2A2-G01

7O0—R=XZERETIWNEZFBALEF 75410 Vb EZICE S
BWEBE T coBeiORy rFES—> 3>

Mobile Robot Navigation in Dynamic Environments by

Offline Reinforcement Learning using Flow-Based Generative Model
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We propose a novel navigation method applying an offline reinforcement learning method based on
Implicit Policy Constraint to mobile robot navigation in environments with pedestrians. The proposed
method utilizes a flow-based generative model for the behavior policy, and the latent policy is trained

using a method based on Advantage-Weighted Regression.

simulation environment.

The proposed method is evaluated in a
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Fig.1 Conceptual diagram of Implicit Policy Constraint
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Fig.2 Conceptual diagram of flow-based generative model
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Algorithm 1: Imitation learning

Initialize the behavior policy fg and the critic f,
for i =1 to E“ do
Sample a minibatch B = {(st, at, 7, s¢41)i=1,....7}
from dataset D
Update f]f by minimizing Laow = —% log p(at|st)
Update f, by minimizing Lyaiwe = MSE(fy(s¢), 7)
end
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Algorithm 2: Value-Weighted Regression with
flow-based generative model

Initialize the latent policy f]f,

fori=1to E™ do

Sample a minibatch B = {(s, ae, St41)i=1,...,T }
from dataset D

Generate latent actions using the latent policy )+
= fp(se)

Generate behavior actions using the behavior
policy af = f (%)

Generate target behavior actions using the
behavior policy with the base distribution &7 =
Fr(#?)

Obtain immediate rewards ri™ and next state §;41
of transitions with a?

Calculate weights for regression
W =Q(s1,a7) = 7™ +7fo(841)

Update fllJ by minimizing Laywr =
% 23:1(5‘? —ay)*w

Update f, by minimizing Lyaiue = MSE(fv(st),rf)

end
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Table 1 Numerical comparison of the proposed method
and other methods

Method Success [%] Collision [%] Exec. time [s] Avg. return
BC 48.4 51.6 11.99 0.170
Flow 42.2 57.8 12.24 0.118
TD3-BC [§] 26.8 68.4 10.9 0.017
Proposed 57.0 42.8 12.19 0.241
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Fig.4 Sample trajectories of the results of the proposed
method. The black trajectories describe the robot,
and the colored trajectories describe pedestrians.
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Fig.5 Movement of the robot over time with the proposed
method. The black circles describe the robot, and
the colored circles describe pedestrians.
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