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Deep reinforcement learning for multi-depot vehicle routing problem

WANG Wan-liang®, CHEN Hao-li, LI Guo-qing, LENG Long-long, ZHAO Yan-wei
(School of Computer Science and Technology, Zhejiang University of Technology, Hangzhou 310023, China)

Abstract: The multi-depot vehicle routing problem (MDVRP) is widely used in the supply chain at present. Most of the
existing algorithms use heuristic methods, which are slow to solve the problem and cannot guarantee the quality of the
solution. It is of great academic significance and application value to study a fast and high-quality algorithm to solve the
problem. With the goal of minimizing the total vehicle routing distance, a multi-agent deep reinforcement learning model
is proposed. Firstly, the form of multi-agent reinforcement learning for the multi-depot vehicle routing problem is defined,
including state, action, reward, and transition function, so that the model can be trained by multi-agent reinforcement
learning. Through the definition of node neighbor and the masking mechanism of the MDVRP, a policy network composed
of multi-agent networks based on the attention mechanism is designed. And the policy gradient algorithm is used to train
the model. Then, the 2-opt local search strategy and the sampling search strategy are used to improve the solution. Finally
through the comparison of the simulation experiments of different scale problems with other algorithms, it is verified
that the proposed multi-agent deep reinforcement learning model and its combination with the search strategy can obtain
high-quality solutions within a short period.

attention mechanism; policy
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JE A AT VE 0 S A 2 ] 4 2 5 8 1 4
SREAE, B

dim(/{j’m) (15)

T

soX k

Fim 7 Bjm , j adjacent to 4
—o00, otherwise.

a;; = SoftMax(u;;) = Z : (16)
e id’
j/
B =Y aj} x v, (17)
! M
MHA(h;) = > WS x hi,,. (18)
m=1

WO N % ik SR ERL A 1 45 S 4L
step 2.2: HiI 15 W9 £ 2. FiT45t 9 28 )2 ] R )2 e 1k 4
YERE M R, I Re LU R B #1278,

FF(h;) = WL x ReLUW{ x hy +bF) + 0. (19)
Hrp: Wb R E R Z NS S, Wb A
B2 R AER R M S
222 fRG®

AT 5% 1) 22 2 BB A HE LR Y b — A IR A
fHE S = {S,, SRR 1 R SUHK I &, AR 4R



% 8 A IFHRE: A TRERBLY N SEE PO FE BB 2105

[ B A 2 IR TR S A A R AR R B ik
FERMELLFE T — 2Dl fE. AR 2% B AR R 28 S5 40 2118 3

Jis, B v 2 A8 BE AR 190 2% 4 RS, 5 A REAAR I 2% e
RN JZE 2 800 2 A S v 0 2 4L

itk L
(hmp:, agent) (agent = ;%%I%
= PVl
rY Z
T
P
el
SN [
agent,) (agent A £
[ GeonD Geontipy A\ om0

3 RIS MRLEN

step 1: IR AN JZ. HRN EH B BEAK IR FHAE hG i
SO BRI BN SCR R ) B g5, B e A RS RE
fIE RS B HEHE AR EURFAEAS 2. hgraph~ 31T R BEARRFAE
{lasty, restq } A H A 2 B8 /A& 5 4iE {last;, rest; }, i =
1,2,...,.DHi#dH
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St tanh(e) = & S TG B I
SRR [~ O, O, AL E C = 10.
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I FH 1 I 245 0P VT AG 5245 s AR 5 R, AT DA %
AR I 5 9 28 B A6 1) 5 2. RS HE T 285 LA R 11 77 5K
BE T, AR —FC I R RN SR X 45 6 15 ik i ) 26 9
HEAT LA, 1R B3 M KF N a(= 0.05) 1 ¢ A5 v,
SR SR TN 245 iyt P e Sl 25 00k o D% 8¢, Sk R 1Y)
LT R AT H 0 — 0.

