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ABSTRACT

Recently, the demand for a higher level of autonomous driving technology in complex circumstances has
increased. Deep reinforcement learning is gaining attention as a promising solution that enables instant
decision-making based on high-dimensional state information. In this study, we propose a Partially Observable
Markov Decision Process (POMDP) to train the autonomous driving policy that can successfully navigate
bottleneck congestion. Furthermore, we suggest using the prioritized experience replay method in Twin Delayed
Deep Deterministic Policy Gradient (TD3) to train the policy. As a result, we confirm that the vehicles trained
with the prioritized experience replay method outperform the vehicles trained with the random experience

replay method.
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Table 1. The quantitative results of relative position to
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Appendix

Al 7 A %
Table A1. Table of notation

Notation Meaning Notation Meaning
S state space St state
0 observation space 0; observation
A action space a; action
At ace acceleration action at t Qg fc lane change action at t
Amin minimum acceleration Amax maximum acceleration
R reward function ¥ temporal discounted factor
M a set of merge point C a set of vehicles
N the number of vehicles on road Y the number of merge point on road
c;(i #N) human vehicles Cy an autonomous vehicle
w visibility distance H the number of visible lanes
Cobs set of observable vehicles C leader vehicle
¢ follower vehicle p vehicle density on road ahead
v desired velocity Viimit speed limit
[ successful lane change threshold s* safety distance
L road length Trun time steps of full episode
Tw time steps for the warm-up stage Teps time steps for the training stage
ts time step €1pM IDM controller noise
Ty actor network Qa critic network
@' target actor network parameter 0’ target critic network parameter
B batch size E number of training episodes
D replay buffer size Ords standard deviation for action smoothing
u constant for noise clipping Uy delayed update period for actor network
Ractor actor learning rate Aeritic critic learning rate
Wy the coefficient for PER Wi the coefficient for IS

® A2, 29 3slolgzetrly HA
Table A2. Model hyperparameter settings

E A3. A&7ele A4
Table A3. Simulator settings

Parameter Value Parameter Value
Actor hidden [64,64,64] T, 3000¢,
Critic hidden [128,128] Ty 900t

Ractor Cgetor € {167 ~ 1275} N 32
Cleritic Qeriric € {5e7* ~ 1e7°} W 30m
y y € {0.78 ~ 0.99} H 5

Optimizer Adam Sic 5m
B 128 v’ 12.5m/s
E E € {3000, 4500} Viimit 15m/s
D D € {3 x 105 ~ 108} o 2m
Orga 0.2 t* 1s
2 0.2 Oipm 0.2
Uy 2 1t, 0.1s
Wpr 0.6
Wis 0.4
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