR
1.4 HIHFEESM T SEut

STNWeb®" 15—k F T8 e Ak S AT 00
M A AT AR A I TR, H AR Rl B OB B AR T
b ARG VE R RS $2 T P RS, Sartori 2577 4%
P GPT-4 AR I Z A KA K% STNWeb H1,
Xt STNWeb 7 Hy R 5 #EAT 1 — IR0 Hr, JFH A 52
iR oram Zum P, NI B A R se Uik B
Rft T EANE EHEMINSE. REZITTEA S

BUFT LSS, (H2, HIGIE S R /R T i KA 2 A
FE7 B AT R A 5 A R AR R AR i N IR RS AL
B ) AE R 1) E AT BB SR TR,

ZHAE LT, WAL IR R I T H S
A B, 5T T T 0T [ e i 250 77 N80
I WER 2, B G R S B0 B O AR — A
FEEWFTIT 1. Custode S0 X 56 F KB (3 051
RS HON BN BEAT T WP R R, AR R R AE
LR T P IR ARG R, SERTHERE R R T AP K
TE A B B R 2 B 226 FH P RO U5 KR R 3R 4T 17 5
AR AIE, AL S B A S i TR RE B A s
1.

Tianrungroj 25 Jy— & X 4K R Gt
T AR T ORI B AR F LA SR g, DAAE
A H IR rh 58 A 2 2] BT 55, AL Tk
A R IR 7 AR 17 0. 7E WebShop (— i FRL RS 199 33 15 L
TN B M AT T I0AE, JLAE R sE
5o v R AR T e FH ) — e 24 S

Pluhacek 25 L) GPT-4 Turbo il [ 44T # 4
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1% H B But. 45 52 B AR RLAE AN S L A
FARTEBLTS, LLE 22 B/ J7 500 45 %€ B0 Ja K
NFEERAT TRRA S %, SLIR 45 R W, Fris &
SOMA 72 {4 {1 e 48 A5 70 (8 9 F 4% IR T 4e itk B
T, T 72 Bt A 1 AR CE I 19 B Ak B S T IS BRI
@, gl VISR — R8T AE.

Pluhacek 257 i#t — 5 FF & 7 26T GPT-4 Turbo
Ko 22 43 34K S 3% (differential evolution, DE) 14 BE 42
T SEER PRI 7T, 1931 1 2RI 45 R, B DE B M)
PEREFRAR 73 (8 T A 22 B A 1A ) 84 i 45 2% b
Th, JRAE I BEF8 b5 7018 % 1 () DE S50 FROACTE 38 73
MRS BRI T3 5> SOTA Hik. % LAEFF
A0S B RE A FVEVE R B AL S ORI 1Y 5% 2
BEATHINT, (H 72, 521 7K Token S51EREFR R MME —
HERMET R X, BISEIL T THE SR A2 TR 4
LR AR I 1) A ) R ASUAS
15 47MRA

EAT, KA EORAE I B RIS 4
R AR VDI BT DRSS 2 AT AL R A i) AR
fir i R A5 2 7RI R H.
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SNSRI T T B IE K U FI A E S SRR IR AL
MEZE, K 22 P AT TR N 22 N KA TR 5 473y Fi5
S IHRIE . B RE SN E M A, AR T
B B M B T4 1 ARG A A B R R RS
F 2 2H N RE N 1) 45 R A B, 3k — 2D A BRBE YR R A
(Rt T AR FE 7 58 SR 36 IE T 12 HH AE 2 1 A 20k R AR
A, JE T KA R HE S LangChain F1 CrewAl,
XF T4 A 2R R AT T SEI; K% ChatGLM £ %1
M1 ChatGPT £ 1| ] SOTA KR AR R E 2L it Ky
#ChatGLM Fl #ChatGPT, Jf %% 5 i i $2 tH HE 28 1)
#ChatGLM 5#ChatGPT i T-X Lt 43 il #5451 %2
MBE R, [ g SUHE 78 26 B NIRAEN R AE
Fls DAL, BT RIS, S SUE R 3 AN
(152 EVPAN FE A, SRS R W, BT AR SR 5T\
ST EIPN R PR IR T — e FEE 5T,

R T TR B % S 1B sk s i v Ak 7
FAEE R B R EXE, Qin &Y R T M T2
56 K DN KA (90 387 7 . %07 S AR AR R A 0
PR TG, 1675 RN UM BE AORHE FESE 2 TS bR 2
R OUT, @it 5 P ERAS L, sel T 85 8%
SERJ VTR AL PSRRI AR . G L T £ M BT ) B
g b R 0 YT B R O R AR S £ B
ChatGPT % %Il K #: 8 (IF KR A FF B4k 8 5 ) M
StructGAN (— ] [ BY 3 55 45 K B H LA 10 28 piont
PO, IF R T BT 7 AR BB R 4,
IR P R R SR T B D B A MR A )
Hbr; i 25 R BoR, it onEEmARE 5 m s
N RV ITA 24, A T 4% 88 R 58 A8 A6 75325 (direct
optimization), {H /& A I H 4 1 #8 # i e FF 8 L 5
Wi AR

w4, B SO ESAT I R E R B
Z—, NI Re AR B B3 2@ 54T Wi & %%
AN 1) R ) SR A b, LS IR ) B SRR YR H Bl
AR R0 BY 5 5 T AR R AR AR
Bk, —FHCBUTE T 10 REZ ARNE S L XK 580
(mixture of experts, MoE)""*" & 74 _b K IR, 5
— 7 THI K 7555 A 20 4 RO R {5 KR R R HERE 1)
R OCHE D = B, DT ) A ARAT Mk & A A 1) R R
FR P Bk 7 R THER AR T R B R, /N
FHEE, RS L % 5 o oK 1) 0 UR IR 54 472 4
73, A5 LA AT R0 R R0 0 S Bk A IR 3 T T L
Se 4 S, Rk D S A AT S SR Ak ) R A
JE W48 AN B AR TR T TS,

1.5.2 BT

AT BB AT R R B G| 8 —,
KBRS WA, AT I A %, 5 e [F,
MG F A A LE T A% BRAL B 520 5 3 A A7 L A 3
PR 2 Ak 1) 8, s 2 IR 2R (high-level synthesis,
HLS) B A6 Rk i 4 B e 4k B, e 3t
A 1T T E e T el SR o7 i i3, K
HEE AT (B L5 K R IA S HEWT. 22 2T B8 77, 4 A4
PR A IR BN 0 B Y O R B TR R, SR T
BAEAT MV P S

HLS HiARE A fEiE 5 MR 5 5 %
P FEHR AR R T T2 N Z AR AR RO TS5k
it , SR TR T e L PR R AR A e A B B
e, A AR K, B2 7 i SR . i, Xu
25504 Top- kM R GR . NREA 22 5] 5 KRR AR 45
A, LI T HLS TAEW M A sh ik, B 2R S
MIHLEERD, KRBT T Mk 3 1) TAERCR. @it E 9
HINAE FPGA F£A7 9 2 77 T I R, 4 DA 1) = 25040
JF Faiss, 56 1 5250V & B #5430 P 35 ZE 3B AN
Pass@k (— P T2 A KA AL 7E 7] ] 7 1E 1% 1) ) 2t
4 EVEREROAEFE, B OpenAl $2 115 JLMl e 7K
1B A KR S 22 2 — IR D i U 1) R R R
PE) ENARALBCR AR AL T = 1 7 4 & 24T Code
Llama (Meta it T —3K % F T g F2 A 55 1) KAL) Al
GPT-3.5 Turbo 73 T T 10 e 5250; MELE5 R, M
L FRFEAS S 5 KM A, frig it Top-kiE R
W, AR 2] 5 KR A 45 615 2 1Y Pass@10
B P AEIR TR, R B T AR E AL Ak
Ry ¥ HALA.

BTG BB 5 TR R G R = R UE R
A AR, A 2001 W v KB AN o 55 1n) A, i
A T4 2R 1 e D A A9 AR BOX — F 5 ).
N T e 565 AR AR T, £ Bh O AL e
WA G B GRS AT A T A D215
B THISRR, (B, T T LA F9 55 w1 1 1 47
SRAE— k. NI, Xiao 2557 3L TR Python H
BdE AT ORI M AT, 1, B eI ) A
SEREBER N 3 ANBY B FEERIGA L & Ak
W MR ST A, SRS, ORI E T 3 Fh T
Bt BEHLA N M. KA, R L o 3
fith, A8 T 6 FhF-Tildg 5 fERNEERI UG I B By BUd AT
BEALA N, TEFP RV 46 T B B Bt A7 BE AL N F 5]
AW, EMERE AT BT N, fEFIEE
15 AR TE B B B AT BE AL N30 25 M 4, e A7
5 P O B AT A R ], AE DT 5 45 v B Bt
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BE AR AL F A AT 45 R 877

TR E R MBS A%, #, f5B) Pynguin (—#h
T Python JF & 1 5. 70 Wil FH 9 A BHE 42, HoAZ 0 2
% H brfE A 50 se s T T R 1 R T
PR A R AR g8 I S B, I a3 — 25 B Code
Llama 5 gk Horb, AT 58 % 1 S5 6 I HE 2E. %
J&, % CodaMosa BRI 17 BT Ad A 1 B 4257,
EEXE A 6 BTk 5t ml AT 1 3 R sk, i
XFIAAAE 75 it 2 1) 4 A, 19 31 1 I ITE B A5 10 1) X
UG e 4 1 AR i AR R AT B A O T s AR A
BRWAEH; 2) B B &m0 T+ wigs R A
BIHRAEH, 75 Z4hE— e u .
153 JRiFEBETL

AR SR, Wik Ui s R A AR R0 A s A A
FRIBIE FE AR B4 20 2 i i FEL R AT L R

A 258 1) i e it 2 LRI I 55 A0 A R s 38 H )
Hiy ) BRI N TR 9 04k B AR, 3 BUHE R 4 R B = A
ek, IR i AR, 9, Li 5 R T
BT R A 4 2 Bk, DL 9 A, a3k — 2B A fw
B 77 TH XT3 AT PR R U g 2 K I 25 30 AT T s, i
i ARG P A9 R 2 A CBR E E (W PR S
TRE PEESE) 0 S 5 S i A2 Gl R 7 SR A
PEHEAT A S, S T ISR A I PO A i . e L
FET RN P R G T R B R R A
VEAE 3 PP R AR RIS, DL AT R R A W) (trip
planning query, TPQ)'”. #&% 1t I /¥ B £& (optimal
sequenced route, OSR)' ™ 45 4 Fh It 1% 4 2 5 1 JF J&
X E SR g, DAer 56 iy 52 HA JE T R A (1) [ 4 2R R
BB R . DR P B kS B 3
7 THRE B A [R50 AR il () 427 T7 SR AT 476 VAN
TRET 14 1 5 B VPO i B FH 7 96 5 R R S, 1 4R b
SRR O S a5 E o R 1 S e w AR TR E N
e S FEAR TR, BT IG % MR8 SR 7 B B
WA AT DO AT 75 215 I 2800 1 5 2 vP A 1 B
IBAT I [A] R SEE; B M 1) VP AN 15 B It Re o0 A
RSLI, 1% B 8 AR BRI 6 A [F] S R N Jit N
AN [EJRE 2 ) P 2 A2 22 40 SR 49 3, H 2 S0 ot
RATEHAE T B Ja, 73 min i ad s i 6] 5 B P
T RRE S IS AT IS IA) B A3 B TR] 1 ¢ R AT AT AL,
Sy HTAS BT ER RS R I IR B 3 A
J7 IS T B AR

