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Abstract

With the rapid expansion and intelligent upgrading of the cold chain logistics market, the problem
of multi-constraint path optimization has become a key bottleneck in the development of the indus-
try. The fusion of deep reinforcement learning (DRL) and meta-heuristic algorithms combines the

“EIEE

SCES| M BSR, R, RN, Bkrh, BRI, STE. BT DRL S In)E R AL KA R T AR AL ).
EHAE S TR, 2025, 14(6): 1020-1024. DOI: 10.12677/mse.2025.146119


https://www.hanspub.org/journal/mse
https://doi.org/10.12677/mse.2025.146119
https://doi.org/10.12677/mse.2025.146119
https://www.hanspub.org/

advantages of the two and shows great potential in path optimization problems. Based on this, this
paper analyzes the differences in design logic among various fusion models, discusses the ad-
vantages and limitations of various methods, and looks forward to future research directions.
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1. 518

BEE OGP SR S, FRE A EETRECE, W EEYIRAT L Bk . ST iR R
PR T AFAERR TR TU A AE AR R, XA N 7RSI, MFRK & . TR R o
k27 >] (Deep Reinforce Learning, DRL)5 7t Ji & U5 M Rl & AU D7 5 R e R Bl A D 42/ SRR %4
NFRIX — W BEF O T 8T 7

2. HEHRER
2.1. AR EBEMARIR

WEAE NN REIR T FER R R, R B SO i e 7R JE BE, 1 4250643 10 8
FRORIF 70 IE A2 SE LTS REIHE RN SR 8 S0 A g e 2 —[1]. DR, AN sttt 4T TRFFE . 5 SCEEE N
BT pmE S, MR T BONSRE A MBS AR, B A*BE RO FIE ARG & T R A B
IHERL T BB IR I R [2] . Bk AE R A AR E AR N A AT R B H AR R s, JRET
ZIEZ 0 RN, B X 5 R E T RS RL TR, SR, AR UNEERAR AL
R3] TR R A N K AT 8 B T A B T A AT R D AL Sl T I A R A A B T
AR, I Hoz FH et s BLI 8 SRt SR e, fJm 00 07 0 S e ik AR R AN S50 A Rk [4]
L5 N T I A e MG ARY SR FHBE B J e R 5N G R A2 XA R T, TR ARG
PR B RIS R B AL, T s 1) B 0 B Is A vk, s B I 50 A T PR S T 126 A AN B HE FBGEE AT %
LIS IEFL R 25 AR [5] . BEXTABEM IR A i A RS I, FEHESANNE T Z RN Z
ERIPEAMARERL, RA T BE MR K EIEAT R AR, 4R ER, ZEAMELEEMHBEER
ZEEME BRI T 15 Guist A% I [6] . BRSNS T2 7 i IR AR5 75K, B Hh T e ] 25 R M S
W5, SEETLE RICRI SRR T OO 2 AR AR KR, R AR BE L S R 5 RS
Hic HE 58 4% 2925 11 (Non-dominated Sorting Genetic Algorithm 11, NSGA- )%} H 56 F 5241 itk [ 7]
2.2. T DRL TR ARNEZRLHIRBEMLTRIRK

NSEILA AR R A, AR A . WO S 2 Rl oe R R R, AR R R
k%% =] (Deep Reinforce Learning, DRL)RAR YL 7] @ . {H i1 T4 8637 5t 10 2 LR 5 SER B A1, B —J7 V0
BZ0, Wik, @AHETHEBSWER . FN, 454 DRL 508 K REIREA MR E T
HH RS B 3 OE F R, B G ILAY N DLUR =Rk,
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1) BERNE T - uR RAE SR

