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Mobile Robot Navigation in Crowded Environments
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Abstract: In recent years, mobile robot navigation has been applied to various real-world scenarios, where safe and efficient
navigation in dynamic and crowded environments is essential. Deep reinforcement learning (DRL) has been widely studied for
this purpose, but conventional policy models often rely on unimodal Gaussian distributions, which limit behavioral diversity
and lead to premature convergence in complex tasks. To address this issue, we propose using a diffusion model as a policy
representation in DRL, enabling flexible and multimodal action generation. In addition, we introduce an annealing-based
temperature control mechanism that gradually adjusts the inverse temperature parameter during training. This approach
encourages exploration in the early stage and progressively lowers the temperature in later stages to converge the distribution.
Through this process, the robot can leverage multimodal exploration while ultimately acquiring a high-performance policy.
Experiments in both simulation and real-world robot navigation confirm that the proposed method improves learning efficiency,
utilizes diverse action patterns, and achieves robust performance in crowded environments.
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diffusion-based policy generates diverse actions, with 8 an-
nealed during training to promote exploration in the early step
and converge the distribution in later steps. The maintained
multimodality further enables guidance-based conditional ac-
tion generation for adaptive navigation in crowded environ-
ments.
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Table 1 Definitions of annealing schedulers
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Algorithm 1: Training algorithm using QSM

1 Initialize score network Wy and critic networks Q 41 and Q 4>

2 Set parameter values of the target critics Q .1 and Q4.2 equal to
those of the main critics

3 forn=1to E do

4 Explore using the policy until finishing an episode

5 After finishing an episode, store the trajectory of (s, a,, r;,s})

to the replay buffer O

6 Sample a batch B = (s, a;, r¢,s,)} from the replay buffer D

7 Sample actions for computing targets  d, ~ 7o (- | s})
8 Calculate targets for the Q-function

y (re,87) =re +y (ming=1 2 Qi (s7,d}))
9 Update critics by minimizing

1 ’ .

Leritic = ) Z(Q:/;l (se.ar) =y (re,8)))? fori=1,2
10 Create noisy action by (1)

xT =+aza; + V1 — are, wheree ~ N(0,1)
11 Update score network by minimizing

1
Laswt = 70 21 ¥o (e, X7, 7) = BV Qs x|
12 Update the target critic by polyak averaging
¢ —pgt+(1-p)gi fori=1,2
13 Update 8 by annealing scheduler
B—f(np.E)

14 end
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Fig.3 Comparison of annealing schedulers across pedestrian numbers.
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Table 2 Evaluation of multimodality in distributions.

Method all all?P x y
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Table 3 Comparison of QSM_linear and QSM at each
method’s optimal guidance scale for wall avoidance (mean
+ std over 5 seeds).

Method SR [%]T CWR[%]]| CHR[%]] ART
QSM 0.84+0.11 0.04 +0.03 0.06+0.04 0.52+0.09
QSM_linear 0.91 +0.10 0.04 + 0.08 0.03 +0.01 0.55 + 0.11
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Fig. 6 Demonstration environments: (A) pedestrian avoid-
ance, (B) static obstacle avoidance.
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Fig.7 Scenes of the real-world demonstration using the pro-
posed method in the circle-crossing scenario.
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Fig.8 Scenes of the real-world demonstration using the pro-
posed method in the corridor scenario.
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