ToO 285 SRAHE P E AR B AS T3 FH P R s 1
R 2R S5 T S DR 2 IR AR AE, A A5 AU D0k o HE 27
FR G AT T I ) — AN BEOR Pk k. %8 T, Sharma
SO SR T R T OB R R A 2 T (AR AT R
%, IEAE Amazon FLE I H P AT NS EE AR BT

RER F XA 5%
H

BRI N R AT 1 RE. AR AR, KA
TR AR AR B AR R AR, AT R 3 A A2
DL H & 8L 77 B IE SRR AR . BT &, % AR
Site RIUH Top-kH#tE (—FhH T € BN S
RGVERE TR, FLDUE R T HEFF 25 BT kNI
H T U B2, OB AT ) DL AL R TT: 7E 3R 2 1H, 38
HROIRES @y (&, BTH) ZeAmaE (&if)) —
TCH, #E /N TR ) T OB B A 73 18], AT T 4K
TOBT AR A e R B RN R L 5 Tk
R — A5 T 5 Ak 7 ) B R G AL e G, IR
R R I G —A AR B P R
I Z 5 (R 5 T W B2 =) B9 R Ge i BT s, gk
T4 T T r) R AR, 2 1) SR & 6 FE 5503 (policy
gradient for large-scale retrieval, PG-Ret). £ PG-Ret
RS B AR A A AR A SO A RS LA R T THI
A3 R 7 B s 3G s i AR Y, A5 o AR AT F P
TR S (R R U E Top- KB #1444 1) 32 4k
k2 —) BB 7RSI A ik T A S HERERAT
FEAR S AEATF). B T ILECAE 55 FdE £ (A
TF)s #£T Amazon PRI i HEE RS (A TT) X
Fr¥e i PG-Ret 8 R AR BRI HEAT T 5600E, XI5
W RANTE A R R G (ARG BIF R 46
Y System#1), 2 T & 2% S HEE R G (KN
System#2), 52 PG-Ret [f] System#2 (1 System#3).
B0 AN B R AR AT 2 50 SIS, ISR RAEAN
7] kAE B 1 3 BE & IFAN R AR Top-k# #UiE . K5
R HlE SLge A R AR, B RE RGN (BRAE
HEFEMEBE 3 00), System#3 1) 3 il 2 =N $8 4R 11
HUE S =T System#1 55 System#2, T H: 3 Tl =¥
e PR IR B KT System#1 5 System#2, 1% 1.
VERI B AR

RAB AL Rz T A2 N T8 e m) N SR R g i
PRt T B, 1K — R R I F R AT ML AIC AL T R ) SR
fifp AR 2 7 ARGE AR I, 38 I X i Ui i e AR AL A HE
FERTBUNE DAL RV AR R A B0 5 0] UK I, KA
RL 51 NALAF 24T P AR A 0] D KA i SEAIG, &%
REGE 2, ZAT AR AR 1) 8 SR A, BA KN
TR RE, B A N T8 e 1E & KRB A i 5
AN A AN TR 8 DL A AR e -2 OB & AN T
BRAEZAT WAL B K i th AR LUK R AR &
N, KRR TE T B R RS NERES. ALY E S
ARG N IRAIANE, FERA SRR, Fo7e 2 1 St
WEE, 1N R NFIRE T RN R, AT T )
TN RE, 9940 1 F S AR A 72 1)+ i
(0 B3R, B R A SRV T B B R AR A e A
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P15 S I ECHE 3G 98 1) H bR, DUSER AN 58 36 08 1 Pk
iR, HE— AT TR AR B B SRR FE.
154 SRATIL

WK, N R BeAE SR AT Ak 1] B 45 2
T T2 R, AR R P R AR (A 5T A A R R
A B R, KB R A A E AR — &
AP AR AL i) R CAR B T R, R —
3 VS AR B PRI,

THI [7) 2255 7 AR SE AR W R e R A B
I T3 L KRG, X RGAE R IGEF AT
PEJTTHAS AL, MR E R e e &
PR T ANFIRE M. SEARAE SR s R A AR
REASE 0 41 & IR B A T 2, 44 AN RRRERT T- 52
MRS SR s R R B, IR TR LY X RS, 4
B8N B A A R AR ity 52 5 00 Hh 45 3 25 L % T
1, Alipour-Vaezi 2 FIF KHEAL, BdRE* 55, £ )8
PRV SRAEHOR, #E R 1 I R) SRR A AT P A
BTGB FINELE, & KB Hri N R T oK, 20
1A P O DL, o 52 ARAE it b 28 B PR R 2 AH G 3 3R AT
TR EEVEAL, VR SR D TOIN ) BEA, IRR E Hme J8E DA
AR 77 USRI 1 s 27 i W 2 X0 H B8 N 1 B
AL H A, BARTF, IRHESR B Ltk 7 4 PR
S TN e HE AL B i AL T7 R A K. B
DB R OG T R AR dl A 5 B 2 AH DG 2 (T8 4t Jal
TE D1AE) 1 7 BT LS Bk R R R e, 2 ER A4 N K
INE, 8 B RABE R 0of AN [7] 1) 2 AH OG5 1) 7 B R AT VRl
ARIUGT L1 73 80, e RSB AN  N 2R 8 ORI
YLSR SCRE AR . B4 Ak B SR R AR 3 AT AN )
57 10 0] R, LA 55 G 0T ol o A 1 R ), AR T0%F
FEAR FEREAT R (FARTTIE I AR J0), AR 2K
PIEE 7 AEAS (CobRiE) #E4T N AR, N AR
FEARAE I GRFEA R o3 2K 8% (RARTTEIFRIR ),
BT RAEAANE MR AR, 18353 28 2% 58 bR iE.
T VP4l B R PR AR O A B RN TR SRR
W, 76 ULk 3 B 4 S 87 (best-worst, BW) Fl
BT A K A AR PF Al 7% (weighted aggregated sum
product assessment, WASPAS) [f] 5:5ili F & TR &
% J@ M e SRR e CH R . 7 AR BCE RO S i
4% B2 A R, A Ay — X H bRk 17
B, VA S AR il 40 e e R (B ) sk 5 52
FRAE It 22 5 7 45 0% A S i 2 DR A ) g A7 LA
1% H ChatGPT % 1) K45 1Y Al g A AR AR &R G 3K
f (general algebraic modeling system, GAMS) ' 1]
BARON K fiff &5 58 i | SR 46 -1 & I #8 a. B 13
1980 4 ~ 2020 4F FZ LA it 204 4R 58 B 10 4 th

s

1

R

> =
%

f*

Hi

oF

i)
u)

HE 22 AT A7 1 RO A 255 1 A 36 3IE, e rp 05 3R 2E A S o
(X B B A AK 1] 80 1) SR A 51N T IS R i, L1k R
SE RV R T8 WL 4 2R 28 5 R A 38 P ik e AT
Wriehr KRS, ISR, BT 2 K AT, e
RIS, FEARTF AT LE S 56 DASS H A4t A 22 1 £
R B AS [F)RR FE P 3 FH 4N, M Hh 1 4
1, X ST R BURPE T TERTE, NPTEE HHELE T
SR PR T — IR S AN, TR R
FNF T RAERILE S AT AR ) FSR AR 10 S A
BRI R B, VhRAAAE 3 AE AR EALM I
J5: 1) % TAE B4R A S T ) A S P S LA
AR, 7R R — 5 B, (BB AR 118
1IE; 2) % T AF AT 4R HE 2238 1 6 58 28 5 38 40 BEA
BEATF TARVE, FRE 2258 T R FEA bR, #
P 3K — H e b ok A T A A SR, VR AR S TE
A TR A B 47 AR 5 3) % AR BT 4t A 4 o
RBRL R AN T AR 85 R RS AT A R
JiTH AN AL, BRI SINBhHL, WnfEE Tk, ¥ K
TN L. F R F, I RIS K, RIEMTEN A
i W7 AT AR A7 AR K RO T2 10T R, %k ik
(& B 15 T A

FHEE T AT IR AT M, KAE R AE 4 AT ML AL AL i)
SRAR AP EE T, MO AR L. H AT, KRR 1%
TER R 2 W AE MR TR CA
BRI R, BARNEPAT AL IR, $Em B Reth
WL FE ) B SRR, SRR B 55, B8 B A R A
IR A R TT .
1.55 BT

FRA AT LA R AR AT b (A% O 4L BB 43, 7
FRA ARl LA TR RS N RS =
PR RAEE RBAER, Rt L R T
f— AN B ). AR AT M KRR B AR AR 35, 92
MBS KR JERTS3 CAE = FURNE FAR ) T — BOA T,
— R EE R I 5 B RGm I R, o
AT A A 1) R i SR AR, KABE AR ) Tk A A2
WREBZ, R EA T PR & k. i, xFF
YT EARAFIE P AR P AR ATk i)
SRR ), AR A LE R RESR A 13 8 T I
HIEFSEIEA 4

REULSZIG T 5 0 SEEL A T2 AR Ak B ARG XL
IR, 03T Kraft A5 21 452 BRI AL B
5 B R BT Z A AL I R R R, David 257 %
THT P B /N A R B [ ) R A0 S 56
Horpro ANV (RIS BN A 22 N 4 RN B e B\
T2 N 4% ) 1 Sy 3 B2 A S 0 A R P R T
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RER F XA 5%

RS ok AT T i 879

fEIRTT, KA (ChatGPT F 1) 1y EALF LB
HEBE T A TIIRN. FET Kraft KPR K
B SR R P Th 3 BE 0 FA I T[] 4 47
B, DU & B P ELME A T REAR P, DLy
JER, 49 2P KA 0 PE R EC (A R PR 4R
bR, BUEFEO ~ 128, s s ) 278 95% UL L.
B, KPR T BRI, 45 R Bos R Suh
(R B ) X T RGN R L T
L) A NRUR, NJE SESGERME T — 2/
SHERIE. 2 AR E U RSN T T2
LR BESR M, X T it — DR TR AT ML (0 B e
KPR EE RS BRI LT 3 5 A
A2 1) R FEMIER A PP DAL PSR sk 2k, 4
% AR o th 7 ik K DU R XE AR B 2) 723 fE
DAL AR, KA TR T 4 3 SR S SCRF AN AN 73 T
P, B B P (O R B AR AR AR R AE S 45
FULH; 3) i TARCOR KR RN B & R R G
FLER i BE AL I RE, A7 AESR BN SR AiAE
FEAS L AE A, A it — BTt

U4y, BASTERANGH € 1 ROV AT ) &=
BEANAMVAT AL B 2, 0 TG BLa i 32 3O
TR B A AR E A R T E R ML,
Chen %™ $7 7 — P 5 T 54k 25 530K R f g

1, BAESCIUR R A 88 B A R

A RFERME S 2 AN 7 N AR . A AR B T K
BRI SRan 1, AR TR RN B R RS, &
AN EAEAR AL FE A S B 25 He 5K %A AE R R 11
B ER R C 13 B VR AN R R, Fo A o RO e i
A it — B IT .
1.5.6 AT

FEA RN TR REIIRET T, IR IS 2 K
S Al B FHEE AR BRI 51N CA K DAT
b KR TR () 5 . D A% B AR A R P IR AT A
) — K AL S, 753 T T LR R
Xof 98 T KA AR TR A I T 3% R A A X — R T
PEMIAREE, 2 TAER KR AR 5 N AT AR Ak
1] 738 1) 8 i SR A

Xof - SRR 2% 5 4 00 A 1 R, — R P R A B9
Teidixt w ML 52 AT A R AT R R s AT
BRAMRIRIE, SRS T E N Bt R e
% T A, Liu 287 B58RAE S 2 A5 %07, R
T R RV AR iR AT PR (0 s, T
FETC 1% X 355 P S I 326 % A58 [ S R A i 0500
KB & B 47 5T RIALIG S 2 347 il SR A Ak
1 B 2R IR, A5 Bl e ) A 10 22 U L i B Ay

