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Emergence of Higher Exploration in Reinforcement Learning
using a Chaotic Neural Network

Yuki Goto and Katsunari Shibata, Oita University

Abstract: Aiming for the emergence of higher functions such as “logical thinking”, our group has
proposed completely novel reinforcement learning where exploration is performed based on the internal
dynamics of a chaotic neural network. In this paper, in the learning of an obstacle avoidance task, it
was examined that in the process of growing the dynamics through learning, the level of exploration
changes from “lower” to “higher”, in other words, from “motor level” to “more abstract level”. It was
shown that the agent learned to reach the goal while avoiding the obstacle and there is an area where
the agent looks to pass through the right side or left side of the obstacle randomly. The result shows
the possibility of the “higher exploration” though the agent sometimes collided with the obstacle and

was trapped for a while as learning progressed.
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Fig. 1 Reinforcement learning system and the obstacle

avoidance task used in this paper

Table 1 The parameters used in the simulation
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Fig. 2 Sample trajectories of the agent and change in
the critic (state value) along the trajectories
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Fig. 3 Distribution of critic (state value) output as a
function of the agent location
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Fig. 4 Learning curve: change in the number of steps
to the goal (red trace: steps at every episode, blue trace:
average steps for every 100 episodes, pink arrows: the
detail performances are shown in Fig.2,3,6)
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Fig. 5 the Lyapunov exponent during learning
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Fig. 6 Distribution of the agent initial location from
which the agent passed the right or left side of the ob-
stacle to reach the goal (blue: left side, red: right side)

gboooobooobooboboooobooooono
gbooooboooobooboooobooooono
gbooooboobooooobooooboobooog

g
0000 JSpSO0ODO (15K00360) 00000000

ggon

1) K. Shibata: Emergence of Intelligence through Reinforce-
ment Learning with a Neural Network, A. Mellouk (Ed.),
“Advances in Reinforcement Learning” InTech, pp.99-
120 (2011)

2) A. Krizhevsky et al.: ImageNet Classification with Deep
Convolutional Neural Networks, in Adv. in NIPS 25, pp.
1097-1105 (2012)

3) V.Mnih, et al.: Playing Atari with Deep Reinforcement
Learning, NIPS Deep Learning Workshop 2013 (2013)

4) K. Shibata and H. Utsunomiya: Discovery of Pattern
Meaning from Delayed Rewards by Reinforcement Learn-
ing with a Recurrent Neural Network, Proc. of IJCNN
2011, pp. 1445-1452 (2011)

5) K. Shibata and K. Goto: Emergence of Flexible
Prediction-Based Discrete Decision Making and Continu-
ous Motion Generation through Actor-Q-Learning, Proc.
of ICDL-Epirob 2013, ID 15 (2013)

6) Y. Sawatsubashi, et al.: Emergence of Discrete and Ab-
stract State Representation in Continuous Input Task,
Robot Intelligence Technology and Applications 2012,
pp. 13-22 (2012)

7) K. Shibata and Y. Sakashita: Reinforcement Learn-
ing with Internal-Dynamics-based Exploration Using a
Chaotic Neural Network, Proc. of IJCNN 2015, #15231
(2015)

8) Y. Goto and K. Shibata: Emergence of Higher Explo-
ration in Reinforcement Learning using a Chaotic Neural
Network, Proc. of ICONIP, (to appear)



