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Reinforcement learning (RL) builds an effective agent that handles tasks in complex and uncertain environ-
ments by maximizing future reward. However,the efficiency is insufficient for practical use such as game AI and
autonomous driving. An effective but selfish agent conflicts with other humans,and hence the demand of a human-
like behavior arises. Imitation learning (IL) has been employed to trains an agent to mimic the actions of expert
behaviors provided as training data. However,IL tends to build an agent limited in performance by the expert
skill,and even worse,the agent exhibits an inconsistent behavior since IL is not goal-oriented. In this paper,we
propose a training scheme by mixing RL and IL for both discrete and continuous action space problems. The
proposed scheme builds an agent that achieves a performance higher than an agent trained by only IL and exhibits
a more human-like behavior than agents trained by RL or IL,validated by human sensitivity.
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2.1 Deep Q-Networks
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Deep Q-Networks DQN [Mnih 15]
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2.2 Deep Deterministic Policy Gradient
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David Silver [Silver 14]
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2.4 Generative Adversarial Imitation Learning
Generative Adversarial Imitation Learning

(GAIL) [Ho 16]
πE

π

c Π S A π

H(π) � Eπ[−logπ(a|s)] π γ

causal entropy [Ho 16]
c
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J Ho π occupancy measure
ρπ [Ho 16] ρπ π

( )
Dw : S × A → (0, 1)

ρπ ρπE

Eπ[log(Dw(s, a))] + EπE [log(1 − Dw(s, a))] − λH(π), λ ≥ 0

Dw

GAIL
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2.5

one-hot
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[Hinton 15]
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Algorithm 1 Generative Adversarial Imitation Learning
1: Input: Expert trajectories τE ∼ πE , initial policy and

Discriminator parameters θ0, w0

2: for i = 0, 1, 2, ... do
3: Sample trajectories τi ∼ πθi

4: Update Discriminator parameters from wi to wi+1

with the gradient
5: Êτi [∇wlog(Dw(s, a))] + ÊτE [∇wlog(1 − Dw(s, a))]

6: Take a policy step from θi to θi+1, using the TRPO
rule with cost function log(Dw+1(s, a)).

7: Specifically, take a KL-constrained natural gradient
step with

8: Êτi [∇θlogπθ(a|s)Q(s, a)] − λ∇θH(πθ),
9: where Q(s, a) = Êτi [log(Dwi+1 (s, a))|s0 = s, a0 = a]

10: end for

[Rusu 15]

3.

(1)
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π∗ πHE

2
α ∈ (0, 1)

Lmix(π) = αLπRL (π) + (1 − α)LπHE (π)

[Hinton 15, Rusu 15]

Lπ∗ (π) = Es
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[Rusu 15]

DQN [Mnih 15] π
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2.4
GAIL GAIL π

τ ∼ π GAIL Dw

Lπ∗ (π) = Eτ∼π[log(Dw(s, a))]+Eτ∗∼π∗ [log(1−Dw(s, a))]

τ

τ ∼ π

τHE ∼
πHE τRL ∼ πRL

Lmix(π) =Eτ∼π[log(Dw(s, a))]

+ α EτRL∼πRL [log(1 − Dw(s, a))]

+ (1 − α) EτHE∼πHE [log(1 − Dw(s, a))]
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4.
4.1 Atari 2600 Game: Gopher

Gopher Atari 2600

Gopher

DQN 55 000
50 000

5 000
10−4 Adam optimizer [Kingma 14] Dropout

0.5 T = 0.1
α = 0.93

4.2 Torcs
Torcs [Wymann 15]

[Lau 16] [You] Gym
Torcs [Yoshida 16]

65
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60 220

OpenAI [Dhariwal 17] GAIL
GAIL Eq. 1
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4.3

23 3 26 27
59 44
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5.1 Atari 2600 Game: Gopher
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5.2 Torcs

GAIL DDPG
Table 2 GAIL

DDPG “ ” “ ”
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Table 1: Gopher

(%)

23.87 19.81 55.70

(DQN) 40.30 36.81 32.69
23.91 23.79 59.62

(RL+IL) 26.05 24.31 59.62

Table 2: Torcs

(×103)

