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Deep reinforcement learning has been gaining more and attetion recently.

Research on deep reinforcement

learning methods claims their performance such as learnability from scratch, stability of learning and generalization
performance on a variey of tasks. However, these research mainly focuses on effectiveness of the policy learned
online but not offline. In some practical situation, we can utilize near-optimal trajectory by human that can be
used for offline pretraining. This paper will empirically analyze the policy of one of the recently proposed deep
reinforcement learning method Normalized Advantage Function or NAF pretrained offline with trajectory gathered
by near-optimal policy. In our experiments, we will show that the policy pretrained by offline Q-learning after
supervised learning converge faster than the policy trained from scratch, the policy pretrained by offline Q-learning

and the policy pretrained by supervised learning.
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