SCASFR I, CARRAR A AL 47 2R AL 27 > 7 B v SR Bt
PETFAH 5 AT P AR 2L 47 5 5% K3 5 R 3] 151 = L
i B A AN SE B b7y 5 KRR O R AR 2 P BB
ITHE 7518, FERCIE XN B & A 2 B AR L=
ST ML I% B8 4%, 52T Amazon i 1% £ 85 42 7T & 44
B 07 3, Fo0 A5 R AR, AL T — e AL 5%
(AT RS K, P th S i o B ) S A, VRS
W (HE X)) BN, HA R LU AR M AR
77 T AT AR A A DL A

FE T I 1 22 47 M A A e 8 A 2 A SR o, KA
TS 22 bR R 5 FAR B M U T R BT, AR
THE Re LR 00 B SR, AT A 73 2 Re A0 A0 B vk
FENG RE T RE AR AT B ot HAr, x5 ATk
DE A I e )R R SR AR, KRR ) N AN 8 B KT &
BRR, JEAR RS EAREH, T B SRE 5 A2 b
B SR RE AR RN B B, LR S 5
e A FLAE PR 2R ) BT R
157 B RETik

RAETY BOARAE BT ORAZAT ML 978 70 A5 20020
RART . g — 2B HEHE KRR AR AE BT (R AT
(K JE, T 1) A BFBE T B3 22 H bR 3R o Be i Ak,
Wan 25 R 7 — R TR BB Bk, TR
T T AR ARA R B0 B B (TR IR
fry MR AR) BEAT X 7 H AR & s/ ME TR E
BB MO REE A PR [a) | b H 7
RS RS, B8 2 B it o e 3 = AR VR ) 25 3
45 2 S BRIV R A R ZER R L 2 T
S AR ARG 48 0 A R SE B $s TR EOR
W R SR W BAR 2 N IR R, W TR =AM
YR SZ IR AL 73 Be 26 35 300 £ 2, DA KB 8 gk 2> % Y
F 37 5 her A 9 A OB AR AT B A7 B Th gL [
I, 1% 50 AR BT AR SR B B T T e 2 i A
AL S AE 55, (i H B om0 TR AR I ST
ChatGPT £ %1l Qwen 51|55 7 Fft K iF 5 4 28 X i
P th B AT R S . SeEe 25 R W, A GPT-
4o I, A th HIRAE R Hbr Ly seBl 1 wfl, Higtr
FEIN B L. 1 AR G S —— A SR A
REL AL SR —— T ARAR SO HF 8 A% B
(nondominated sorting genetic algorithm II, NSGA-II),
55 B de 5% (BEF GPT-4o 508) — & JF et bl sk
B AEFN AR BRI DL SR ER o, 22 H AR AL In) i 2
H AN 2 g B H AR Ak Il L s &85 SRR R,
3 MhELVEAE 5 B AR 22 R B0, B P B
IBAT AR A T Fo At A R E— B BT AT
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FE, F N NP, ST 100 R i) 5 2 M, A 0%, 5
BT AU 45 B, BT SR I A B R A
DLISHIE. v 2 3, 76 B4R 50k o, KR 48 3 AE R
RS 2 7 5045 R 15 B 1 2 A HE B, I 7
Ik T SR () 35 AR 0 4 L A% K 3 A L™,
HAE TR T8 B o S0 1 200 N R B A LK,
LR 7 TH [ B AP R LT, AR AT B4R,
% [ B KR B KIS, A TR A TE
PG TR b2 AT, (R PR AL 48 SR AR AT 42,
{3k — B3R T TR SR R s e, AR L.
1.6 KB

LA Sl AR 584 5 e, Blesk 3 T4 S AR
SEFEHR A B T2 AR T SRR o, o T
BTG A B0 1 e B T3 B T T B, A R A
V5 R AR FERTRY (5 150 B0 A B R R e R

fifp LSRR AN 58 S Ik (1 T AT R . K Y 1 B e
T AR 78 2 Hdla 4 5 AR AR E (K BOR T B Lt
L, TR SRR B T R R AR K
PRI A Ae D0 AL SR I A e i 3 s A
A A Y O, AKAR R A% 0, NSROVAR B, $27F
Hya 1 o AN AR AR ) B ShACRE L Sl R R R
S ARVE G BRAE  TCARTE SR ERNE S
JRHCHE 178 70 A, DA R -0 ) 3 23 2% Bl [
B 5 3] T B A 2 - A 2 ST R R K 7 3K,
B ) 8 R SE AN e A AL SR 7L
oAt LA BB NV 0 2 5 L e 3t — 2D Hs
PR BB A EHE T B KL R, Wbz Wy
SR E L VEREVEAY S R R EL A 7 A T e B
Y S U A A R S DA R LI A 5
I P .

KM AR SR R T BAFE
L & xemas
AR G gy HEL B AR
ik ’? CEmt B
ATl RS ook BORE
ok
O ermm FRERSHR  hREAROR
AR b KA
g FARERSE AR A SR
! Prnnm
VLR W b I P
%%g% = i Kg A% ERE 255 % JifL iR T
‘BB i SR
A g S i8] i)
gl B BEAL: ) ?E % EE
LS i OB e
B RUBED @ g e
2 R ——
o HRR, AR
g
E3 AERIRE R UEEERSE

2 Fee M EER e AR RBT STt R

S WL SICY G C G N o N Yl e N
M2 3] 4 22 LS 22 2RI SR B ia L, LA AL e
FERUIMERL e AN D AR B BAR R I P 5 B
TSR v S A, 2 TR L AR AR SR AE
KRR b 55 T A, AT &, B REL S
FFFRA L BB SCRR R 5, HR, HX T2
ANHA N BR BN RT3 DR JR R o 18 58 17 DL PR
X RE S H . TR, R AS R REAIC b S %2
BRI T BB R TR I AL S,
BEAT RIS LA PRI, SEBUR B L R AE 2
TEAR A SO ISR ANGE R, IE RO —Fa s, &

REPR AL SR RE Y 5 R4 B e DAL i i S AR
RN 2 KA (R A A AR A i A2 o, A 73 A Y
FROFHEER 45 A BN A N ST,

LR B, KAk R4 T 32 23 T e L
ANGER AL PR A S I LA (FRONER B 1EAL)
SKHL: AL IR I e 2R A 1) S J AL A &5
FRAL, Fe BT R (g 4 B AT A 2 AN
POt 3 AR BUAE KR (3R os i dk, AR ddon T
TR 10— AR, A0 KR AL A B BEAT IR %, 1T 2 18
o TR E B O RERAE S, 513 KRR
7 SN £ SIEBR AR R 0 A AT HERE.

ST R R ) S5 PO AL 3 AN B REAT, T2
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FRER F KRR B4 e AL H 5 AT R0 43 3

881

FERE AL HIn LA R, 1K 3840 1 SRl o B = .
Re LA R TR B XA B A A O SCHR I AE AT 7
7, BN SEAR AL, SRt A& A 3 A7
THDA AT AR, F HRR K R S B R . %
T A MK TR 2 D, IR & T =X
IR, T4 B AU & DUTAE QU R BRIA |

21 SHMk

flC#k H & B (low-rank adaptation, LoRA) 1E A K
BRI S & Tk —, B 5 24
MAERTSEL, & KRB R B2 & MERE. 2R 1M, K&
()56 JE T BN B A ) S I A AR AT 3 1 T AN 6 1)
TIRIR TR, SEGLEA LoRA fEE B M5 H A it R k.
Uk, Jin 2558 LT RS 1 T ST R R A
fiti LoRA, PASEIL R RAE /INFEA S 5 R B o FEAR
. SIS S5 SRR B, A LE T 240l LoRA, o503t ik A7
s FH B/ W SO R T R

Li %P 5t {38 F B 2 KA KRB RS 5
TR EEAT THIB IR R, EAPRIRLRE R G 0L R
A TR EIRMA A ZE, S T X AR EE
AR5 1) e ROE IC. 2T 22 PO Y S A 22 Fh e i
WSRO ITIETF R T R E SLRIRIIE, izt 5t 7
I Rk — RN BEE 1 BE A,

N TR R B AL ) 2 B v AU (parameter-
efficient fine-tuning, PEFT) i #EHE AT H2 1K, AR FEAK
I 1) 45 %5 N B A, Wang 2% S X T TR
PE (shadowy sparsity) FINES:, JFEEULERA b, 2 —2F
Wil 7 —FFRIE LONG EXPOSURE [ R4 )7 %, H
B 3 %O A T I e G A 0 4 Y 4 3R ) R
BilEOGES, F T &1 b B2 505 3 (1) 21 TN s
HT ARG AWER s SRS a5 2
A~ SOTA %177 %t b, LONG EXPOSURE [ 3
FHE 7145 DAL,

Ling 257 %ot K B AE B2 BRI7 5 T 103 5K
G R UL P e SR e )R AT T B 2 B AN S B R E, 4
WS SR R A TH AN A 2 ST R B R
SR IR 5325, A TR S ) — M S 508 R
PRTT, Birde 7 SSOE FE TR, A7 5 R D

BT RAR IS AE N Ve 5 22 AT 45 2 O 2 v T 1 )
BAm A T AANE AT I TR AN H B4 K5 ), Liu
&7 e+ T 3 T MoE Al LoRA )% 1% PEFT HE
B8, DASEI RS AT 55 iR ) s Ak 2.

EAF 48 H 2, Bk F 8] PEFT 1F A — Fh KR
BAARAL SRS, i OB S 4, SR T S R A
TSI 1 25 A VERE, [F) I 32 2 PR AR T I fa) s 1o

B A7 25 Bl AR, T SR 7 R 2 IR IR BT RO A
AR, M LoRA 1E & H #t Y Sz 2 —.
22 #rtiie

Bt X T 1) 2R JRE AR TR O3 T 4 S ) KT R,
Baumann %" ¥ BT 1 (0 42 5 17 28 58 HL 5
NSGA-IL, EEAR FE AL 2 H bR 5% (s-metric
selection evolutionary multi-objective algorithm, SMS-
EMOA) 4 &, $&HH 1 —Fhd: T 2 His
SR TTE, LRI IHAN. B4, 1% mAEEERE
I SO A B B A . AR i, &L
MHF AR S 5153 ) 9 51 3 K8 R R AT A X
AR S B SCARSR R : 1T 2 T AN IUA SR @l 7
—ANFTRIR (I R LB SRAR R R O — SRR R,
IO AE B ), JEF T — A ARG T
—NETRR (AR BN RS AR AR, 21 B s
7).

Saletta 21" 3 35 {4 R BF: 52 W Sk AR 1 12
AR AT TR R, I X B A TR E R A
% (dynamic structured grammatical evolution, DSGE)
WG AR R 7R T3 S AE R 6 VD T AT i, et 1
AR 2R PR B AR 5 T R A, AR
SCZ B3R AR BB AR I T

S TRHRS AR S %, Levi 251 it 7 Bk
1 SR A R G5 SR, HAR A P 0 P A R
530 5 FIBIAR R B AR & BURE A, 45 & > BEARTE
FLSEREAR, DLSARR 7 020 1 R ) S o A .
H:T OpenAl JiE T WAL A KR SR 1% R G007 %
(A R FIAR R T — 2% SOTA J7 E R BT T
SEIRAIE.