T LR B s AL 2 2] P A R AR, oo )8 R R AT A SR Ak . Kool 2 A$H T — 4
BET B I AR BE s A SIS AR, GO 3 VR B iR A 2 ) Lt B A ) R, P R R
AL, 159 HRALEIR[8]. Ma 558 A5G R M N ZEAM AT 1) I SL Rl a0, sk ST th e R AT, SRR
F K-opt (/55548 22 S M@ ik S8 5 6t 42 R B R HEAT I, S IR R S R 9]. ETRZEAME T 25
REAARTR BE S AL 2% IR, A2 AR S 8 T A IO B3R, ARG A BV R ML 48 SR I 4%, [
g4 2-opt FUERAHAR R AR, 52T PRosti H w0 B B% AR [10] o Silva 55 N BT B A HRI AN R B2 1o, 42
SR 2 B R AAE L, HAZ O R S KB 2 B R R o A SRR, PG o8 R R A
MIIAFHEE R [11]. 2% BATR, DA R U35 /2 UR BE s fl 2% S AT A R BN A& T3k, 708 R AT R B ik
1.

2) TREAXES - BERNLFEIHHE)

R AT R KA E SRR, IR S A BRI AG R S5, i 15 B B 2 2
FooYe 25 N\ H IR IO 50325 (Deep Ant Colony Optimization, Deep ACO)HESE, o rp R X 4% H 52 3]
JA RN, 5, YIGREF Bl 2 X 25 A5 R 4 Bl 450 5232 (Ant Colony Optimization, ACO), —#1{5 B AH
gha M3 i 2% [12] . Rodriguez-Esparza %5 N#&HH | —H 4l & 5 1 M 1R K 5% (Simulated An-
nealing, SA)F1Z & It L HL(Multi-Armed Bandits, MAB) 8 i & sUEVE, b & R HGE K Bk N 48
RHELE, TOSTIEZBAELE AR, 2 T LA R P SR Zh A I R AT SRAR[13]. Z5 b, LiRBFFiy A
REESAG S S AR Bh oo A RS AR T & .

3) WE®mILF - e RAFEXE

RIS VAR R R AT XA, TR . VRBAE AL RI, 8 Q 2 ML
SEI BN E PR L P AL ARAE, J3Ah, ARHE 2L S 15t B 3 I T AR A 2R SR, AT AR A4 [14] - Leng
GNMEE T — AT Q Z M fE R ACHESE , A ME LI I ¥ TR 23 (LR N S B AR 20, I FLAKHE 242
Sl 5 R BN AR B2 U ) R R R, SRR T A SR AR I R AR BRI S U5t O N R R AT I A
I ENHI[15]. 25 EFriR, DA BB @ XA s A8 AR H 45 5.

BAR FIR =R Re N IR dEER R RS I, (BB R R, SRS
A FRRIAE S A Gl Ye S NMIRF T, BN RS2 RBANE R RTEH, RERIL
SOV BN R SRR, R S AR A I, X R R R AR S - RS
W, AR AL EH, KRS T EMGFERI[12]: b, Wu SRS AR A D DR I
ROV FE SR 2] A O R AR BRI UR AR, BEJS e N BL NSGA-NL AR O AL AR I IR I 5 [16] o %L R A5
BT B — 3 Tl R A A8 S S [15] .

S FETTIFAFAE T GG (14 10 5L, P30 R4 1R AR A g 43 1S A S8 M LA 4 A A 795 2 R 5 1)
TEW %, I H AT LA B S R EEYME RGBS e, XA T A rE 4R, Pl BE A R WA B i)
WO RHIE,  XRE AT TE BC ) 5 1 7 SREEAT BOEVMER A B R gt R Fe 51, U IR 1
TG R LR A RN U T RIS AR 2
3. HEtRpER M4

1) HERNE T - uR RAE SR

REESRAL 2] 1% - Jo )R R SRS B R SRR A 70 5 Rk U5 B S IR BE SR AL 2 o1 SRR & 1 SR 1 3¢
THRIE IR . Ma 55 NTEILAF ST f 3 T DAVR B 25 ST AN £ 5 IR E Wikt S AL S 7 I HESE, %R %
A BT BARTERE B I 4537 5 T RILE R H BT SRS R PE SO B AR T R 7, 5807 18 Il Js
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TEA AL I B @ R PEAN R ST RE R & IR R [17]. 4, HSEAERHIG . Ye SN,
DeepACO [ #2225k S 80 5 WO SR AR SR S BUHE N, 15N T HHE BRIk
SRS RIS, X SBEREMESHUE R B K [12].

