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Congestion-aware and Cached Communication for Multi-agent Pathfinding

ZHANG Yongliang' , LI Ziwen' , XU Jiahao' , JJANG Yuchen® and CUI Ying'

1 College of Computer Science & Technology,Zhejiang University of Technology, Hangzhou 310014, China
2 School of Information Engineering, Huzhou University , Huzhou, Zhejiang 313000, China

Abstract Multi-agent Path Finding(MAPF) is an essential component of large-scale robotic systems. Traditional planners based
on conflict search are limited in scalability due to computation time, whereas multi-agent reinforcement learning strategies based
on communication mechanisms significantly alleviate this issue. As task complexity and scale increase,how to effectively commu-
nicate and avoid congestion becomes significant obstacles for learning-based methods. To overcome these challenges, this paper
proposes a decentralized planning method called Congestion-Aware and Cached Communication for Multi-agent Pathfinding
(C3MAP) ,which features cache-based communication and congestion-awareness capabilities. Specifically,agents broadcast com-
munications to neighbors only when the current environmental information significantly differs from the previous communication
or when receiving request signals from other agents. Additionally,congestion information is incorporated as locally observable in-
formation to guide agents in avoiding congested areas. Experimental results on benchmarks indicate that C3MAP achieves a solu-
tion success rate of over 90% in structured scenarios,significantly outperforming existing learning-based methods. Additionally,
experiments in large-scale environments confirm the greater stability of the caching communication mechanism and the effective-
ness of the congestion awareness strategy.

Keywords Multi-agent system,Path planning,Deep reinforcement learning, Congestion aware,Cached communication
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Table 1 Reward design
TH £y
BE(L/T/E/E) —0.055
59 (£ B AR &/ A H AR B 0.—0.055
KB 0.5
B8 A R R Bl 3k B AR R 10

FEATH BRI
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1. For t=1.,T do
2. METMETULIAEE O R MR B m!
3. If Cos(m,m™ ) >3 or brgurea then
4, 16 T L RE AR AL T REE . m)
5. W BRI § R ] E B mi B m]
6. AT UL BT P LA RE A oy € ALY ST BB
T ARBEIR L EAT AU B K G O BTG o= m] L IR
BAT R val =C
8.  Fora€Aldo
9. I A #ZFH L m) then
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10. If G247 1 4 B RUE val;<<=0 then
11. ) BB § R IE TR R AE T brequired
12. Else
13. BB AE TP B A BUE val;=val,—1
14.  End for
15. End for
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Fig. 3 Benchmark maps
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Table 2 Parameter settings for large-scale scenarios

map_size n_robots n_obstacles max_epi_len
40X 40 8 320 256
80X 80 32 1280 512
160X 160 128 5120 1024
240X 240 288 11520 1536
320 X320 512 20480 2048
400 X400 800 32000 2560

5.2 ELWER
5.2.1 MU FTRABRETER
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Table 3 Solution quality for different MAPF methods
PRIMAL DHC DCC SACHA SCRIMP C3MAP
Map Agent
SR/%  EL SR/%  EL SR/ % EL SR/ % EL SR/ % EL SR/ % EL
4 40 196.54 100 86.56 100 82.99 100 81.43 100  82.34 100 83.93
8 8 245.02 100 100.70 99 97.95 100  89.73 100  99.58 100  96.06
den312d 16 0 256,00 100  109.24 97  108.29 100  96.74 100  105.78 100  107.26
32 0 256,00 98  124.38 97 119.15 98 104.30 100  115.39 100  120.12
64 0 256,00 93  153.17 93  145.21 94  142.97 100  131.59 100  140.96
4 42 355.80 99  146.12 99  135.89 99  134.59 87  197.79 100  133.46
8 18 451.82 91 198.82 96 169.50 93 166.72 66  304.22 100  153.58
warehouse 16 8 492.04 74 281.37 90  208.72 76  198.72 48  366.98 100  172.58
32 4 505.58 28 432,28 58  335.81 48  354.33 21  451.40 99  193.59
64 0 512,00 1 512,00 14 473.92 28 437.29 4 504. 26 94 245.57

T IR R (7] LG fie A 45 20 L N B 2 3 7R TR %
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Table 4 Communication frequency of different algorithms in

structured maps

Map Agent DHC DCC CIMAP

6=0.95 6=0.9 0=0.8 0=0.7

1 42.0 2.4 7.2 3.5 1.8 1.2

8 210.7 11.7 34.8 16.8 8.6 5.5

Den312d 16 894.9 51.5 162.5 78.1 38.4 23.5
32 3335.7 218.8 760.1 357.3 166.3 94.2

64 11870.6 1306.1 4205.1 2001.9 815.8 453.9

4 27.8 7.1 3.9 2.2 1.2 0.7

8 130.2 40.7 17.7 7.9 5.4 3.3

warehouse 16 692.9  148.6 75.2 44.9 24.1 14.4
32 3619.2 583.6 317.6 184.2  100.3 60. 8

64 19589.3 2341.9 1499.6 878.8  455.7  275.8
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Fig.4 Success rate at different thresholds in warehouse
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Table 5 Ablation experiments results in large scenarios
Cache Congestion Static 240X240,288 320X320,512
Comm Dynamic Info SR/ % EL SR/ % EL
- — — 19 1375.04 4 2020.76
N/ - - 81 710. 85 64 1244.63
N N/ — 100 464. 00 99 694. 23
N/ N/ NG 100 409. 20 100 556. 49
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