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Abstract:

The Deep reinforcement learning algorithms provided a solution for artificial
intelligence robots to discover the best and fastest path to reach their goal
through the ability to learn from their past experiences and gain knowledge
and correct representation of their environments to reach a level close to
human in complex real world environments. In this study, the performance
of deep reinforcement learning algorithms such as the DQN algorithm and
the Policy gradient algorithm was analyzed in order to help the Al robot
reach its target with the best and fastest path by adjusting the higher
parameters of the deep convolutional neural network used, and by comparing
the results it was shown that the policy gradient algorithm was superior to
50% Approximately.
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