Emergence of the prediction ability by reinforcement learning using a recurrent neural network
Kenta Goto, Yasuo Matsumoto, Katsunari Shibata, Oita University

Abstract: In order to develop a robot that behaves flexibly in the real world, it must be better that a human
do not give much knowledge to the robot in advance, but it learns various necessary functions
autonomously. Among them, learning of "prediction™ is focused on in this paper. The authors pointed out
that it is important to learn not only how some future information can be predicted, but also what
information should be predicted. It is suggested that reinforcement learning with a recurrent neural
network enables such learning. In a task in which an agent can get a reward when it catches a moving
object that disappeared on its way, it was observed that the agent learned to detect the velocity of the object
before it disappeared and to catch the object at the correct timing using the velocity information.
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Fig.7 The change of the 30th hidden neuron’s output

(The circles indicate the timing just before the object disappeared )



30

38

2
*
e® o ® o

1 L4 . ov‘ -
S 0 ? $e 2 ’001‘. > S
<
Z il 15 30 «* 45 60 ** 75
'% * *
2

_2 -

-3 *-

Fig.8 The connection weights from the input neurons that

represent X location of the object
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Fig.9 The correlation between the number of steps and the 30th
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Fig.10 The change of the 13th hidden neuron's output
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Fig.11 The change of the 38th hidden neuron's output
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