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[Abstract]

Among the techniques of reinforcement learning, Q-Learning means learning optimal policies by learning Q functions that perform
actions in a given state and predict future efficient expectations. Q-Learning is widely used as a basic algorithm for reinforcement learning.
In this paper, we studied the effectiveness of selecting and learning efficient paths by designing policies and rewards based on Q-Learning.
In addition, the results of the existing algorithm and punishment compensation policy and the proposed punishment reinforcement policy
were compared by applying the same number of times of learning to the 8x8 grid environment of the Frozen Lake game. Through this
comparison, it was analyzed that the Q-Learning punishment reinforcement policy proposed in this paper can significantly increase the
learning speed compared to the application of conventional algorithms.
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E 1. Frozen Lake 7| eh& CHAH
Table 1. Frozen Lake game learning target

Category Contents
State Agent position coordinates (x,y)
Action One of the actions, top, bottom, left and right
Previous Q value in that direction when the agent
Rewards or target point is reached = 1,
All surrounding Q values when the agent falls into a
Penalty trap = —1

Q(s,atz) = —1,Q(s,a—z) = —1 (3)
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Fig. 1. Frozen Lake simulation environment
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Fig. 2. Q-Learning Compensation Policy Simulation Result
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Fig. 3. Q-Learning Compensation Policy Simulation
Learning Success Rate
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Fig. 4. Q-Learning Obstacle Compensation Simulation
Result
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Fig. 5. Q-Learning Obstacle Compensation Simulation
Learning Success Rate
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Learning Success Rate
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