24 MEEEREITHEERE

223t 2 B R ST ) S X 4% 3 U IR PSR
77, B AE 16 5 SR W AR AR D 44 Hin th %) Rk 5 1) Bk R B
PE. AR SR T PR FRAS [ 1 30 A 32 38 S s

1) PPN E LB RIS 58 A (5T g I 4%, B — 2D
HI5 LA SRR 2 M e B Dy B e BRI B KR A
N1,

2) KA BN AR 16 5 5 W DAAR D 45 4 HH 264 R
FEME 253 A, 7R 1% 0 Al AT SV SRR E 5, R 1%
FEWE I AR R 22 1 e B K2 I B, T 2 AN
IF] 14 M 23 32 3 0T I B0 A

E W 28 | it A2 o B 1 I 28 00U 1 R B — Ak )|
SRS ME 5y FE VR HIbRHE T 2 T “ VPN I A £,
K FH T 2 B 4 1 45 SR m mT DAPRE SR A5 2500 “ PR
FabR” . T SREE N2 0 FE 9 “PATH 7 BN H ok
RE AT A ROPPAl, ) SRAE B A e 13 S 0 v] LA 2%
il T Ao B B B, R “ PAT 7 LS Re /0. oY
16 388 3 A [5] (1 2 F 16 5 SR s 1% 60 I s A e %
A AR 5 D) R RS A 4 .

W 25 58 if) MADRL-model 3% FH 77 2% ) /5 % £ 5
I FT DA R SR A MIDVRP, {H £ X6 355 43 45 3 119 52 451 47
TE — 7 0 et 2% 1), 457 = ] 6 v B 42 5 S il R DA
COEENE LR 1 A S AT N R B R T

B B R (EIF AR ) I Bh AR, D8 T BSOd i
JoERE, AR SR P9 o 4 2R SR

1) 2-opt #£ . £15XF Y LK) -7 [m] i v it 24 52 S )
7L, 2-opt Jj i 14 2R 4 R i L )8R 1) 1 [ i A
NHIUESE, XA T 18] % AT 2-opt A BEAT 18, A
T CACHE AR B A B R, BB IR AT

1 RO (AR BR AE HEAT B0, T R )T 1B B

step 2: 5 T [F1 B o/ A0 o, W BE 0 M AT 7 [ml i r =
r! B AR IR B iter B B N 0 IR [F] step 1, 75 M EAR KR
Hiter = iter + 1 FFiR A step 1;

step 3: # LA IR EUIE B f KIEARIKRE Tter =
MaxTter /5 4 ek r, M 25 3K 2-opt J& #5485 R, 3K r 1
N Bl IR [

2) RAFH R AR B RS E L R R g
SRARE R — AN 2451 LA SR A 1% 52401 22 A 56 A, B o
IR PR AR, B A s 2y 5 B il R 2, WU AR A e =
argmin{ L(my), L(my), ..., L(m,)}, % T 5 g 4 4%
i B BB AT . BT AR SO RS HL A o R A 1 A
i, HERFER AR A S RE 27 0 B (1 [) e A
3 LT
3.1 TWEE

{4 H pytorch SEEL MADRL-model Z£ A HESE, 75 51
7k GPU (2080ti, 5 77 4 10 G) i)l ZR W& o 2% B 7Y 7
iZ4T ¥ 15 9 Intel Core i7 CPU/3.60 GHz ) win104:/F
ARG AT H AR, N5 IE MADRL-model 14 B,
73 AIAE 20-3 RUAE (20 AN A, 3 AT A0 A, R4
BN Y 30).50-3 FIAR (50 N2 £, 3 Heas ol

ANECIE O B, B AR R K AR 2R 50) B E )l i
R S5 AR 1 T T2 2 SCHR [15] H CVRP SEHI 1 A4 il
75 3, 1 S5 B ARARAE [0, 1) x [0, 1] B350 A, B f
FoRoAN (1, 10] ERIEI51 04
32 BHEE

