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Across—distribution vehicle routing method based on
domain—-adaptive deep reinforcement learning

JIN Youlong, XIA Dawen

(School of Data Science and Information Engineering, Guizhou Minzu University, Guiyang 550025, China)

Abstract; Most existing neural network—based vehicle routing methods usually assume identical distributions (i. e., a uniform
distributions) across instances, which makes them difficult to generalize to cross—distribution scenarios. To this end, this paper
proposes a cross—distribution vehicle routing approach based on domain—adaptive reinforcement learning, with domain adaptation as
its core principle. The proposed method involves designing a Distribution — Guided Adaptive Policy Network ( DGATP) and
embedding it within an end—to—end deep reinforcement learning ( DRL) framework to address cross—distribution vehicle routing
problems. Specifically, a distribution recognition module is first constructed to perceive differences between the source and target
domains by performing feature extraction and distribution identification. Then, a gated fusion network is established to adaptively
weight and fuse features from different distributions. Finally, a perception—aware attention decoder is designed to generate routing
policies. Experimental results based on two representative deep learning models demonstrate that the DGATP approach significantly
outperforms traditional methods in cross—distribution scenarios, exhibiting excellent generalization and universality.
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Table 1 Experimental results on 10 nodes

CVRP10,Cap20
Method

My M My, Avg

Greedy DRL 4.78 1.02 2.87 2.89
DP-DRL 4.80 0.87 2.84 2.83

MHAAC 4.75 1.05 2.89 2.89

DP-MC 4.79 0.87 2.87 2.84

Beam Search DRL 4.64 0.93 2.75 2.77
DP-DRL 4. 64 0.82 2.72 2.72

MHAAC 4. 60 0.96 2.77 2.77

DP-MC 4.60 0.82 2.75 2.72

R2 100 M RZHER

Table 2 Experimental results on 100 nodes

CVRP100, Cap50
Method

My M My Avg

Greedy DRL 16.97  6.34 11.65 11.65
DP-DRL 17.85 3.77 10.76  10.69

MHAAC 16.92 6.92 11.71  11.85

DP-MC 17.64 3.72 10.63  10.66

Beam Search DRL 16.73 6.17 11.45  11.45
DP-DRL 17.57  3.68 10.58 10.61

MHAAC 16. 69 6.49 11.50 11.56

DP-MC 17.47 3.61 10.49  10.53
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Table 3 Experimental results on 50 nodes

Uniform Cluster Mixed
Methods
Mean Gap/% Mean Gap/% Mean Gap/%
LKH3_U  10.38 0 2.95 0 7.06 0
MHAAC 11.25 8.40 3.43 16 7.30  3.40

DRL(U) 11.27 8.60 3.72  26.10 7.43  5.24
DP-DRL  11.48 10.59 2.34 -20.67 6.86 -2.83
DP-MC 11.45 10.30 2.29 -22.37 6.81 -3.54
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MHAAC(U)
DRL()
DP-DRL

DP-MC

LKH3(U) MHAAC(U) DRIU) DP-DRL DP-MC
(a) Uniform problems
LKH3(U)
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DRILU)
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LKH3(U) MHAAC(U) DRI(U) DP-DRL DP-MC
(b) Cluster problems
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AGap metric ( %)

Fig. 4



22 s

o>
[Ny
=
o

L5 8 A

16 %

AR SO — L AU 3 TR R Ak 2 2T 1Y)
P53 A0 AR BRI . ORI O R
S350 A IS R R I N 2% ( DGATP) |, I3 FH F 74
ToeiAS [) i 81 it U B ik Ak 2 T HE R (DRL) . 2B,
BT T4 B 28 2 119 23 A DR B A Ee LB D 35
5 HAR G 22 5 IF AT RRAE S ORI A A R,
WA TR A 25, 8 3 220 S AT E5 R R AR T
SIARRIESERT FE N INACRE & . B2 TR ANE
BZVSBEAFIEAR B, 56 TR 2% ) B A 1y
SUMERA G R SR SE B B A f b i T 25 Aok
2 ) RS SEIL AR B AR . B, ERAS B
RN I GG HAT R, 525
SEIIGUE T A SO B A 550k

&% 3k

[1] YUAN Y, CATTARUZZA D, OGIER M, et al. Last mile delivery
problem; The one — vehicle case [ C]//Proceedings of the 2018
ODYSSEUS Conference on Logistics and Transportation. Athens,
Greece: ODYSSEUS, 2018:45-52.

[2] DUANL, ZHAN Y, HU H, et al. Efficiently solving the practical

vehicle routing problem: a novel joint learning approach [ C]//

Proceedings of the 26" ACM SIGKDD International Conference on

Knowledge Discovery & Data Mining. New York: ACM, 2020,

3054-3063.

KONSTANTAKOPOULOS G, GAYIALIS S, KECJAGIAS E.

