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Adapting Incremental Learning Toward Real-World Reinforcement

Learning for Social Navigation
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Yuki Tomita (Kyushu Univ.), and Ryo Kurazume (Kyushu Univ.)

Abstract: In recent years, the demand for mobile robots has been rapidly increasing, and the application of deep reinforcement
learning (DRL) has attracted significant attention, particularly as a navigation method in dynamic environments that include
pedestrians. Conventional DRL approaches typically involve training only in a simulation environment before deployment in the
real world. However, discrepancies between simulation and real-world environments can hinder the robot” s ability to flexibly
adapt to diverse situations. This study aims to develop a method that enables a robot to learn incrementally during real-world
operation. A key challenge in this context lies in the constraints of computational resources, as autonomous navigation requires
processing information from multiple sensors. To address this issue, this paper proposes a method based on incremental learning
that directly utilizes sensor data without buffering, thereby improving the performance of real-world learning and navigation.
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Algorithm 1 Residual reinforcement learning and AVG

Require: Base policy 7p,
Initialize: 9, ¢
forn =0,..., N — 1 episodes do
Initialize s¢
while s is not terminal do
Calucate Action u; = anp(s;) + (1 —a)mg(s;y)
Take action u; ,observe s;41,rs+1
Optimize 6, ¢ using AVG
end while
end for
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Table 1 Results of the simulation experiment 1

Method Success[%] Collision[%] Exec. time[s] CDR

AVG 0.000 0.000 30.0 -0.004
RAVG 0.738 0.252 8.40 0.199
RSAC 0.724 0.244 134 0.112
RPPO 0.720 0.002 23.9 0.040
RTD3 0.960 0.018 14.3 0.218
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Table 2 Results of the simulation experiment 2

Base policy RAVG
Number of Pedestrians  Success[%] Collision[%] Exec. time[s] CDR Success[%] Collision[%] Exec. time[s] CDR
2 0.736 0.046 14.8 0.139 0.872 0.102 10.7 0.236
5 0.474 0.518 9.78 0.044 0.890 0.108 8.54 0.264
8 0.368 0.632 8.81 -0.010 0.700 0.288 8.54 0.171
12 0.164 0.836 8.63 -0.115 0.314 0.686 8.25 -0.029
Ui e BITHEIERZ EH L RAVG Z H W THE %217
W, ETILOEHEITD LWV IMIUTKR > TWD., )
-0.25 ifd;, <0
Jetson AGX Orin (d; —0.2) x0.125 elseif d; < 0.2
oAy b IMUHER R, = e 2
R xRe ’ CrowdNav | BEf#E#E } 3D-LiDAR | 1 else lf pl‘ - pg
T 0 timeout or out of range

|
P

FEARY
’ RAVG l eAABBOKY b

« Iva—4fE
PID#|#) E—F K41 H -4 |

BHRIE

EFIL

HERRE (vx,vy)

Arduino Mega

Fig.1 Softwear configuration

Fig.2 Hardware configuration
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Fig. 3 Environment for the real-world experiment
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Fig. 4 Scenes of the real-world experiment
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Table 3 Results of the real-world experiment

environment Method Success[%] Collision[%] Exec. time[s] CDR

real R-RAVG 0.300 0.670 10.2 -0.054

real S-RAVG 0.210 0.780 5.93 -0.073

real S-Base policy 0.150 0.610 13.2 -0.113

simulation S-RAVG 0.880 0.120 451 0.453

simulation S-Base policy 0.680 0.320 11.8 0.097
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