FEAR LY G IR 5, K- 20-3 BB AN 50-3 FHASE i)
8, Y 556 30 (epoch) 15 B N 100, BEAC Y SRt 30k B
o 2 500, Bt U 9 B B N 512; %5 T 100-2 AR
e L, EH T 3 A R /N PR, A A ok SR A K i B D 128,
KAE 2 A IR AR B s BB N 128, R Adam 1tk
R N 25 S35 )RR E N x 107448
SR B 1, Xof A [ RIS Py i 8L, 43 ) 7 e o
g3 T 10 000 20 50451, 4 B A A S A9 6 A R
ST SRR B9 T 380 SRR N [ AR 2R 1 BB PR A,
T34 % A5 K P R 3R s SR RRATE, S 357 3R g et 1)



% 8 H

IFRF: ATRARLSE NS EE PO EIHKEIX 2107

SN L ES T
33 ZEEEFMERNEMMERE
TE B Re PR R Ak 25 o) Hp, SR I 4% B BN
BE A g 4, N 5 B Re AR 5 IR 8% 2 A) 1) 28 B, (H 2
MADRL-model H & 2 A E GE AR, AL 7 ZXF IR 855
A HER AN, 16 75 DR AN [R5 B 2 B R AEAS Rk
7RG S BIAH HATEMBUOR. 28 feth 2 M 22 |
JE st ) 24 AR FR AR AL BTN JE VREAIE R S, RS
PR AT REMAOIR S RRE 5 LA REMAOIR A R E il
A, AE 1S 2 B0 B AR BT SR 2B RIS B B AR
T HL R e AR 2 ) A P R B N 2 R B 2w
REAMACREAE, DR 0E R 25 R 2 Wi 9 e AR 2 1 el AR S0k
BT 2R R NE L 10 BPE RS 56 52 58, K MADRL-
model VIl 2545 F 5 L R A 2 SR AT X L, DLEG
E 22 8 e R HE 28 (4 25tk eh 1 4 43 B AT %, 76 20-3
HAE o) B, MADRL-model 55 &I 25 45 BB AR, T A
50-3 FLA A 100-2 LA i) @ |, MADRL-model Il £
g5 LR (5 R, HLAH bL AR BB A4 2 2] 15 20, MADRL-
model 7 I 25 7 HH 5 S 5 B A, USSR - T
B SR
gfl i

BRI

el —
TSR N
RE P o —_ o~ o~

0 20 40 60 80 100
(a) 20-3 Hii

20
5 —— —
18g 2wtk

16
14t

TR

i
12 B
0 el D T

(b) 50-3 FAE

35
- — — — PR
T 2 Wil

= 25E

s

20 FRe

N - - -

15
0

(¢) 100-2 Hifs
El4 ZEEFSBEEREEFIGTIETT

34 RETBMRERLE

AS[F) FRAR ) MADRL-model #5578 B — & KT
F& BE 77, 19 G55 T 50-3 FARE 0] L, 1| SR A5 284 iy FH 4451
(0 F 50 A& A, {H A2 125 28 E SR AR L 7 45 AN i
7 R S R RE A 2. N 36 E MADRL-model 5
I 1 e, AN B A Y g AT 1T 7 SR Al O 5
HGA2% 47 5% L, 20-3 #45 MADRL-model 152 24 3K
il 15-3 FUAL 52451, 50-3 AL MADRL-model #8714 3K i
45-3 HUBL S 451, 100-2 MU A MADRL-model 4% 74 3K fif
95-2 HUBEL B Xof Lh g Fan 1l 5 o, 7R fig 45 SR AN
SR A 1] _E, MADRL-model LA K 45 &8 2% SRS £ A
I ] RS b (R IO T HGA2, I LK HLi
K, AT PRI A B I B 2, 3R B AR SR LA ) A 1)