Vehicle routing problem and related algorithms for logistics

—
w2
[

distribution; A literature review and classification[ J]. Operational
Research, 2022, 22(3) . 2033-2062.

[4] QIN Z, TANG X, JIAO Y, et al. Ride—hailing order dispatching
at DiDi via reinforcement learning [ J]. INFORMS Journal on
Applied Analytics, 2020, 50(5) ; 272-286.

[5] LIJ, MAY, CAO Z, et al. Learning feature embedding refiner
for solving vehicle routing problems[J]. IEEE Transactions on
Neural Networks and Learning Systems, 2024, 35(11) . 15279-
15291.

[6] BOGYRBAYEVA A, MERALIYEV M, MUSTANKHOV T, et al.

Machine learning to solve vehicle routing problems: A survey[J].

IEEE Transactions on Intelligent Transportation Systems, 2024, 25

(6) : 4754-4772.

JUH %, RRLLIE. BOBI AL 6T 25 1 s 25 R i AR S R AR DAk

[J]. FaetsEaL S, 2023, 13(2) : 53-59.

P, JE SCHR. 5T LSTM I 45 Tl 24 e 2 4 A% 1 Ay B A2 Rl

WHE[T]. BRETFEALS N, 2023, 13(7) : 144-149.

[9] VINYALS O, FORTUNATO M, JAITLY N. Pointer networks

[ C]//Proceedings of the 28" International Conference on Neural

[7

[

'8

[

Information Processing Systems. Cambridge, MA: MIT Press,
2015 2692-2700.

[10]BELLO I, PHAM H, LE V, et al. Neural combinatorial
optimization with reinforcementlearning [ EB/OL ]. arXiv: 1611.
09940, 2016. DOI; 10. 48550/ arxiv. 1611. 09940

[ 11 ]NAZARI M, OROOJLOOY A, SNYDER L, et al. Deep reinforcement
learning for solving the vehicle routing problem[ C]//Proceedings
of the 32™ International Conference on Neural Information
Processing Systems. NeurIPS, 2018 9861-9871.

[12]JOSHI C, LAURENT T, BRESSON X. An efficient graph
convolutional network technique for the travelling salesmanproblem
[J]. arXiv: 1906. 01227, 2019. DOI. 10. 48550/arXiv. 1906.
01227

[13]LIJ, XIN L, CAO Z, et al. Heterogeneous attentions for solving
pickup and delivery problem via deep reinforcement learning[ J].
IEEE Transactions on Intelligent Transportation Systems, 2022, 23
(3):2306-2315.

[ 14]HELSGAUN K. An extension of the Lin—Kernighan —Helsgaun
TSP solver for constrained traveling salesman and vehicle routing
problems; RUC-DCS-TR-17-01[ R]. Roskilde, Denmark
Department of Computer Science, Roskilde University, 2017.

[15] CHEN X, TIAN Y. Learning to perform local rewriting for
combinatorial optimization [ C ]//Proceedings of the 33™
International Conference on Neural Information Processing
Systems. NeurIPS,2019; 6281-6292.

[16]JHOTTUNG A, TIERNEY K. Neural large neighborhood search
for the capacitated vehicle routing problem [ C ]//Proceedings of
the 24" European Conference on Artificial Intelligence. Cham:
Springer, 2020. 443-450.

[17]MA Y, LIJ, CAO Z, et al. Learning to iteratively solve routing
problems with dual — aspect collaborative transformer [ C ]//
Proceedings of the 35" International Conference on Neural
Information Processing Systems. NeurIPS, 2021 11096-11107.

[18]XIN L, SONG W, CAO Z, et al. Generative adversarial training
for neural combinatorial optimizationmodels [ EB/OL]. (2022-09—
22) [2025-10-28]. https://openreview. net/forum? id = nJuzV —
izmPJ

[19]WANG C, YANG Y, SLUMBERS O, et al. A game—theoretic
approach for improving generalization ability of TSP solvers[ C]//
Proceedings of the 35" AAAI Conference on Artificial
Intelligence. AAAI, 2021: 12432-12440.

[20] ZHANG Z, ZHANG Z, WANG X, et al. Learning to solve
travelling salesman problem with hardness — adaptive curriculum
[ C]//Proceedings of the 36™ AAAI Conference on Artificial
Intelligence. AAAI, 2022: 9136-9144.

[21]BIJ, MA Y, WANG J, et al. Learning generalizable models for
vehicle routing problems via knowledge distillation [ C ]//
Proceedings of the 36™ International Conference on Neural
Information Processing Systems. NeurIPS, 2022. 31226-31238.

[22]XIA D, JIN Y, HUANG M, et al. A multi-head adaptive actor—
critic algorithm for solving vehicle routing problems[ J]. Applied
Intelligence, 2025, 55(13): 1-21.



