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Abstract : With recent improvements in Al technology, the application of artificial intelligence is being attempted in various
research area. It is being used in the development of driver model or control design of autonomous vehicle. Especially, study
on reinforcement learning or imitation learning algorithm is being actively researched. Imitation Learning is algorithm for
mimicking given expert’s trajectory. Behavioral Cloning(BC), Dataset Aggregation(DAgger) and Inverse Reinforcement
Learning(IRL) are kind of most known imitation learning method. In this paper, we propose an algorithm to develop
human-like longitudinal driver model by using Generative Adversarial Imitation Learning(GAIL), which is type of Inverse
Reinforcement Learning algorithm. Soft Actor Critic(SAC) RL algorithm is applied for interaction with longitudinal driving
environment. Human driver’s driving data is obtained from Driver In the Loop Simlation environment by using expert
trajectory for GAIL agent. Train result is compared between PI controller based model and Intelligent Driver Model(IDM)
result. GAIL-based longitudinal driver model can generate more human-like velocity profile better than other methods.

Key words : Vehicle simulation(x}3F A] 82| o] A), Inverse reinforcement learning( < 7+3}8}145), Generative adversarial
imitation learning( %] th 2] 484] 2H}81<5), Driver model(2- %2 A+ & 2), Artificial intelligence($) 34| %5)

Nomenclature o
e : relative distance, m
- = 2
apw  : idm acceleration, nv's Gator Actor network acceleration, m/s’
b : confort deacceleration, m/s*
T : time headway, s Subscripts
v : vehicle velocity, m/s N i
; % : time ste;
Vies : desired velocity, m/s e step Y
8 : acceleration exponent = Reem eran:e coericRmt
8o : minimum safe distance, m 2 ) ex;l).en Poley
Vew - €go vehicle velocity, m/s oI +poticy onal |
Viead - lead vehicle velocity, m/s * proportional-integta
Gego  : €go vehicle acceleration, m/s>
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2. Inverse Reinforcement Leraning
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2.1 Generative Adversarial Imitation Learning
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Fig. 3 Generative adversarial imitation learning
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2.1.2 Generative Adversarial Imitation from Observation
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2.2 Soft Actor Critic
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Table 1 Parameter set for IDM

Variable Description Value
a Maximum acceleration 2 m/s?
Comfort deacceleration -1.5 m/s’
T Time headway 1.5s
8 Minimum safe distance 10m
4 Acceleration exponent 4
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Table 2 Hyperparameters of actor network
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Table 3 Hyperparameters of critic network

Parameter Value Parameter Value
Optimizer Adam Optimizer Adam
Learning rate 10 Learning rate 10
Number of filters 32 Number of filters 32
Dilation 1 Dilation 1
1D Kernel size 3 1D Kernel size 3
CNN Padding Causal CNN Padding Causal
Activation RelLU Activation ReLU
Pooling MaxPooling1 D Pooling MaxPooling1 D
Number of hidden layer 2 Number of hidden layer 2
- Units per hidden layer 256 — Units per hidden layer 128
Hidden activation ReLU Hidden activation RelLU
Qutput activation tanh Output activation Linear
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3.2.3 Discriminator Network
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Table 4 Hyperparameters of discriminator network

Table 5 Hyperparameters of proposed algorithm

Parameter Value
Max steps per episode 2510
Maximum episodes 100
Maximum steps 25 10°
Size of replay buffer 10°
SAC Baich size 32
SAC temperature coefficient 0.2
GAIL/GAIfO Batch size 128

Parameter Value
Optimizer Adam
Learning rate 10
Number of hidden layers 5
Units per hidden layer 256
Hidden activation ReLU
Qutput activation Sigmoid
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Table 6 RMSE between lead vehicle vs ego vehicle
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