Salemi 25" H7 H T 3 T4 2 G 58 ) AR R A
PR TTVE . ZITER IR R A B EMH R 5
BRI A GE, R FLAE D9 B S S 5N R
M, BE— AR B sEA 2 L FHIRZR R A BORSEBL T
KA w2 A VAR FE R T

NHRTELLRIE RS AR 0 B8 2 ST B IR 453X —
Bz R S5 B R 8 2R, Lin 21 gk
— A 3 T8 B2 AR AL AE 52 % 2 (in-context learning,
ICL) FI S Rt i AL 2 H br ik $E 500, 15 72 L i
RAR At B A T 5 5 e /N T P RS 1) ) B AT 6T
Ak T T N B ) PV A 7 S AE 28 R 58 U AT,
BTt 1 — AL 1 4 5 R 1 SR, PAAE i
PR RE T PAT AL B AR G N A . DL H A
BTAES5 N, JT e i SRS ) SR IR AIE, S0 45 SRR,
R BE T8 P B — SRR, AR AN A 1 ol 3 42 3



882 = % 5

xR E41%

RN FHR RGO T T KB A FH R A
R AE .

NPT 38 KA R AE THDO AN [R] T AT 55 0 3
J57 B 77, Sabbatella 25" £ Bh e 1 o8 5 4 Bh ) DLt
B A 072, R S R L1 X — & LAk i) it
WA EESEARAL ) B, AT SEIN T 48 3R 5 () 4R R &5
FAERR I BRI )55 2 AN FR bR i R B U N IR
EHE. IR, Z TR BT e e R T AR UL R A,
1 AT AR A 7 THI A7 [ e, A Rt
23 BRAERNK

TR IR B2 97 15 S5 1) Ab B AR AL, $2 T
[ U7 o T8 2 7 R R R 2%, Goswami 2517
St T — AR T ORI e SC A E B T
2T RAE T B AR s AR 1 [F] I, A FH &AL LoRA
(quantized LoRA, QLoRA) SZ I 1 K4 4 [ PEFT,
DABRAC A TT 4, S Vit ERCR 1207k B EAE
FH RSB 285 6 AN [A) 1R = 2 3 55, DN S IR I 2 3
Hh e o D R B 2 o) R, 3E — DA FH YRR 1) IR A
B e 2R 1) 125 7 A 45 . DL Llama2 99, X% 77 %
BEAT T SRR, SIS 45 RAR W, AR XUE AL B A
(bilingual evaluation understudy, BLEU)"'"", 1] i] 7
(=] (1) 4 L PF Ak B %h (recall-oriented understudy for
gisting evaluation, ROUGE)""™ 453t 5 4% -, %7
EE AT A, ok TR K
TEA.

KELWEEREY, ZAEFKARBEMZES
0 [F] 57 20T 3R T EUER RN R G 1 AR 2 B e i
TER, JEHREE/NEAR S, H 2R — IR IR T
AR EAL. ST I, Ding £ R T AR
T R RS & B R SO S A SR 1% R
BTG W0 28 A 1 T AN AR 55 I SO i IR, o H e 4k
R S I R IR 2R A 3R N2, DL
ZARSSANREARIREL T R 5 RS R 2 H
A RAL. SR, 12 SR 1) RN T 55 IR AH AR 2
BBURK, 455 I AH SRR FE BRI, AR PR R ol v 1
FIT BRI A B2,

HRAR BLAT M1 5% SRR, %55 (alignment)'! ., B4
(pruning) ', Z&18 (distillation)"*! #J i T AR Y 1Bk
G E EEEARF B, = HENIRAMSMNE EAFAE
—ERRE A XN E B
231 X F

Xf 55 4 R A2 R A RS, 3l Ho e e R AN 2R Y
Pt WL AR, F0 2 & DX ek i) 22 4 A4S B 1
et AR, H 0 T R R T N R R A SR AL 2

2] (reinforcement learning from human feedback,
RLHF) #l ¥ [a] 5% 1k %% ] (inverse reinforcement
learning, IRL).

Bai 25" W TE T BB 2 i A AR AR B A
20, T R8T R R B R 48, T2 HE 20 i
JE5T 5 KA TE A A MR 2 A d M PR A, R
RGN IE GRS I HEIRBE 0, SEBL T X R
G RO AR RS AL, SO0 45 LR W, A EE T4%
GLiEE T e SIHLAI AOHERE R 0 2 T OB Y HER
ARG, 5l NAZHELE 5 13 T KB (M HER RGAE /)
FEANG 5th B S s A BE U Az AL RE

HERF ZR G0 A B PR AR R 3 LA T 1) A 2
AT 5 3 BT AR 77 THI A7 AR B SR B, PELAS FLAE
BLSCH S O REF . % T 0, Lei 250 (5 B SR 4L
AR, Hof F - RAG T (0 HERE 22 Gt 0 7T g 28 4 i it
1T THPPIRZR . R KRB E N HERE R g AR, ATE
B A (A AR A (8] A, KRR E T AT x5 &
B0 55 TR AR5 3 AT 5. DL JER, SEBL TR
IR PR 2 BN 5 ey 0k T4 9 A 55 1) S 1 TR 2, A
AR T m i R E = A R E i N2, H
THERE S5 R AR .

RALE 1 5 AT AE 73 B ML Ak PR\ o f) A [ A0

oA S SR (B AL I, AEAEBGAE AT B
ST X T BB B AETE 7 A AL B A2 o )
B RTINS T BE 23t IUAN R AR 2 1 25 2%, DT X KA
o S Y Y 0 5T A ST S R D, W
AL NN H AR LR AR S I M S PN TR,
NRRLGE T F AR BTt 1 XU 5] S HLE], 51
HTARR, ST A R 58 A5 25 SE AR B L 5 Token
SEEL LA B A5 Token £ SCAHFAE 25 [8] 1 B 55 . %
B RIS 28 S KA 518 5 R R S EU AL AR s
1k.
232 B &%
BB A& 50 B KA b (R TU AR 2 80 5 R
RSH, AR HER R A OU T, JRTHER R
I B AR THERL A7 55 BRI 8 A AR, s BLE B%
(EELESGLL T E L8

RS ) i 5 2 2 LS B f 2 i ok 1 A
e MESE RS — RBIPRAKR, AL AR R B ROX — R
T B A% G T BT R S AR AT B T O R
gifyrh R 5 R () A 2 S, B R BT R 2K
RzEsm TR, Ok, Sun ST HEH T IR T 0 PR A
WL FR A5 3 BT SR . % SR R ] Kullback-Leibler
HURE 73 R T J2 N R R AR AR AN 2 18] 42 SR 48 A,
TRERBIRM F 25 5 PP, JF A g B, 38 1
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JZ TRV R B 0 A BEAT IR AR AR, S 1 DA 28 g 87
REIR A& 1R/, 5 2 Fl SOTA SR 1% L S 5e
g LR, 1% 5 e 05 0 S BUR 4 R KB LT
F A& T SR () PR AR RE 7, STl AR BT b — o) KRS
TGRS HORAT B A R B I 7.

Islam 251" G 36f KRR 7 5 5 32 BRI F i 7
SRS B ) L, YT TR TR I I T AR DL i s
SRS BEHLBY K 5925, DA I AR A 0 3 AR i
ISR B | HHEFEIE B 45 T A ¥ AR T @ I
FUSCAR 73 G A9, 1% 7716 A R0 AR B 75 DL
iE.

233 & 8

IR — NS HE L SMER KR
TR (TR TR ) (1 25 BOR 45 W BEAT R R A, 1331
—ANSHTE D S L O Y (E AR AL 1
TR, R R R S0 A i AR AR A0 M 3 T AN S S b
AR

Cui 27 36 3 TR [y 7 28 )% BE 1A 5
NI 2% B CR R BB SRR AT TV IR R, 2
TR A RS, TSI AR G 1 2
R . 1% S A B 3 T B 36 (1 5 2k
HEFP AN 45 5 4248 100 B 1) 20N 5 3R, A 2k
SR T AR AR AEHERE R AR S R I
3 Kk FOMA R FN R B AN T S B
e R R G 7 R 22 S MR 5 2 A R
TS A 22 R

Lu 220 IR o 7 — R AR B ) f0 4 2
PR R AIHESE. ZHERR N E T 3 AR, 4
APAT T EREL BRI ZEATEN D RE, i

0%

B REPLAL SRR BE KB K J T 17

4K

TN iV PN i

LRE B

wit

(& e =30

I

R LA

Pk
Z g

X RIS R S5k SR BIBCE L, SEL 7 X &
NSt 5 A A 1A 25 100 A 00 TER AR A KU ARl 85 155 Rk 20 BT
FES5h, ZHERLIAS T 2 A 70 RO PPN 1 0 1 B
fIe.
24 KRR

FHEC T/ AL, B 2 2] Tl 5 2 sdk
2] 3 RMLES 7 I E AU 25 G 18 AR RIS A Th AR A5
FONE . X R 2 ia B gR A s AR ORI i 1ok
TR B A A R RO AE S, #1120 1 R Be B L AL A Ty
TEHUR R, w5 B 5] 2 s B

B Ee A SRR BE BT () R SR K S ] 4 P
7. MAIE FH 2R O, BT AR A R P ) L 2
HbR 314, 20, & 51 R BT R 9 Bk, AL
st A BRI S R K N T EE R LS
AT & RS B 755 R, KR BNt
B v R FH SR A 72, SR AR BTN 2535 5
ety SEN N BRI 2 N A R e
VAL, [RS8 T Fe b B2 B2y o A, 1 ik FH 5K
i 77 9% B AT AE A (IR AE A AH OQ AR A ™ G 2.
TEMCHEAN b, DA B U H & N (B ST
B2 —, BAEXT YN SRt i B R AR AT B, s L
FER AT A5 3 R B 5L FALER,
S 8 FH SR A 7 2 DA SE L 10 7 U8 T 4%
KLHMNH, BFFEE L. BEIRNEEETT.

KA H A IR L G5, BRI IR B2 2 ST AR,
HHT, 58 TR BE o SRR AL i i 72 LS AR A oy
F, M FEW KT % (gradient descent, GD) FHl
H & M %5 ff 11" (adaptive moment estimation,
Adam)"* % 3% BN 4 S VR RO R E 1, TR

FUHR A
& o
e -
mflr@mﬁw
AL
S YT i AT
- W g
PG S
) A
Ry, w HT
s (N FERT H
FERET i =l
T B
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TR R AL B E . R ik, X TR R A A
I ZEAAL, 1# 2 BT VE R A 302 2 T X W
b 22 ARk AR R AL A SRV (R VR FE il & . Le-Duc
U2 [t GD AR 5N T BRI SRR, FEH T —
FpFR NG 12 2 4E (sequential motion optimization,
SMO) HRA R et 5%, H TIRE A N4 12
B, 2 )5, Le-Duc 25" SUB A C1Z 0L 51\
% Adam HB KA E , FfiE— 24 00k 5 1) Adam
HH g E) SMO M4 &, SCil 7 EE BIREEH
2 W 2% 2 B0 ST R 32 TT; Yang 217 Xt GD
(R Ao B AT Ak v B b B B A ST AT T AR,
DL BT, R T AH R R & B se A Bk, T
£ 2 H bR = SO 5808 BE A 2 I 4% 1Y) il = AUAE
Akay S ST 1) % 2 L A VR B 4 W B 28 I 4% £
To A K AL AT T RGEME. ERERR S,
TR 5 IR R B 1 1) 02 B A& IR S5 MR 52 21 e 1Y)
N TR REABE Y IR B i 8 P 2 A AT R TR s 2 S B A
B —AN 5. RO (2545 B0 2 ) DA R 7355
25 B8 p A AR U0 AT R AR B 2 ST (s

AL [ T e

T SR A PR NS T B A R AN AR A A
DT R W0, [ IR DR 55 0 4 $E BE 0 5 P 32 B,
Cao %57 4R 1 7 AT MARE 43 J2 B 4B U B LA Ay gt
fi, I 52 4% Tk RGEIKIHA T TR 8%, Zhao 25
Wt oy R GERIHES TR BE GE M5 Mai 251 b — D0
PR HE B SN R B B AE RN e, i HLAE AN 52 SR Kt
Wy e il VRS 2 TR T IR AR M 2
Ko o) 8 S B AT B R RESE T R AU
ROk ST B, W U7 2= BE B O N BE AL R R
(covariance matrix adaptation evolution strategy,
CMA-ES) 1 i 1 ff fb % % (whale optimization
algorithm, WOA), Al v 14 3= B4 I A J5 1 40 380 10
PRI ) B A N FH B H AR M R vt B SERr b, A
WX TR E 2 STAR AL R ) b s ], AR B RES 8L
DUAL 75 T (4 R R 20 B 9 KA R 1) B e 2 B DL AL I
RFESEHT AN 4.
3 4 #

KRR ZE 5B e L sSe DL 3 b, B
L BR BN SR B S ARSI & K
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RER F XA 5%

RS ok AT T i 885

MO KA R e LA SRR R R e e A S It
R BB B A AH DG SCRIEAT T R B, FFX PR
FWARR K EHAT T EHRE.