M HE

16 F
1 14
M)
L(ﬁ
= 10}
3»_7\
H_

15-3 Ak 45-3 HiAk 95-2 FAE

(a) PHIMBEKE
20
—8— HGA2
- —G- - model n
= 15 A 2-0pt
ﬁ — % -- sample
=10+
15
-\'H?: 50 /_/_/.ae
—————————— —-*‘—/
08 &
15-3 $if 45-3 HA 95-2 FAH

(b) PRI []
B 5 REFHKEXILL

3.5 SHMESAMMRERTLE

# MADRL-model PA & 25 & 2-opt J& 6 8 & o
W A K B 48 R FENG 5 oK fi# MDVRP 1 W H] 572
HGA!, GVNST#E47 X Lb. HGA J& — Fh 45 & 41 42
R 1 8L %, Fh HGAL SR F Bl AL 46 46 A2 1
BIHE M EE, HGA2 K F 17 29 59419 K1 NNH A B4 46
Tt B, 75 108 4% 45 4F b 58 I0 ISP 4 7+ GVNS J& —#h
AR B R K, VLR Gillew 551 42 H B9 F9 98
SRV AR BT R, IR FH eS0dt 1) e AL 40 3 B B
7% (randomized variable neighborhood descent, RVND)
YEN R R R 7L B s UM xSk g 2
BV B 3 0 ST HR — 35, HGA Hh R B IR Ay 25,
XM 0.4, 22 7 WE R O 0.2, % F 20-3 BLAR AN
50-3 RHLAR A i 3% AR R H N 500, X T 100-2 K AR 7]



2108 # % 5

xR ¥37%

FBL% AR IR BN 1000; GVNS H e K AR IR Bk 100,
B K IEACHT 18] 9 30 min. 45 403 1 F13E 2 fios, H
H MADRL-model 4 fr & Hi 15 81 28 1 B9 28 )l 25 oK
fift 45 3, Model(2-opt) % 7~ X MADRL-model 3R 15 ]
fif K FH 2-opt J&j # #% 2 5K 1%, Model(sample) & 7 X
MADRL-model 3R 15 1) fif R SR A4 2R e

i % 1% 2 A W.: MADRL-model 7£ 20-3 ¥ ji
TN 50-3 FRASE ) R 1) K g ot B 5 o0F b BV AR
{2 7E SR i I [R) b 378 gt PR T A B, T AE 100-
2 AR [ R B AN A R SR R o R I R SR R I 1] 3 AR
T HoAth 57k A7 A 2-opt Jm BB 2R B R R FE SR I
) MADRL-model 7 3 Ff LA ] & 1 3K i ot = A1
SR A 1) 24400 T At B3k, 38 3 3 RO [ SRS 1)
MADRL-model % Fb 7341 1] %1, 2-opt J&) 548 2 5w Al
SRAEE 2 M T A () 5 3R AR AR 4 S, i
THEI0 T A [ B 4 2 SR, SR R IS [R] 5 Rl T
Timegample ~ 10 Timesopy ~ 100 Timemoqer. H T
S [ 2 B O R — AP B AR IR R AR, T AN [
SIZAG] i) R S [ 2% T e 2t I AR B AR I E A IR IR
35t 1 I OO0, KA SR A — o MR A A (AR S e ) 1R
FBNAE kB, H KRR SRS AL T R S 4 2R S et
MADRL-model fif i1 25 7T 50, S shiF BARA — 8
N2 5 i (ER AR T R 3 s R 3 1R, Jl I R 3
SN RS/ E SRl (e

®1 AEEEKMBLERIILL

i A
RS
20-3 50-3 100-2
HGA1 5.726 6 11.4873 20.4853
HGA2 5.2574 9.4900 16.336 1
GVNS 5.4279 10.3622 18.8573
MADRL-model 5.2878 9.4772 15.6190
model(2-opt) 5.2200 9.2315 15.1249
model(sample) 5.0733 8.861 1 15.0717
®2 TRIEZEKBRATEX L
i A
B
20-3 50-3 100-2
HGA1 5.3643 10.0599 17.0759
HGA2 5.5508 10.4219 17.6479
GVNS 1.509 1 15.5916 37.2243
MADRL-model 0.007 8 0.0273 0.0439
model(2-opt) 0.0675 0.208 2 0.4832
model(sample) 0.6140 2.0914 5.6804

