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Abstract The authors have propounded that various functions emerge purposively and harmoniously through
reinforcement learning with a neural network. In this paper, emergence of deterministic “exploration” behavior
utilizing memory is focused on. In the simulation of 3 X 3 random maze with an invisible goal task, by introducing
a recurrent neural network for Q-learning, an agent could represent more accurate Q-values considering past expe-
riences, and learn more appropriate exploration behaviors. The acquired knowledge could be generalized in some
unknown environments to some extent. It is also shown that through the learning in a simple environment with
a random-located branch, the recurrent neural network memorizes and keeps the multi-valued branch position to
represent accurate Q-values even though that is not required to realize the optimal path.
Key words reinforcement learning, recurrent neural network, learning of exploration, memory, function emergence
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Fig.1 Learning system consisted of one Elman-type recurrent

neural network and its inputs and outputs.
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Fig.2 Sample agent’s behaviors after learning for three types of
wall allocations. The small numbers indicate the step num-

ber in each episode.
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Fig.3 Learning curve in the 3 X 3 maze task. Since the curve
is influenced by the random exploration, the performance
change only by the exploration factor using the connection

weights after learning is plotted for comparison.
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Fig.4 Change of the maximum Q-value in one episode after learn-

ing for the 3 cases in Fig. 2. The line with no plot marker

indicates the ideal Q-value.
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Fig.6 The agent behavior in an unexperienced environment

where 9 squares are allocated in a row.

10
@
g 08 COEEEME T
oo/ 7OV E
& 06
I\!\_: y / \ /'
.‘\ o
3 9
% 02
o
00
0 5 10 20

15
187HPDRTv 7

K7 K6 OBREOGEDTITHRORK Q HOZL.
Fig.7 Change of the maximum Q-value in one episode after learn-

ing for the environment in Fig. 6.
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where 9 squares are allocated in a zigzag manner.
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Fig.10 Change of the maximum Q-value in one episode after

learning for the environment in Fig. 9.
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Fig.11 Simulation environment with a random branch and a

sample agent’s behaviors after learning.
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when the branch position is x = 2.
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Fig. 14 Comparison of the output change due to the difference of the branch location in some hidden neurons.
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