TEARSCH, “N R X — RIEHE 2 KR M.
L b, AT N L B8 R G AR A R A B R
7~ HERRL ARAL 3 AT R I, 3X 3 AN T7 1 ] AR
PEXT T N TR RE 5 G0 1) i Dl v Hh 22 OC H 22, m i
AR A9 A TR i R T 43 £ T B AL s o,
FOGVEFE H 28 G 0, 568 HVPAN (Rt 72 38 T A 1
B B ) 58 BB B, TR A R -JR i HET-H %2
Tl 3205 2RI TR VR (B AR AR R
TERMIRTIERER S —. AEREY 0 BE
R P IX — 755 32 AR T7 VR B Al Rt AT 1
RN T, 552 ) bt o AP e 40 0 2% 3 — B 45 &
SR E MR R B AT R AT T VR L, E R
At O St 88 A 2 T 9 20X — AT 3 S AR S
AR AT T RS IR B AR I 2 A5 4th
FIHEE 2 40715 A E A7 TR AR S F2E B 1) 43 A B 2.
BT, AFEN TR IE O s — Mt A BAN
RIEEH, R —(F 2T PR, X TR
TR T g R T A BF Ot Ok B 1Y) A B R
(chain of thoughts, CoT). [t X AS[A] N T8 GE AL IR
FE AT R 1 7 T ) BOR B AT B L JITE, AT RN T
RE 3 G0 0] R 1t A5 2 S 5 b R ) B 2 A B i —
i A KA Y AT AR RE R VT Al AR R, AR R ORI AL ]
FR R R R A B B 2 S P R .

SRALE SIHE ANLES % 2] = RE Mz —, i
di 2 PR SR AUEAR. 5 AR i & 21E
2B 2 (0 S R AR Ak 2 S BE ™, S i
IR ARG BT, 72— UG DL T, s s Ak 2V
AR D2 R & 7 Ak 5 2] 5 HAl AR g &
f o R, S Ak 2 )3 s A B T 2 A
RIETCHA .

5 DABE A TH MR A B 1 oK A 5 R Re
LGS T AR R R B TT A). AR T &, KA
R EE S-S T AL TR Z B B, LA A
KRIANECAEAR LR R T A EMEL AT 7/,
EASHE H B2, A 2R T KRR 5 & ge AL &
15, B TR Re A SRR B R AL, IR AH G T
VESSAN P I SRR 9T, B AR T S ie 45 3 e LA 12
H VR AT AT M A R R KRB 5 Re
A SRE S A R BE A 32 BT T L8 2% 2] 2R A1
BRI, HAT, 85 L 15 KA S R se
W RE S & BRI A TF. RBAL (1) i & 2 H0f
HIREMEAFIT R KA 58 se b Bk a5 & i B

YOI 0 B PR AR T Pk s 1 AN A A T AE KA Y
R se AL SRR s AT RS R YRR B b, A
B B A SRR IR 3 ) R AR R I 2Rz A 1tk o B b,
BAEBUA MR TAR T 2R J, B AFAEAR KN LA
JE. BEAh, X TR 5 R BRI SRR A ST, A7
TEWE 2 AL, BEAGHIL MR JZ B B, AR H AR T DA
3 A7

D) AR GHA BTN IR,

KA B 77 8 REA A B0 (i B o 3, R e
PSR SO R ABE A ) R R ). AEBRARIG DL R, BT
P& B R G AR SR A vt bR 5 I — AN AH A AH
) Z JC PR SR, AE IR By, KA 5 8 se e A 5
V2855 0T T R R e T RE . AEOR SR, AT AR PR A AL
iy REAR, SR e A SRACARE & O N, 32— 2D 4R T B
ARG R

2) ARG REARTHEON A IR,

TEILA W SR R SR 5 KA B 25 5 B LI
R, UG SCE 2, BT SCRUD . 2R
L JRFE AR SR G B AU AT AT A b 0k FLATE B
PER G PR E R B A 2. R B HERR R
THFE T 2 WTHEL AR BRI, 2DRAEAE HARMESS
b SEILE B PERESR T, At T B R A ) SR B
FERR, A b HE I [7) 27 A FR AN Tolk 5 36 [F) 75 5K, 2
— SR R VA S R R S S T AR S
I T A

3) ARG PN R IR BN B —

Xf T A — R AR, A AN A 557 4145 T B R
PAL L AT YN SR, FEHERL A, R ME R 255 5 T
A BN X T [F — R B A B, 5 FAS [F) 224 #
FUBL T B R B E AR, 7O SRS 4%
77 7R & Wtk B A OC CARFE SR I R G V- A |
AL E R PR U BN L AR TR
G RGP, — 7, WTEE T AR EAE SR, X
U, kS B AR G AT SRR HEAT AL TR B —
J7 1, AR AN R R4S R, G0 R v A S v )
(akaike information criterion, AIC), MEMARANE
FAEBEAT BACTEAY. BAh, MR G K 2 PR fE
A T2 5 2 Aol RS Y (8] 1 Wiy 3] I, 505 PR A
RO PRy b L RO, 75 B A B TR
fa by, fE25 B R M EE L LR 0L T, M
PSRBT B AT X Be Pk RIS AR R IE —
W5
SECHk (References)

[11  Mustapha K B. A survey of emerging applications of



886

# # 5

*

R £41%

(2]

(3]

(3]

(7]

(8]

(9]

(1]

[12]

[13]

[14]

large language models for problems in mechanics,
product design, and manufacturing[J]. Advanced
Engineering Informatics, 2025, 64: 103066.

Li X, Tian Y L, Ye P J, et al. A novel scenarios
engineering methodology for foundation models in
metaverse[J]. [IEEE Transactions on Systems, Man, and
Cybernetics: Systems, 2023, 53(4): 2148-2159.
INFAE, RRAN, T4, & BN HE AL 27K
B XS Agent 4 55 HLRI[J]. 426 5 R 5k,
2024, 39(12): 3927-3936.

(Sun Y X, Zhao J J, Xie Y X, et al. Self-generated
wargame Al: Double-layer agent task planning based
on large language model[J]. Control and Decision,
2024, 39(12): 3927-3936.)

Tang C L, Yu W Y, Sun G Z, et al. SALMONN:
Towards generic hearing abilities for large language
models[J/OL]. 2023, arXiv: 2310.13289.

Liu Y X, Zhang K, Li Y, et al. Sora: A review on
background, technology, limitations, and opportunities
of large vision models[J/OL]. 2024, arXiv: 2402.17177.
FeiNY, Lu Z W, Gao Y Z, et al. Towards artificial
general intelligence via a multimodal foundation
model[J]. Nature Communications, 2022, 13(1): 3094.
Mohammadi A, Sheikholeslam F.
optimization: Literature review and state-of-the-art
algorithms (1965-2022)[J]. Engineering Applications
of Artificial Intelligence, 2023, 126: 106959.

Mei Y, Chen Q, Lensen A, et al. Explainable artificial
intelligence by genetic programming: A survey[J].

Intelligent

IEEE Transactions on Evolutionary Computation,
2023, 27(3): 621-641.

Wang B, Pei W B, Xue B, et al. A multiobjective
genetic algorithm to evolving local interpretable model-
agnostic explanations for deep neural networks in
image classification[J]. IEEE Transactions on
Evolutionary Computation, 2024, 28(4): 903-917.
Huang S, Yang K X, Qi S, et al. When large language
model meets optimization[J]. Swarm and Evolutionary
Computation, 2024, 90: 101663.

He C L, Zhang Y, Gong D W, et al. A review of
surrogate-assisted  evolutionary  algorithms  for
expensive optimization problems[J]. Expert Systems
with Applications, 2023, 217: 119495.

HKE, R, PREMS, 55, BT 2B 2 H ARk
LAk B S SR RE B RE T D7 VA [T, AR S R,
2023, 38(11): 3057-3065.

(Zhang Y, Liang X K, Chen Z P, et al. Intelligent
design of building energy conservation with multi-
surrogate assisted MOEA[J]. Control and Decision,
2023, 38(11): 3057-3065.)

Jin Y C. Surrogate-assisted evolutionary computation:
Recent advances and future challenges[J]. Swarm and
Evolutionary Computation, 2011, 1(2): 61-70.

Wang Z Y, Liu S B, Chen ] Y, et al. Large language
model-aided

evolutionary search for constrained

multiobjective optimization[C]. Advanced Intelligent

[15]

[16]

[17]

(18]

[19]

[20]

(21]

(22]

(23]

[24]

[25]

[26]

(27]

[28]

Computing Technology and Applications. Singapore,
2024: 218-230.

Tian Y, Zhang T, Xiao J H, et al. A coevolutionary
framework for constrained multiobjective optimization
problems[J]. IEEE Transactions
Computation, 2021, 25(1): 102-116.
Rios T, Lanfermann F, Menzel S. Large language

on Evolutionary

model-assisted surrogate modelling for engineering
optimization[C]. IEEE Conference on Artificial
Intelligence. Singapore, 2024: 796-803.

Farquhar S, Kossen J, Kuhn L, et al. Detecting
hallucinations in large language models using semantic
entropy[J]. Nature, 2024, 630(8017): 625-630.

Hao H, Zhang X Q, Zhou A M. Large language models
as surrogate models in evolutionary algorithms: A
preliminary study[J]. Swarm
Computation, 2024, 91: 101741.
Zhong R, Hussien A G, Yu J, et al. LLMOA: A novel
large

and Evolutionary

language model assisted hyper-heuristic
optimization algorithm[J].

Informatics, 2025, 64: 103042.
Ma Y B, Cao Y X, Hong Y, et al. Large language

model is not a good few-shot information extractor, but

Advanced Engineering

a good reranker for hard samples![C]. Findings of the
Association for Computational Linguistics. Singapore,
2023: 10572-10601.

Wang F, Li Y X, Zhou A M, et al. An estimation of
distribution algorithm for mixed-variable newsvendor
problems[J]. IEEE Transactions
Computation, 2020, 24(3): 479-493.
Xing L N, Rohlfshagen P, Chen Y W, et al. An
evolutionary approach to the multidepot capacitated arc

on Evolutionary

routing problem[J]. IEEE Transactions on Evolutionary
Computation, 2010, 14(3): 356-374.

Ahmed T, Choudhury S. LM4OPT: Unveiling the
potential of large language models in formulating
problems[J]. INFOR:
Information Systems and Operational Research, 2024,
62(4): 559-572.