4 4 B

ARSCHEH T — Bl T 2 R BE AR TR B SR AL A o A
ZL{{) MDVRP R AL, X 5l F AL 458 « Je o 21 J5 bk
1 3R fift FE %, MADRL-model [ 2 & R 44 1) FH /& 2
FEAS B, 3@ 2 S A B A VR S, I In) R R g 47
TEARRARIN R, 285 39 28 )11 25 () MADRL-model 1% 7
A LAPRLIE K A MDVRP. 3 i 55451 415 06T b 5256 58 IF
7 MADRL-model 1 ! 5 5 %% =05 7240 o 2 A7 B AR
(SR FE, I H B AR AT SRR, AR LI PO 2
(] B a4 A 2 R LA B8 G 1) e A, R P R 2
. J5 B2t 50K 3k — 20 25 R B TR e 16 rp O B AR

AE LN 2 A RE 77 DA S T R RIS 1] 851 114 3K ik BE 7,
FEH T FE A R SR A .
22 3 Hk (References)

[1] Gillett B E, Johnson J G. Multi-terminal vehicle-dispatch
algorithm[J]. Omega, 1976, 4(6): 711-718.

[2] Bettinelli A, Ceselli A, Righini G. A
branch-and-cut-and-price algorithm for the multi-depot
heterogeneous vehicle routing problem with time
windows[J]. Research—Part  C:
Emerging Technologies, 2011, 19(5): 723-740.

[3] HeYL,Miao W D, XieR, et al. A tabu search algorithm
with variable cluster grouping for multi-depot vehicle
routing problem[C]. Proceedings of the 2014 IEEE
18th International Conference on Computer Supported
Cooperative Work in Design. Hsinchu, 2014: 12-17.

[4] OliveiraF B, Enayatifar R, Sadaei HJ, et al. A cooperative

Transportation

coevolutionary algorithm for the multi-depot vehicle
routing problem[J]. Expert Systems with Applications,
2016, 43: 117-130.

[S] Ho W, Ho G T S, Ji P, et al. A hybrid genetic
algorithm for the multi-depot vehicle routing problem[J].
Engineering Applications of Artificial Intelligence, 2008,
21(4): 548-557.

[6] Clarke G, Wright ] W. Scheduling of vehicles from
a central depot to a number of delivery points[J].
Operations Research, 1964, 12(4): 568-581.

[71 Bezerra S N, de Souza S R, Souza M J F. A GVNS
algorithm for solving the multi-depot vehicle routing
problem[J]. Electronic Notes in Discrete Mathematics,
2018, 66: 167-174.

(8] EAE, TR, T, 2 %3775 i 8] & 450 2% 4% n)

(748 0 B A8 R S (0], A AL, 2011, 19(2):
99-109.
(Wang Z, Zhang J, Wang X P. A modified variable
neighborhood search algorithm for the multi depot vehicle
routing problem with time windows[J]. Chinese Journal
of Management Science, 2011, 19(2): 99-109.)



% 8HA IR F: AT REBRNS )6 S EE TS F IR ZAR 2109
(91 WF4epk, IR REFR —MRMBEWEEFERLE on Machine Learning. Sydney, 2017: 1-12.

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

7] AL ) Memetic 595 [J]. 42 55 P 5, 2013, 28(10):
1587-1590.

(Xu W S, Zeng Z 'Y, Xu Z Y. A Memetic algorithm for
solving two-echelon vehicle routing problem[J]. Control
and Decision, 2013, 28(10): 1587-1590.)

WOIEVE, VRYERE, tRET, & B b SR (A
& B AR R (], $ 1 5 1R 3R, 2014, 29(12):
2183-2188.

