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I, Preliminaries

1, Deep Q-Networks
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Fig. 1. structure of DQN

2, Mountain-Car
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Fig. 2. Mountain-Car-v0
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Table 1. Observation space

Num Observation Min | Max Unit
0 |position of the car along the x—axis| =Inf| Inf |position(m)
1 velocity of the car —Inf| Inf |position(m)
Table 2. Action space
Num Observation Value Unit
0 Accelerate to the left Inf position(m)
1 Don’t accelerate Inf position(m)
2 Accelerate to the right Inf position(m)
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lll, Experiments

1. Experiments Environments
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Table 3. Activation functions

Name Equation
RelLU fla) = max (0, z)
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2. Experiments Results
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Table 4. Count of rewards according to the episode
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Fig. 3. Scores according to the episode

IV. Conclusions
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