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Emergence of Discrete and Abstract State Representation
through Reinforcement Learning with a Recrrent Neural Network

*Yoshito Sawatsubashi and Mohamad Faizal Bin Samusudin and Katsunari Shibata
(University of Oita)

Abstract— “Concept” is a kind of discrete and abstract state representation, and is considered useful for
efficient action planning. However, it is supposed to emerge in our brain as a parallel processing and learning
system through the learning based on a variety of experiences, and so it is difficult to be developed by
hand-coding. In this paper, as a previous step of the “concept formation”, it is investigated whether the
discrete and abstract state representation in formed or not through learning in a task with multi-step state
transitions using Actor-Q learning method and a recurrent neural network. After learning, an agent repeated
the sequence two times, in which it pushed a button to open a door and moved to the next room, and finally
arrived at the third room to get a reward. After the learning, discrete and abstract state representation
not depending on the door opening pattern was observed in two hidden neurons. The result of the learning
with two recurrent neural networks that are for Q-values and for Actor outputs suggested that the state
representation emerged to generate appropriate Q-values.

Key Words: Recurrent Neural Network, Reinforce Learning, Discrete State Representation
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Table 1: Parameter setting.
initial position of the agent (z,y)
(3.0~4.0, 3.0~4.0)

’ radius of the switch \ 0.2 ‘
| 5 |
number of neurons in each layer
11(input)-80-40-20-4(output)

’ number of layers

’ constant input for bias \ 0.1 ‘
’ value range of sigmoid function \ -0.5~0.5 ‘
’ reward r at the third room \ 0.4 ‘
punishment for “push” action
at the outside of the switch -0.1
’ discount factor ~y \ 0.9 ‘

range of the exploration rnd (rnd,,rnd,) for actor
-0.5~0.5 — -0.2~0.2

’ traced back time in BPTT \ 30 ‘

initial connection weight

input - hiddenl -0.1~0.1

hiddenl - hidden2 -0.2~0.2

hidden2 - hidden3 -0.5~0.5
hidden3 - output 0.0
self-feedback 4.0
non self-feedback 0.0

learning rate
for feedback connections 0.0125

for other connections 0.5
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