(%)

40.17 3.63 50.00

(DDPG) 40.45 0.43 30.77
23.99 1.16 51.92

(RL+IL) 36.63 1.32 61.54

Atari 2600
Torcs

7.
JPMJMI18B4

[Dhariwal 17] Dhariwal, P. e. a.: OpenAI Baselines (2017)

[Hinton 15] Hinton, G., Vinyals, O., and Dean, J.: Distill-
ing the knowledge in a neural network, arXiv preprint
arXiv:1503.02531 (2015)

[Ho 16] Ho, J. and Ermon, S.: Generative Adversarial Im-
itation Learning, CoRR, Vol. abs/1606.03476, (2016)

[Isele 18] Isele, D. e. a.: Navigating occluded intersec-
tions with autonomous vehicles using deep reinforce-
ment learning, in 2018 IEEE International Conference on
Robotics and Automation (ICRA), pp. 2034–2039IEEE
(2018)

[Kingma 14] Kingma, D. P. and Ba, J.: Adam: A Method
for Stochastic Optimization, CoRR (2014)

[Lau 16] Lau, B.: Using Keras and Deep Deterministic Pol-
icy Gradient to play TORCS (2016)

[Lillicrap 15] Lillicrap, T. P. e. a.: Continuous control with
deep reinforcement learning, CoRR, Vol. abs/1509.02971,
(2015)

[Mnih 15] Mnih, V. e. a.: Human-level control through
deep reinforcement learning, Nature, Vol. 518, No. 7540,
p. 529 (2015)

[Mnih 16] Mnih, V. e. a.: Asynchronous methods for deep
reinforcement learning, in International conference on
machine learning, pp. 1928–1937 (2016)

[Ortega 13] Ortega, J. e. a.: Imitating human playing styles
in super mario bros, Entertainment Computing, Vol. 4,
No. 2, pp. 93–104 (2013)

[Plappert 17] Plappert, M. e. a.: Parameter Space Noise
for Exploration, CoRR, Vol. abs/1706.01905, (2017)

[Ross 11] Ross, S., Gordon, G., and Bagnell, D.: A re-
duction of imitation learning and structured prediction
to no-regret online learning, in Proceedings of the four-
teenth international conference on artificial intelligence
and statistics, pp. 627–635 (2011)

[Rusu 15] Rusu, A. A. e. a.: Policy Distillation, CoRR, Vol.
abs/1511.06295, (2015)

[Sallab 17] Sallab, A. E. e. a.: Deep reinforcement learning
framework for autonomous driving, Electronic Imaging,
Vol. 2017, No. 19, pp. 70–76 (2017)

[Shalev-Shwartz 16] Shalev-Shwartz, S., Shammah, S.,
and Shashua, A.: Safe, multi-agent, reinforce-
ment learning for autonomous driving, arXiv preprint
arXiv:1610.03295 (2016)

[Silver 14] Silver, D. e. a.: Deterministic Policy Gradient
Algorithms, in Proceedings of the 31st International Con-
ference on International Conference on Machine Learn-
ing - Volume 32, ICML’14, pp. I–387–I–395, JMLR.org
(2014)

[Silver 17] Silver, D. e. a.: Mastering the game of Go with-
out human knowledge, Nature, Vol. 550, No. 7676, p. 354
(2017)

[Srivastava 14] Srivastava, N. e. a.: Dropout: A simple way
to prevent neural networks from overfitting, Journal of
Machine Learning Research (2014)

[Sutton 98] Sutton, R. S. and Barto, A. G. e. a.: Reinforce-
ment learning: An introduction, MIT press (1998)

[Vikas 17] Vikas, B.: Deep Reinforcement Learning ap-
proach to Autonomous Navigation (2017)

[Wymann 15] Wymann, B. e. a.: TORCS: The open racing
car simulator (2015)

[Yoshida 16] Yoshida, N. Y.: Gym TORCS (2016)

[You] You, Y.: TORCS for Reinforcement Learning

4

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

1Q2-J-2-01