Chen H, Constante-Flores G E, Li C. Diagnosing
infeasible optimization problems using large language
models[J]. INFOR: Information Systems and
Operational Research, 2024, 62(4): 573-587.

Liu S C, Chen C S, Qu X H, et al. Large language
models as evolutionary optimizers[C]. IEEE Congress

mathematical optimization

on Evolutionary Computation. Yokohama, 2024: 1-8.
Yang C, Wang X, Lu Y, et al. Large language models
as optimizers[C]. The 12th International Conference on
Learning Representations. Vienna, 2024: 1-41.

Liu F, Tong X L, Yuan M X, et al. Evolution of
heuristics: Towards efficient automatic algorithm
design using large language model[C]. The 41st
International Conference on Machine
Vienna, 2024: 1-23.

Zhong R, Xu Y F, Zhang C, et al. Leveraging large

Learning.

language model to generate a novel metaheuristic


https://doi.org/10.1016/j.aei.2024.103066
https://doi.org/10.1016/j.aei.2024.103066
https://doi.org/10.1109/TSMC.2022.3228594
https://doi.org/10.1109/TSMC.2022.3228594
https://doi.org/10.1038/s41467-022-30761-2
https://doi.org/10.1016/j.engappai.2023.106959
https://doi.org/10.1016/j.engappai.2023.106959
https://doi.org/10.1109/TEVC.2022.3225509
https://doi.org/10.1109/TEVC.2022.3225591
https://doi.org/10.1109/TEVC.2022.3225591
https://doi.org/10.1016/j.swevo.2024.101663
https://doi.org/10.1016/j.swevo.2024.101663
https://doi.org/10.1016/j.eswa.2022.119495
https://doi.org/10.1016/j.eswa.2022.119495
https://doi.org/10.1016/j.swevo.2011.05.001
https://doi.org/10.1016/j.swevo.2011.05.001
https://doi.org/10.1109/TEVC.2020.3004012
https://doi.org/10.1109/TEVC.2020.3004012
https://doi.org/10.1038/s41586-024-07421-0
https://doi.org/10.1016/j.swevo.2024.101741
https://doi.org/10.1016/j.swevo.2024.101741
https://doi.org/10.1016/j.aei.2024.103042
https://doi.org/10.1016/j.aei.2024.103042
https://doi.org/10.1109/TEVC.2009.2033578
https://doi.org/10.1109/TEVC.2009.2033578
https://doi.org/10.1080/03155986.2024.2388452
https://doi.org/10.1080/03155986.2024.2388452
https://doi.org/10.1080/03155986.2024.2385189
https://doi.org/10.1080/03155986.2024.2385189

F 457

FRER F KRR B4 e AL H 5 AT R0 43 3 887

[29]

[30]

[31]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

algorithm with CRISPE framework[J].
Computing, 2024, 27: 13835-13869.
Pluhacek M, Kazikova A, Kadavy T, et al. Leveraging

Cluster

large language models for the generation of novel
metaheuristic optimization algorithms[C]. Proceedings
of the Companion Conference on Genetic and
Evolutionary Computation. Lisbon, 2023: 1812-1820.
Xiao Z, Zhang D, Wu Y, et al. Chain-of-experts: When
LLMs meet complex operations research problems[C].
The 12th International
Representations. Vienna, 2024: 1-19.

Sartori C C, Blum C, Ochoa G. STNWeb: A new
visualization tool for analyzing optimization
algorithms[J]. Software Impacts, 2023, 17: 100558.
Sartori C C, Blum C, Ochoa G. Large language models
for the automated analysis of
algorithms[C]. of the
Evolutionary Computation Conference. Melbourne,
2024: 160-168.

Custode L L, Caraffini F, Yaman A, et al. An
investigation on the use of large language models for

Conference on Learning

optimization

Proceedings Genetic and

hyperparameter tuning in evolutionary algorithms[C].

Proceedings of the Genetic and Evolutionary

Computation Conference Melbourne,
2024: 1838-1845.

Tianrungroj Y, Iba H. ROIL: Rule optimization via

Companion.

large language model for imitation learning[C]. IEEE
Congress on Evolutionary Computation. Yokohama,
2024: 1-8.

Yao S, Chen H, Yang J, et al. WebShop: Towards
scalable real-world web interaction with grounded
language agents[C]. Advances in Neural Information
Processing Systems. New Orleans, 2022: 1-14.
Pluhacek M, Kovac J, Viktorin A, et al. Using LLM for
automatic evolvement of metaheuristics from swarm
algorithm SOMAJC]. Proceedings of the Genetic and
Evolutionary Computation Conference Companion.
Melbourne, 2024: 2018-2022.

Pluhacek M, Kovac J, Janku P, et al. A critical
examination of large language model capabilities in
iteratively refining differential evolution algorithm[C].
Genetic

Proceedings of the and Evolutionary

Computation Conference Companion. Melbourne,
2024: 1855-1862.
Xiao T, Xu P. Exploring automated energy

optimization with unstructured building data: A multi-
agent based framework leveraging large language
models[J]. Energy and Buildings, 2024, 322: 114691.
Bran A M, Cox S, Schilter O, et al. Augmenting large
language models with chemistry tools[J]. Nature
Machine Intelligence, 2024, 6(5): 525-535.

Qin S Z, Guan H, Liao W J, et al. Intelligent design and
optimization system for shear wall structures based on
large language models and generative artificial
intelligence[J]. Journal of Building Engineering, 2024,

95:109996.

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

(49]

[50]

[51]

[52]

[53]

[54]

Liao W J, Lu X Z, Huang Y L, et al. Automated
structural design of shear wall residential buildings
using generative adversarial networks[J]. Automation
in Construction, 2021, 132: 103931.

Genkin M, McArthur J J. A transfer learning approach
to minimize reinforcement learning risks in energy
optimization for automated and smart buildings[J].
Energy and Buildings, 2024, 303: 113760.

lijima F, Ikeda S, Nagai T. Automated computational
design method for energy systems in buildings using
capacity and operation optimization[J]. Applied
Energy, 2022, 306: 117973.

Fei Y F, Qin S Z, Liao W J, et al. Graph neural
network-assisted evolutionary algorithm for rapid
optimization design of shear-wall structures[J].
Advanced Engineering Informatics, 2025, 65: 103129.

Fei Y F, Liao W J, Lu X Z, et al. Semi-supervised
learning method incorporating structural optimization
for shear-wall structure design using small and long-
tailed datasets[J].
2023, 79: 107873.
Yuksel S E, Wilson J N, Gader P D. Twenty years of
mixture of experts[J]. IEEE Transactions on Neural
Networks and Learning Systems, 2012, 23(8): 1177-
1193.

Cai W L, Jiang J Y, Wang F, et al. A survey on mixture

Journal of Building Engineering,

of experts in large language models[J/OL]. 2024,
arXiv: 2407.06204.

Ferretti L, Ansaloni G, Pozzi L. Cluster-based heuristic
for high level synthesis design space exploration[J].
IEEE Transactions on Emerging Topics in Computing,
2021, 9(1): 35-43.

Xydis S, Palermo G, Zaccaria V, et al. SPIRIT:
Spectral-aware Pareto iterative refinement optimization
high-level IEEE
Transactions on Computer-Aided Design of Integrated
Circuits and Systems, 2015, 34(1): 155-159.

Siracusa M, Ferrandi F. Tensor optimization for high-

for  supervised synthesis[J].

level synthesis design flows[J]. IEEE Transactions on
Computer-Aided Design of Integrated Circuits and
Systems, 2020, 39(11): 4217-4228.

Haas R, Nommer R, Juergens E, et al. Optimization of
automated and manual software tests in industrial
practice: A survey and historical analysis[J]. IEEE
Transactions on Software Engineering, 2024, 50(8):
2005-2020.

Wang X Y, Ali S, Yue T, et al. Quantum approximate
optimization algorithm for test case optimization[J].
IEEE Transactions on Software Engineering, 2024,
50(12): 3249-3264.

Hu Q, Guo Y J, Xie X F, et al. Test optimization in
DNN testing: A survey[J]. ACM Transactions on
Software Engineering and Methodology, 2024, 33(4):
1-42.

Zhu S Q, Yu T, Xu T, et al. Intelligent computing: The
latest advances, challenges, and future[J]. Intelligent


https://doi.org/10.1007/s10586-024-04654-6
https://doi.org/10.1007/s10586-024-04654-6
https://doi.org/10.1016/j.simpa.2023.100558
https://doi.org/10.1016/j.enbuild.2024.114691
https://doi.org/10.1038/s42256-024-00832-8
https://doi.org/10.1038/s42256-024-00832-8
https://doi.org/10.1016/j.jobe.2024.109996
https://doi.org/10.1016/j.autcon.2021.103931
https://doi.org/10.1016/j.autcon.2021.103931
https://doi.org/10.1016/j.enbuild.2023.113760
https://doi.org/10.1016/j.apenergy.2021.117973
https://doi.org/10.1016/j.apenergy.2021.117973
https://doi.org/10.1016/j.aei.2025.103129
https://doi.org/10.1016/j.jobe.2023.107873
https://doi.org/10.1109/TNNLS.2012.2200299
https://doi.org/10.1109/TNNLS.2012.2200299
https://doi.org/10.1109/TETC.2018.2794068
https://doi.org/10.1109/TCAD.2014.2363392
https://doi.org/10.1109/TCAD.2014.2363392
https://doi.org/10.1109/TCAD.2014.2363392
https://doi.org/10.1109/TCAD.2014.2363392
https://doi.org/10.1109/TCAD.2014.2363392
https://doi.org/10.1109/TCAD.2020.3012318
https://doi.org/10.1109/TCAD.2020.3012318
https://doi.org/10.1109/TCAD.2020.3012318
https://doi.org/10.1109/TCAD.2020.3012318
https://doi.org/10.1109/TCAD.2020.3012318
https://doi.org/10.1109/TSE.2024.3418191
https://doi.org/10.1109/TSE.2024.3418191
https://doi.org/10.1109/TSE.2024.3479421
https://doi.org/10.34133/icomputing.0006

888 7 o# 5 xR F41%
Computing, 2023, 2: 0006. deep learning with risk aversion utility function[J].

[55] Xu H C, Hu H T, Huang S T. Optimizing high-level Finance Research Letters, 2025, 74: 106761.
synthesis designs with retrieval-augmented large [69] Alipour-Vaezi M, Tsui K L. Data-driven portfolio
language models[C]. IEEE LLM Aided Design management for motion pictures industry: A new data-
Workshop. San Jose, 2024: 1-5. driven optimization methodology wusing a large

[56] Chen M, Tworek J, Jun H, et al. Evaluating large language model as the expert[J]. Computers &
language models trained on code[J/OL]. 2021, arXiv: Industrial Engineering, 2024, 197: 110574.
2107.03374. [70] Gan K, Wei T. Erasing the bias: Fine-tuning foundation

[57] Xiao DN, Guo Y M, Li Y H, et al. Optimizing search- models for semi-supervised learning[C]. Proceedings of
based unit test generation with large language models: the 4l1st International Conference on Machine
An empirical study[C]. Proceedings of the 15th Asia- Learning. Vienna, 2024: 1-18.

Pacific Symposium on Internetware. Macau, 2024: 71- [711 LiJJ, XuM L, Xiang L R, et al. Foundation models in
80. smart  agriculture:  Basics, opportunities, and

[58] Lukasczyk S, Fraser G. Pynguin: Automated unit test challenges[J]. Computers and Electronics in
generation for Python[C]. IEEE/ACM the 44th Agriculture, 2024, 222: 109032.

