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DP-Q(A): Real-time Path Planning for Multi-agent in Large-scale Web3D Scene

Abstract

Abstract: The path planning of multi-agent in an unknown large-scale scene needs an efficient and stable
algorithm, and needs to solve multi-agent collision avoidance problem, and then completes a real-time
path planning in Web3D. To solve above problems, the DP-Q(A) algorithm is proposed; and the direction
constraints, high reward or punishment weight training methods are used to adjust the values of reward
or punishment by using a probability p (0-1 random number). The value from reward or punishment
determines its next step path planning strategy. If the next position is free, the agent could walk to it. The
above strategy is extended to multi-agent path planning, and is used in Web3D. The experiment shows
that the DP-Q(A) algorithm is efficient and stable in the Web3D real-time multi-agent path planning.

Keywords
Web3D, large-scale unknown environment, multi-agent, reinforcement learning, dynamic rewards p, path
planning

Recommended Citation
Yan Fengting, Jia Jinyuan. DP-Q(A): Real-time Path Planning for Multi-agent in Large-scale Web3D
ScenelJ]. Journal of System Simulation, 2019, 31(1): 16-26.

This paper is available in Journal of System Simulation: https://dc-china-simulation.researchcommons.org/journal/
vol31/iss1/3


https://dc-china-simulation.researchcommons.org/journal/vol31/iss1/3
https://dc-china-simulation.researchcommons.org/journal/vol31/iss1/3

Yan and Jia: DP-Q(<em>?</em>): Real-time Path Planning for Multi-agent in Larg

ERIE AR %é}ﬁ/ﬁjﬁ%#&@ Vol. 31 No. 1

2019 4F 1 H Journal of System Simulation Jan., 2019

DP-Q(A): K Web3D 35+
Multi-agent SEHT BRI B L

A+F, Rk

(¥R, L 201804)

FE: XA T F Multi-agent T ALK ZIR] Hik, F 24 Web3D L EZILER . #8564 abdEiet
ik, BT HEHEEAKS =5 DP-Q0) ik, RAFCQRBEAR, RAZRTHKEETI %%
e, R FEREREFE p0-1 FEBH) T R, AR T —Hd9-FH L%, R&eaT—2E
RTEEW, TRATAIIAZ B ELAT Hy , R KGR IBA K] 7 F R F| % FEMRICBEZAK %
HH—Hf Web3D EEH TE—7 %K, FEEREAW: ZIHEIG 5% KL RENL LS
T /£ Web3D £ f £5 3 ¢ Aottty 2 K.,

REIE: Web3D; RKAMAEZRFnIRIE; B H IR, BF 3, HELT p;, BAENX

5y 9545 TP391 SCERFRIRIG: A EHS: 1004-731X (2019) 01-0016-11

DOI: 10.16182/j.issn1004731x joss.16PQS-003

DP-Q(4): Real-time Path Planning for Multi-agent in Large-scale Web3D Scene
Yan Fengting, Jia Jinyuan

(School of Software Engineering, Shanghai 201804, China)

Abstract: The path planning of multi-agent in an unknown large-scale scene needs an efficient and stable
algorithm, and needs to solve multi-agent collision avoidance problem, and then completes a real-time
path planning in Web3D. To solve above problems, the DP-Q(A) algorithm is proposed; and the direction
constraints, high reward or punishment weight training methods are used to adjust the values of reward or
punishment by using a probability p (0-1 random number). The value from reward or punishment
determines its next step path planning strategy. If the next position is free, the agent could walk to it. The
above strategy is extended to multi-agent path planning, and is used in Web3D. The experiment shows
that the DP-Q(Z) algorithm is efficient and stable in the Web3D real-time multi-agent path planning.
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