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Abstract

Self-Imitation Learning is a simple off-policy actor-critic algorithm that makes an agent find an optimal policy by
using past good experiences. In case that Self-Imitation Learning is combined with reinforcement learning algorithms
that have actor—critic architecture, it shows performance improvement in various game environments. However, its
applications are limited to reinforcement learning algorithms that have actor—critic architecture. In this paper, we propose
a method of applying Self-Imitation Learning to Deep Q-Network which is a value-based deep reinforcement learning
algorithm and train it in various game environments. We also show that Self-Imitation Learning can be applied to Deep
Q-Network to improve the performance of Deep Q-Network by comparing the proposed algorithm and ordinary Deep
Q-Network training results.
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Table 1. Deep reinforcement learmning model parameters.
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Hyper—parameters Value
Architecture FullyConnected(512)
FullyConnected(256)
FullyConnected(64)
Batch size 32
Start e 0.0
End e 0.0
Annealing step 0
Memory size 100000
Learning rate 0.0001
Discount rate 0.99
SIL A 0.1
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