International Conference on Software Engineering: [72] LiJ J, Lammers K, Yin X Y, et al. MetaFruit meets
Companion Proceedings. Pittsburgh, 2022: 168-172. foundation models: Leveraging a comprehensive multi-

[59] Lemieux C, Inala J P, Lahiri S K, et al. CodaMosa: fruit dataset for advancing agricultural foundation
Escaping coverage plateaus in test generation with pre- models[J]. Computers and Electronics in Agriculture,
trained large language models[C]. IEEE/ACM the 45th 2025, 231: 109908.

International Conference on Software Engineering. [73] David A N, Sewsynker-Sukai Y, Meyer E L, et al.
Melbourne, 2023: 919-931. Harnessing artificial neural networks and large

[60] Heris F S M, Ghannadpour S F, Bagheri M, et al. A language models for Dbioprocess optimization:
new accessibility based team orienteering approach for Predicting sugar output from Kraft waste-based
urban tourism routes optimization (A real life case)[J]. lignocellulosic pretreatments[J]. Industrial Crops and
Computers & Operations Research, 2022, 138: 105620. Products, 2023, 206: 117686.

[61] Diez J, Martinez-Rego D, Alonso-Betanzos A, et al. [74] Chen D, Huang Y B. Integrating reinforcement learning
Optimizing novelty and diversity in and large language models for crop production process
recommendations[J]. Progress in Artificial Intelligence, management optimization and control through a new
2019, 8: 101-109. knowledge-based  deep  learning  paradigm[J].

[62] Li B H, Zhang K, Sun Y P, et al. Research on travel Computers and Electronics in Agriculture, 2025, 232:
route planning optimization based on large language 110028.
model[C]. Proceedings of the 6th International [75] Zhang X, Chen H Z, Hao Y C, et al. A low-carbon
Conference on Data-Driven Optimization of Complex route optimization method for cold chain logistics
Systems. Hangzhou, 2024: 352-357. considering traffic status in China[J]. Computers &

[63] LiF F, Cheng D H, Hadjieleftheriou M, et al. On trip Industrial Engineering, 2024, 193: 110304.
planning queries in spatial databases[C]. Advances in [76] Zheng K N, Huo X X, Jasimuddin S, et al. Logistics
Spatial and Temporal Databases. Heidelberg, 2005: distribution optimization: Fuzzy clustering analysis of
273-290. e-commerce customers’ demands[J]. Computers in

[64] Sharifzadeh M, Kolahdouzan M, Shahabi C. The Industry, 2023, 151: 103960.
optimal sequenced route query[J]. The VLDB Journal, [777 Gan Q. A logistics distribution route optimization
2008, 17: 765-787. model based on hybrid intelligent algorithm and its

[65] Sharma A, Li H, Li X, et al. Optimizing novelty of top- application[J]. Annals of Operations Research, 2022, 1:
k recommendations using large language models and 1-13.
reinforcement learning[C]. Proceedings of the 30th [78] LiuY,WuFY,LiuZY,etal Can language models be
ACM SIGKDD Conference on Knowledge Discovery used for  real-world  urban-delivery  route
and Data Mining. Barcelona, 2024: 5669-5679. optimization?[J]. The Innovation, 2023, 4(6): 100520.

[66] Xu JJ, Li B. Uncertain utility portfolio optimization [791 ZhuY B, XuS T, Liu BY, et al. Optimization of smart
based on two different criteria and improved whale healthcare services and development strategies based
optimization algorithm[J]. Expert Systems with on large language models[C]. Proceedings of the 4th
Applications, 2025, 268: 126281. International Conference on Artificial Intelligence and

[67] Behera J, Kumar P. An approach to portfolio Computer Engineering. Dalian, 2023: 1004-1011.
optimization with time series forecasting algorithms [80] Nerella S, Bandyopadhyay S, Zhang J Q, et al
and machine learning techniques[J]. Applied Soft Transformers and large language models in healthcare:
Computing, 2025, 170: 112741. A review[J]. Artificial Intelligence in Medicine, 2024,

[68] Kubo K, Nakagawa K. Portfolio optimization using 154:102900.


https://doi.org/10.34133/icomputing.0006
https://doi.org/10.1007/s13748-018-0158-4
https://doi.org/10.1007/s00778-006-0038-6
https://doi.org/10.1016/j.eswa.2024.126281
https://doi.org/10.1016/j.eswa.2024.126281
https://doi.org/10.1016/j.asoc.2025.112741
https://doi.org/10.1016/j.asoc.2025.112741
https://doi.org/10.1016/j.frl.2025.106761
https://doi.org/10.1016/j.compag.2024.109032
https://doi.org/10.1016/j.compag.2024.109032
https://doi.org/10.1016/j.compag.2025.109908
https://doi.org/10.1016/j.indcrop.2023.117686
https://doi.org/10.1016/j.indcrop.2023.117686
https://doi.org/10.1016/j.compag.2025.110028
https://doi.org/10.1016/j.compind.2023.103960
https://doi.org/10.1016/j.compind.2023.103960
https://doi.org/10.1016/j.xinn.2023.100520
https://doi.org/10.1016/j.artmed.2024.102900

F 44

FRER F KRR B4 e AL H 5 AT R0 43 3

889

[81]

(82]

[83]

[84]

(86]

(87]

(88]

[89]

[90]

[91]

[92]

[93]

[94]

He K, Mao R, Lin Q K, et al. A survey of large
language models for healthcare: From data, technology,
and applications to accountability and ethics[J].
Information Fusion, 2025, 118: 102963.

Dong B, Zhang L, Yuan J J, et al. Large language
models: Game-changers in the healthcare industry[J].
Science Bulletin, 2025, 70(3): 283-286.

Wan F, Wang K Z, Wang T, et al. Enhancing
healthcare resource allocation through large language
models[J]. Swarm and Evolutionary Computation,
2025, 94: 101859.

Jiang X, Li F, Zhao H, et al. Long term memory: The
foundation of Al self-evolution[J/OL]. 2024, arXiv:
2410.15665.

Yang J B, Xu D L, Xu X B, et al. Likelihood analysis
of imperfect data[J]. IEEE Transactions on Systems,
Man, and Cybernetics: Systems, 2023, 53(8): 5046-
5057.

EAR, BT, A, & E TR A,
BB AN 1 1 B 1) 1 25 12 R VAl 77 V0], 45 5 vk
7R, 2020, 35(11): 2687-2695.

(Wang C S, Lu N Y, Cheng Y H, et al. Equipment
health risk assessment based on unlabeled, unbalanced
data under uncertain initial condition[J]. Control and
Decision, 2020, 35(11): 2687-2695.)

Zhou Y, Guo C L, Wang X, et al. A survey on data
augmentation in large model era[J/OL]. 2024, arXiv:
2401.15422.

Tan Z, Li D W, Wang S, et al. Large language models
for data annotation and synthesis: A survey[J/OL].
2024, arXiv: 2402.13446.

Tao L F, Zhang T, Peng D, et al. Long-term
with
heteroscedasticity telemetry data based on GRU-
GARCH and MD hybrid method: An application for
satellite[J]. Aerospace Science and Technology, 2021,
115: 106826.

Ranasinghe K, Sabatini R, Gardi A, et al. Advances in
integrated system health management for mission-

degradation  prediction and  assessment

essential and safety-critical aerospace applications[J].
Progress in Aerospace Sciences, 2022, 128: 100758.

Li Y T, Ren B, Wen X. An efficient two-stage
matheuristic for scheduling airport electric shuttle
buses with flight schedule coordination[J]. Computers
& Industrial Engineering, 2025, 203: 110998.

Wu Z X, Zhang O, Wang X R, et al. Leveraging
language model for advanced multiproperty molecular
optimization via prompt engineering[J]. Nature
Machine Intelligence, 2024, 6: 1359-1369.

Jin F H, Liu Y F, Tan Y. Derivative-free optimization
for low-rank adaptation in large language models[J].
IEEE/ACM Transactions on Audio, Speech,
Language Processing, 2024, 32: 4607-4616.

Li G C, Zhi C, Chen J L, et al. Exploring parameter-
efficient fine-tuning of large language model on

and

automated program repair[C]. Proceedings of the 39th

[95]

[96]

[97]

(98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

IEEE/ACM International Conference on Automated
Software Engineering. Sacramento, 2024: 719-731.
Wang T W, Li K, Hao Z X, et al. LONG EXPOSURE:
Accelerating parameter-efficient fine-tuning for LLMs
SC24:
Conference for High Performance Computing,
Networking, Storage and Analysis. Atlanta, 2024: 1-18.
Ling Z Q, Chen D Y, Yao L Y, et al. On the
convergence of zeroth-order federated tuning for large
language models[C]. Proceedings of the 30th ACM
SIGKDD Conference on Knowledge Discovery and
Data Mining. Barcelona, 2024: 1827-1838.

Liu Q D, Wu X, Zhao X Y, et al. When MOE meets
LLMs: Parameter efficient fine-tuning for multi-task

under shadowy sparsity[C]. International

medical applications[C]. Proceedings of the 47th
International ACM SIGIR Conference on Research and
Development in Information Retrieval. Washington
DC, 2024: 1104-1114.

Zhang D, Feng T, Xue L, et al. Parameter-efficient
fine-tuning for foundation models[J/OL]. 2025, arXiv:
2501.1378.

Baumann J, Kramer O. Evolutionary multi-objective
optimization of large language model prompts for
balancing sentiments[C]. Applications of Evolutionary
Computation. Singapore, 2024: 212-224.

Saletta M, Ferretti C. Exploring the prompt space of
language
sampling[C]. Proceedings of

large models  through
the
Evolutionary Computation Conference. Melbourne,
2024: 1345-1353.

Levi E, Brosh E, Friedmann M. Intent-based prompt

evolutionary

Genetic and

calibration: Enhancing prompt optimization with
synthetic boundary cases[C]. ICLR Workshop on
Navigating and Addressing Data Problems for
Foundation Models. Vienna, 2024: 1-18.

Salemi A, Kallumadi S, Zamani H. Optimization
methods for personalizing large language models
through retrieval augmentation[C]. Proceedings of the
47th ACM SIGIR Conference on
Research and Development in Information Retrieval.
Washington DC, 2024: 752-762.

Liu Y'Y, Zhang H Y, Li Z Q, et al. Optimizing the
utilization of large language models via schedule

International

optimization: An exploratory study[C]. Proceedings of
the 18th ACM/IEEE International Symposium on
Empirical Software Engineering and Measurement.
Barcelona, 2024: 84-95.

Sabbatella A, Ponti A, Giordani I, et al. Prompt
optimization in large language models[J]. Mathematics,
2024, 12(6): 929.

Du Y, Sun W, Snoek C. IPO: Interpretable prompt
optimization for vision-language models[C]. The 38th
Annual Conference on Neural Information Processing
Systems. Vancouver, 2024: 1-42.

Goswami J, Prajapati K K, Saha A, et al. Parameter-
efficient fine-tuning large language model approach for


https://doi.org/10.1016/j.inffus.2025.102963
https://doi.org/10.1016/j.scib.2024.11.031
https://doi.org/10.1016/j.swevo.2025.101859
https://doi.org/10.1109/TSMC.2023.3262585
https://doi.org/10.1109/TSMC.2023.3262585
https://doi.org/10.1016/j.ast.2021.106826
https://doi.org/10.1016/j.paerosci.2021.100758
https://doi.org/10.1038/s42256-024-00916-5
https://doi.org/10.1038/s42256-024-00916-5
https://doi.org/10.1109/TASLP.2024.3477330
https://doi.org/10.1109/TASLP.2024.3477330
https://doi.org/10.3390/math12060929

890 7 o# 5 xR F41%
hospital discharge paper summarization[J]. Applied of the 18th ACM Conference on Recommender
Soft Computing, 2024, 157: 111531. Systems. Bari, 2024: 507-517.

