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An integrated social-model approach to

multi-agent navigation
XU Wenbo, HU Chunhe

(School of Engineering, Beijing Forestry University, Beijing 100083, China)

Abstract  Multi-agent cooperative navigation in dense crowds remains challenging due to complex interac-
tion patterns and the difficulty of modeling social norms. To enhance collision avoidance efficiency and so-
cial adaptability in such environments, this paper proposes SFMRVO-DRL, a multi-agent navigation
framework that integrates Reciprocal Velocity Obstacles (RVO) with the Social Force Model (SFM) into a
unified hybrid social interaction model. The framework adaptively balances the two components based on
collision risk, enabling both efficient collision avoidance and naturalistic motion. Building on this hybrid
interaction model, we design a decision architecture incorporating a graph attention mechanism to capture
dynamic inter-agent relationships, and introduce a multi-objective reward function grounded in right-hand
passing conventions to improve social compliance and policy stability. The proposed method employs
MAPPO for policy optimization under a centralized-training and decentralized-execution paradigm. Experi-

mental results in a canonical circular crowd-interaction scenario demonstrate that our approach significantly
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outperforms GA3C-CADRL, NH-ORCA, and HeR-DRL in terms of success rate, navigation time, and
speed. This study highlights the effectiveness of hybrid RVO-SFM interaction modeling, attention-based
social perception, and socially normative multi-objective reinforcement learning in advancing multi-agent
navigation performance in complex crowd environments,

Keywords deep reinforcement learning; multi-agent; social force model; socially navigation
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Tab. 1 Comparison of performance indicators of test experiment

Y%t it LRIES TR K FRGEEE/ (m - s )
SFMRVO-DRL 0.99 71.47£3.93 1.13%£0. 05
- GA3C-CADRL 0.82 85.97+8. 02 1.1120. 14
P NH-OCRA 0.97 72.96+19. 53 1. 08=£0. 10
HeR-DRL 0. 96 72.57+7.34 1. 10=£0. 21
SFMRVO-DRL 0. 97 73.84+9.71 0.79%£0. 12
- GA3C-CADRL 0.74 146, 52+41. 26 0.3940. 34
LA NH-OCRA 0. 95 75.33£25. 64 0.7240.18
HeR-DRL 0.92 78.947£10. 22 0.7040. 41
SFMRVO-DRL 0. 86 157.84412. 35 0.77+£0.17
. GA3C-CADRL 0.58 285.02+44. 98 0.4940. 57
LI NH-OCRA 0. 80 166. 74+26. 20 0.7240. 26
HeR-DRL 0. 88 159. 92414. 57 0.7340. 32

T VAR B AE SEBR Y B & BB nT ATV, A SCFE AR [A) R (R R  h 4% 580 1k 10 B AL i BRFE A R A7
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Fig. 8 A comparison of the average computational cost to achieve single control action for each robot
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Fig. 9 Trajectory map in the corridor scenario for ablation studies
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Tab.2 Comparison of performance indicators of test experiment

Yt LAY el Sk SRLHEE/(m s D)

SFMRVO-DRL 0. 99 71.4743.93 1.1340. 05

F 5 RL-RVO 0.93 74.31+16. 77 1.0240. 16
RL-SFM 0.76 102. 01412. 64 1.0040. 13

SFMRVO-DRL 0.97 73.8449.71 0.79%+0.12

kL3 5 RL-RVO 0. 82 83.69-+19. 93 0.74+0. 28
RL-SFM 0.67 86.51+16. 84 0.7340.17

SFMRVO-DRL 0. 88 157. 84+12. 35 0.774+0.17

A R 5 RL-RVO 0. 64 189. 7622, 14 0. 61240, 42
RL-SFM 0. 60 192. 45420, 58 0.5940. 38
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