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Abstract

Abstract: Aiming at the dynamic stochastic inventory routing problem with periodic fluctuation of
demand, a novel simulation optimization approach based on deep reinforcement learning is proposed to
achieving periodic steady strategy. Firstly a dynamic combinatorial optimization model is constructed.
Then, by deep reinforcement learning and setting heuristic rules, the replenishment nodes set selection
and the replenishment batch allocation weights in each period are determined. The simulation
experimental results show that the proposed method can improve the average profit of a cycle by about
2.7% and 3.9% in low fluctuating demand case and by about 8.2% and 7.1% in high fluctuating demand
case compared with the two solution methods in the existing literature, and the cycle service level can be
stabilized within a small fluctuation range under different demand fluctuation environments.
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achieving periodic steady strategy. Firstly a dynamic combinatorial optimization model is constructed.
Then, by deep reinforcement learning and setting heuristic rules, the replenishment nodes set selection
and the replenishment batch allocation weights in each period are determined. The simulation
experimental results show that the proposed method can improve the average profit of a cycle by about
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Tab. 1 Demand fluctuation coefficients in periods

I 1 2 3 4 5 6 7
W1 1 09 09 1 1.1 12 12
Y 1 07 08 1 11 14 1.3
&3 09 07 08 1 13 16 15
W4 09 06 07 1 12 18 16

B SR R B O A R O N A 7 3R
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JEEAF AR R AT, R fe /A B AE R RAE B 4
AP IC. AR R R A E Y 30 Jo/
BTG, BB 13 JU/8TT, RIREIRE N 10
TC/ A TT . MRAEX L A B B VA LB FE VRP A AT
B, @R R AR CSL RIAE 0.85 A _E 7K T

DR EESRIG OR300 R F SCHR[ 10T H A 5k
T I 85 i RN 3 B0 B35 (PD-RSA) HHSCHR[8]
A AR S IRA R T VE M TR 12180 25 BT IS FLR 05 %
S5GT R 2E T R HE ) T AR 4B 48044 & (Look Ahead
based Variable Neighborhood Search, LA-VNS)J7
%, LA ST I HR-DQNs 773k 47 15
KK LA-VNS J5iE—AE RN IEET T — i
JAR R TAI, SR 5 LA mkb B /5 KA X K
AR S5 ROGME A, DAL 2 &5 iAb e tt
EHIWIURME, FERTUA AL Al oo A I R AT AT
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Tab. 2  Set-up of training parameters for DQNs Fig.2 Training process of DQNs in scenario 2
23 EtE EHE #rin B AOBH
P Junit /cycle £ /step 61000} —mean profit
---mean CSL 10.84
0.001 32 4 0.99 10 000 60000} :
2 .
B X £.59 000 T 0826
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BRYS L
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£ 4 MEE S 72N PD-RSA 5k, 3 s -
S et o 3 3% 3 o DQNs (I ZRid 2
LA-VNS Fiz AR JE ) HR-DQNs R, SR A Fig. 3 Training process of DQNs in scenario 3
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Fig. 1 Training process of DQNs in scenario 1
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Tab. 3 Performance comparison of simulation tests
W5 W52 53 Wt 4
KA o ARG o ARG o JIRSS o ARG
YR/ 7T R/ 7T YR/ 7T F R/ 7T
K IKF IKF KF
PD-RSA 54 932 0.903 58 056 0.834 57053 0.797 54 047 0.852
LA-VNS 54 287 0.908 58 791 0.831 57 659 0.806 53989 0.850
HR-DQNs 56 458 0.870 61 384 0.861 61 756 0.862 55 694 0.864
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