[107] Papineni K, Roukos S, Ward T, et al. BLEU: A method [120] Lu F H, Wang W Q, Luo Y, et al. Miko: Multimodal
for automatic evaluation of machine translation[C]. intention knowledge distillation from large language
Proceedings of the 40th Annual Meeting on models for social-media commonsense discovery[C].
Association for Computational Linguistics. Proceedings of the 32nd ACM International
Philadelphia, 2001: 311-318. Conference on Multimedia. Melbourne, 2024: 3303-

[108] Lin C Y. ROUGE: A package for automatic evaluation 3312.
of summaries[C]. Text Summarization Branches Out. [121] Fang Z, Lu J, Liu F, et al. Open set domain adaptation:
Barcelona, 2004: 74-81. Theoretical bound and algorithm[J]. IEEE Transactions

[109] Ding K, Wang Y, Liu P Z, et al. Multi-task prompt on Neural Networks and Learning Systems, 2021,
tuning with soft context sharing for vision-language 32(10): 4309-4322.
models[J]. Neurocomputing, 2024, 603: 128290. [122] Fang Z, Lu J, Liu F, et al. Semi-supervised

[110] Shen T H, Jin R R, Huang Y F, et al. Large language heterogeneous domain adaptation: Theory and
model alignment: A survey[J/OL]. 2023, arXiv: algorithms[J]. IEEE Transactions on Pattern Analysis
2309.15025. and Machine Intelligence, 2023, 45(1): 1087-1105.

[111] Cheng HR, Zhang M, ShiJ Q. A survey on deep neural [123] Li K, LuJ, Zuo H, et al. Multidomain adaptation with
network pruning: Taxonomy, comparison, analysis, and sample and source distillation[J]. IEEE Transactions on
recommendations[J]. IEEE Transactions on Pattern Cybernetics, 2024, 54(4): 2193-2205.

Analysis and Machine Intelligence, 2024, 46(12): [124] Kingma D, Ba J. Adam: A method for stochastic
10558-10578. optimization[C]. Proceedings of the 3rd International

[112] Yang C P, Zhu Y, Lu W, et al. Survey on knowledge Conference on Learning Representations. San Diego,
distillation for large language models: Methods, 2015: 1-15.
evaluation, and application[J]. ACM Transactions on [125] Le-Duc T, Nguyen Q H, Lee J, et al. Strengthening
Intelligent Systems and Technology, 2024, 16: 1-27. gradient descent by sequential motion optimization for

[113] BaiG, LiY, Ling C, et al. SparseLLM: Towards global deep neural networks[J]. IEEE Transactions on
pruning of pre-trained language models[C]. Advances Evolutionary Computation, 2023, 27(3): 565-579.
in Neural Information Processing Systems 37. New [126] Le-Duc T, Nguyen-Xuan H, Lee J. Sequential motion
Orleans, 2024: 46203-46225. optimization with short-term adaptive moment

[114] BaiZ X, WuN, Cai F Y, et al. Aligning large language estimation for deep learning problems[J]. Engineering
model with direct multi-preference optimization for Applications of Artificial Intelligence, 2024, 129:
recommendation[C]. Proceedings of the 33rd ACM 107593.

International  Conference on Information and [127] Yang S S, Tian Y, He C, et al. A gradient-guided
Knowledge Management. Boise, 2024: 76-86. evolutionary approach to training deep neural

[115] LeiY X, Lian J X, Yao J, et al. RecExplainer: Aligning networks[J]. IEEE Transactions on Neural Networks
large language models for explaining recommendation and Learning Systems, 2022, 33(9): 4861-4875.
models[C]. Proceedings of the 30th ACM SIGKDD [128] Akay B, Karaboga D, Akay R. A comprehensive
Conference on Knowledge Discovery and Data Mining. survey on optimizing deep learning models by
Barcelona, 2024: 1530-1541. metaheuristics[J]. Artificial Intelligence Review, 2022,

[116] WuT,LiM Z, ChenJ Y, et al. Semantic alignment for 55: 829-894.
multimodal large language models[C]. Proceedings of [129] Sheth A, Roy K, Gaur M. Neurosymbolic artificial
the 32nd ACM International Conference on intelligence (why, what, and how)[J]. IEEE Intelligent
Multimedia. Melbourne, 2024: 3489-3498. Systems, 2023, 38(3): 56-62.

[117] Sun Q H, Wang W L, Zhu Y N, et al. Dual-assessment [130] YuDR, Yang B, Liu D Y, et al. A survey on neural-
driven pruning: Iterative optimizing layer-wise sparsity symbolic learning systems[J]. Neural Networks, 2023,
for large language model[C]. Proceedings of the 30th 166: 105-126.

ACM SIGKDD Conference on Knowledge Discovery [131] Cao Y, Tang S W, Yao R Q, et al. Interpretable
and Data Mining. Barcelona, 2024: 2775-2783. hierarchical belief rule base expert system for complex

[118] Islam M M, Alawad M. Stochastically pruning large system modeling[J]. Measurement, 2024, 226: 114033.
language models using sparsity regularization and [132] Zhao B'Y, Zhang Q X, He W, et al. A deep belief rule

[119]

compressive sensing[C]. Proceedings of the Great
Lakes Symposium on VLSI 2023. Knoxville, 2023: 63-
68.

Cui Y, Liu F, Wang P B, et al. Distillation matters:
Empowering sequential recommenders to match the
performance of large language models[C]. Proceedings

[133]

base-based fault diagnosis method for complex
systems[J]. ISA Transactions, 2024, 150: 77-91.

Mai J H, Huang H L, Wei F X, et al. Autonomous
underwater vehicle fault diagnosis model based on a
deep belief rule with attribute reliability[J]. Ocean
Engineering, 2025, 321: 120472.


https://doi.org/10.1016/j.asoc.2024.111531
https://doi.org/10.1016/j.asoc.2024.111531
https://doi.org/10.1016/j.neucom.2024.128290
https://doi.org/10.1109/TPAMI.2024.3447085
https://doi.org/10.1109/TPAMI.2024.3447085
https://doi.org/10.1109/TNNLS.2020.3017213
https://doi.org/10.1109/TNNLS.2020.3017213
https://doi.org/10.1109/TPAMI.2022.3146234
https://doi.org/10.1109/TPAMI.2022.3146234
https://doi.org/10.1109/TCYB.2023.3236008
https://doi.org/10.1109/TCYB.2023.3236008
https://doi.org/10.1109/TEVC.2022.3171052
https://doi.org/10.1109/TEVC.2022.3171052
https://doi.org/10.1016/j.engappai.2023.107593
https://doi.org/10.1016/j.engappai.2023.107593
https://doi.org/10.1109/TNNLS.2021.3061630
https://doi.org/10.1109/TNNLS.2021.3061630
https://doi.org/10.1007/s10462-021-09992-0
https://doi.org/10.1109/MIS.2023.3268724
https://doi.org/10.1109/MIS.2023.3268724
https://doi.org/10.1016/j.neunet.2023.06.028
https://doi.org/10.1016/j.measurement.2023.114033
https://doi.org/10.1016/j.isatra.2024.05.019
https://doi.org/10.1016/j.oceaneng.2025.120472
https://doi.org/10.1016/j.oceaneng.2025.120472

F 457

K&

R KRR B A7 e R AL SR S AT AR A

891

[134]

[135]

[136]

[137]

[138]

[139]

[140]

XIRE, YU, BRACE . N L& 6 RA S E R
R AR [T]. B4R, 2023, 34(8): 3774-3792.
(Liu H, Li K X, Chen Y X. Survey on trustworthiness
measurement for artificial intelligence systems[J].
Journal of Software, 2023, 34(8): 3774-3792.)

Kaur D, Uslu S, Rittichier K J, et al. Trustworthy
artificial intelligence: A review[J]. ACM Computing
Surveys, 2022, 55(2): 1-38.

Ali S, Abuhmed T, El-Sappagh S, et al. Explainable
artificial intelligence (XAI): What we know and what is
left to attain trustworthy artificial intelligence[J].
Information Fusion, 2023, 99: 101805.

Longo L, Brcic M, Cabitza F, et al. Explainable
artificial intelligence (XAI) 2.0: A manifesto of open
challenges and interdisciplinary research directions[J].
Information Fusion, 2024, 106: 102301.

JAER, HA, BB, S BT i) A 7V ]
SRR B R R[], I EDAL 2 4R, 2021, 47(6): 1201-
1216.

(Zhou Z J, Cao Y, Hu C H, et al. The interpretability of
rule-based modeling approach and its development[J].
Acta Automatica Sinica, 2021, 47(6): 1201-1216.)
S, TR, whlE, 55 GBI A N 2 1 iR AT
FELRIR[I]. B4R, 2024, 35(1): 159-184.

(Dou H, Zhang L M, Han F, et al. Survey on
convolutional neural network interpretability[J].
Journal of Software, 2024, 35(1): 159-184.)

R, X, B RR, A T R 9 A ST BT R
R R[], THENLEAIR, 2024, 47(8): 1853-1882.
(Cao H Y, Liu X, Dong S K, et al. A survey of
interpretability research methods for reinforcement

learning[J]. Chinese Journal of Computers, 2024,
47(8): 1853-1882.)

Zhao H Y, Chen H J, Yang F, et al. Explainability for
large language models: A survey[J]. ACM Transactions
on Intelligent Systems and Technology, 2024, 15(2): 1-
38.

Silver D, Hubert T, Schrittwieser J, et al. A general
reinforcement learning algorithm that Masters chess,
Science, 2018,

[141]

[142]

shogi, and Go through self-play[J].
362(6419): 1140-1144.

Song Y J, WuY T, Guo Y Y, et al. Reinforcement
learning-assisted evolutionary algorithm: A survey and

[143]

research opportunities[J]. Swarm and Evolutionary
Computation, 2024, 86: 101517.

Deng Y. Deng entropy[J]. Chaos, Solitons and Fractals,
2016, 91: 549-553.

fEEENY

TRIEAR (2000~), 53, i A, 3 EERF LT MO RE R
4. IEHEHERE, E-mail: zhr@stu.xidian.edu.cn;

ZH (1979-), Lo, PRI, 812, = B 507 A e il
5 E . {58 %4, E-mail: jli@hnie.edu.cn;

WAL (1980-), 55, ¥z, 8+, T ZHF AL 5 W 5 Re
A E W . 24 RS H, E-mail: xinglining@gmail.
com;

WA (1992-), Lo, @B, Bt ZEFRIT AL
B FEEEH] E I R G fE R E P, E-mail: ruohanyang@
nwpu.edu.cn;

FAi (1994-), 55, I, W4, = EERE 5T 07 MR & Redh
SR RS MK, E-mail: janwwwu@126.com.

[144]


https://doi.org/10.1016/j.inffus.2023.101805
https://doi.org/10.1016/j.inffus.2024.102301
https://doi.org/10.11897/SP.J.1016.2024.01853
https://doi.org/10.11897/SP.J.1016.2024.01853
https://doi.org/10.1126/science.aar6404
https://doi.org/10.1016/j.swevo.2024.101517
https://doi.org/10.1016/j.swevo.2024.101517
https://doi.org/10.1016/j.chaos.2016.07.014
mailto:zhr@stu.xidian.edu.cn
mailto:jli@hnie.edu.cn
mailto:xln@jstu.edu.cn
mailto:xln@jstu.edu.cn
mailto:ruohanyang@nwpu.edu.cn
mailto:ruohanyang@nwpu.edu.cn
mailto:jianwwwu@126.com

