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Abstract: In the conflict-based search (CBS) algorithm, random conflict selection leads to poor solution efficiency in
multi-agent path planning. Therefore, an improved CBS-based multi-agent path-planning algorithm is proposed in this
paper. First, a new conflict selection strategy is introduced according to the information related to the child nodes associ-
ated with the conflict. Next, the RankNet algorithm based on a neural network is used to learn the new strategy and fur-
ther reduce the running time of the algorithm, obtaining a trained ranking model. Finally, this well-trained ranking mod-
el is utilized to select conflicts for the CBS algorithm. Simulation verification of the improved CBS algorithm was per-
formed by designing experiments. Results show that the proposed CBS algorithm effectively enhances the efficiency of
the algorithm compared with the existing improved algorithm.
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Table S Comparison of CBS and improved CBS with dif-
ferent number of agents

BRek ASM JFEM asfr CTR

ik B % ThE~% BHEls VAS
CBS+Sg 100 6.72 499
CBS+NET] 18 100 100 3.02 158
CBS+NET, 100 134 66
CBS+Sg 98 5.05 210
CBS+NET; 20 100 98 418 103
CBS+NET, 100 298 73
CBS+Sg 94 9.92 935
CBS+NET] 22 98 94 635 288
CBS+NET, 98 370 142

CBS+Sg 94 1551 1360
CBS+NET] 24 100 90 13.53 737
CBS+NET, 98 556 224
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{32 47 B 6] 45 45 61.9%, 18 % 25 [ 45 /) 80.1% FF:
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Table 6 Comparison of CBS and improved CBS with dif-
ferent map and different number of agents

BRER AEEC JEER BT CTR

B wn simme e min A4
CBS+S) 9 0.09 143
CBS+NET; 6 100 96 0.10 43
CBS+NET, 100 0.09 46
CBS+S) 9 0.06 102
CBS+NET; 8 98 96 0.03 52
CBS+NET, 98 0.03 69
CBS+S) 80 040 310
CBS+NET] 10 82 80 0.14 155
CBS+NET, 82 0.08 69
CBS+S) 56 046 997
CBS+NET; 12 64 54 037 438
CBS+NET, 64 034 396
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