(ZengZY,XuW S, XuZY, et al. Cumulative multi-depot
vehicle routing problem in emergency logistics[J].
Control and Decision, 2014, 29(12): 2183-2188.)
JABERR, BBH, PO, . 5 RN AR 1 £ E Lt
TR AR B R A AG S0 (0], #21 5 HER, 2022,
37(2): 473-482.

(Zhou X C, Lv Y, He C H, et al. Multi-depot green
vehicle routing model and its optimization algorithm
with time-varying speed[J]. Control and Decision, 2022,
37(2): 473-482.)

Vinyals O, Fortunato M, Jaitly N. Pointer networks[C].
The 29th Conference on Neural Information Processing
Systems. Montreal, 2015: 2692-2700.

Bello I, Pham H, Le Q V, et al. Neural combinatorial
optimization with reinforcement learning[J/OL]. 2016,
arXiv: 1611.09940.

Nazari M, Oroojlooy A, Takac M, et al . Reinforcement
learning for solving the vehicle routing problem[C].
The 32nd Conference on Neural Information Processing
Systems. Montreal, 2018: 9861-9871.

Kool W, van Hoof H, Welling M. Attention, learn to solve
routing problems![J/OL]. 2018, arXiv: 1803.08475.
Vaswani A, Shazeer N, Parmar N, et al. Attention is all
you need[C]. The 31st Advances in Neural Information
Processing Systems. Los Angeles, 2017: 5998-6008.
LiZ, Chen Q, Koltun V. Combinatorial optimization with
graph convolutional networks and guided tree search[C].
The 32nd Conference on Neural Information Processing
Systems. Montreal, 2018: 537-546.

Nowak A, Villar S, Bandeira AS, et al. A note on
learning algorithms for quadratic assignment with graph

neural networks[C]. The 34th International Conference

[19] Helsgaun K. An extension of the Lin-kernighan-helsgaun
TSP solver for constrained traveling salesman and vehicle
routing problems[R]. Roskilde:
2017.

[20] Chen X Y, Tian Y D. Learning to perform local
rewriting for combinatorial optimization[J/OL]. 2018,
arXiv: 1810.00337.

[21] Lu H, Zhang X W, Yang S. A learning-based iterative
method for solving vehicle routing problems[C]. The 8th

Roskilde University,

International Conference on Learning Representations.
Addis Ababa, 2020: 1-12.

[22] Costa P, Rhuggenaath J, Zhang Y Q, et al. Learning 2-opt
heuristics for the traveling salesman problem via deep
reinforcement learning[C]. The 12th Asian Conference
on Machine Learning. Bangkok, 2020: 465-480.

[23] Wu Y, Song W, Cao Z, et al. Learning improvement

IEEE
Transactions on Neural Networks and Learning Systems,
2021, 8(1): 1-13.

[24] Williams R J. Simple statistical gradient-following

heuristics for solving routing problems[J].

algorithms for connectionist reinforcement learning[J].
Machine Learning, 1992, 8(3/4): 229-256.

[25] Kingma D P, Ba J L. Adam: A method for stochastic
optimization[C]. The 3rd International Conference on
Learning Representations. San Diego, 2015: 1-11.

fEE R

FER1957-), 5, #R, WA, WNFEAN LR,
KREEEE 5T, E-mail: zjutwwl @zjut.edu.cn;

MRSz (1995-), 53, Rt Az, AR RE A0 10 I BE i
5%, E-mail: chenhaolil222@163.com;

ZEK (1994-), 5, W4, NEL BRI,
E-mail: zjutwwl@zjut.edu.cn;

R (1991-), 55, 44, IR BERCIE S5O0
HIHF 4T, E-mail: cyxlll@zjut.edu.cn;

AR (1959—), Lo, %, L4 S, WS
an IARBCTT BES 57 BRI R R eIl S A R
WA, E-mail: ywz@zjut.edu.cn.

(AR FREF)



