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In a general decision-making task, the options of action are expanded indefinitely due to the change of environment
or the discovery of new action by agent. In a situation that the number of options increase, it is necessary for an
agent to acquire an abstracted expression of actions autonomously. Here we propose a learning framework that
solve this issue. In the proposed method, value function is approximated with embedded behavioral representations,
which generalize the expression of actions, using state-tradition trajectories. We confirmed the efficiency of the
framework using the mobile game “Gyakuten Othellonia”. This game is a mixture of board game and trading
card game and characters are added to the environment frequently, which is a good testbed to realize expandable
action space. Finally, we show that, with the proposed framework, an agent can learn character’s representation
and utilize it to learn optimal strategies in the game.
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.
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Double Q–Learning [VanHasselt 15] TD
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1.0× 10−3 1.0× 10−5(SL, RL)

minibatch size 210 210(SL), 25(RL)

Dropout 0.0 0.0(SL), 0.0(RL)

L2 1.0× 10−8 1.0× 10−8(SL), 0.0(RL)

Unit 55663

Unit (212, 211, 210)

Unit 63 1
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Optimizer Adam
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2:

Step (%) (min) (%) (min)

1× 10 23.72 1 11.60 1

1× 102 42.59 26 59.85 27

1× 103 77.16 47 77.60 73

1× 104 82.97 92 82.27 264

1× 105 85.23 406 85.28 1, 947

2× 105 85.56 746 85.64 3, 808

3× 105 85.06 1, 103 85.96 6, 623

4× 105 85.24 1, 444 86.32 8, 426

5× 105 85.78 1, 839 86.20 10, 242
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