2) TRERES - WERLEIHHE

TOIR R AT - IR L SR A 2 =l B ) SR A7 A SIEI PR R RO . Wang 55 AAE 8 SO AR A
YEIRAE I DRL MITHEAEIR B A ZrafEi& Beomsh &35, 534k, BE M K ABI8E% R (Adaptive Large
Neighborhood Search, ALNS)tj DRL {77 FRATAR S, 31X 2 5 B RAS 2 1 1) /18], Foik, 2 Jih#
BUSIEIR . SKREFRENBIRT T, AF v = SR R EE Q %%, ALK )= 708 R B 1 78 A R A2 1Y
fRIAE SV )R, A BRI — M2 R 25 5, XS 2 ST R E A £1[19] .

3) WEBMES - tERAHSEE

WSR2 - e R B S BRI IR R S KA. Li 55 NRI0EFE o ait 4% 595 (Genetic
Algorithm, GA)5 Rainbow DRL (Rainbow: Combining Improvements in Deep Reinforcement Learning) 4% 4,
GA &R R M L5 5 DRL R AL ph 5%, XS E AR S RIGSUE J5 It Re =i . Z AL
ILAR[20]. 4b, PIERLG G S AT R REEAS 2 o Leng 5 NAEHBEFL KA Q 2 ] B IR E A
HFFIN, A HL R SR AR A e B CE AN T BB 1 Q AR &SR, T g Sl DTG 1R 5 B A TR SR (A 0 1) 25
#[15].

g bRTIR, HETHE AR TO R R S B SRR AL S ST SRR O B R R SRR A L
SHEECHG . SR PR NORST. BEARES AR . BRE S RI A . TR SR AL 2 S T e R U
B 5 B HE T AR AN LA R, TR AN e SRS A 3%, DU R & N SE B 5, A3 AT &

4. RFKRE

AT, FERBESRALAE ] 5 on R R AR A B AU, IR R 2 R T EAR AU S
B HLIRAIE, SRZ KBRS SHIRIE; X T B S BRI . R 5 IR 5 M R G R i f
R T SERRV B SR BhaS AL H 2R Gt SN me AN PSS B AEAE I SE /oK, R, R EESR
M 31 5 0 R e SRR I Rt HE 2 7R A SN I S RE ) 5 DR FOE WIE | ORI, BRI 5 T 2 i 4
PATR T 7 fi LR TR A WF C «

1) LR EERCIAIERE T RAT AN | BCIE ZE A 8 S S A SN 1) AU, TR PR AL ) - Je R R sl
SR BB GRS E T - Jui AU BB B, R 5B AN TSR Th A AR BRI
fig?

2) Gk I TR SRS S 5 o R R AR S SR M I RSB IR ER, DL M A B PR A AR v
FERRATOUA R A 7 TSI 5 SR A5 AR RO A0S, AT Bt A b RE % bR 78 A phe A 22 AR, 4
T & HE AR SEBR N HH B AT 2

3) dnfrr B HR s AL A 5] S0 R A SRR A I 20K, RS 2R )R T R MU, BE RO IS R 2%
RE 5 SIS i AR S 25 IR, B RO S8 % i R P R B 22 F AR B R AEA R I SCRERA FR 2844
AT A AR R ?

A AR AR R, B BANA R SR 3] 5 ou R R R SRR B R T L L, vtk
RACERC BRI S, B I ARBR A BE (1 v T B A

ELmAB
AT R R A A0 6L H (202510069028) % B . 2025 £E4 [ AL HRAV BRI Bk ot
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