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I, Preliminaries

1. DQN (Deep Q-Networks)
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2. Activation Function
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(1) Sigmoid
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(2) ReLU
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f(z) = max(0,z)

(3) ReakyReLU
LeakyReLU t}ay—’,‘—‘:ReLU—— WHE3F T, 0 oJ5le] Y
G A 5 aghe B9 ghe ke olch(2]

f(z,a) = max(az,z) ©)
(4) softplus
softplus= ReLU d”‘a FogA 2ARE Aoz A ke 3
P AT 5 gk oIk
1 Bx
fle, B) = Flogle™ +1) @

lll, Experiments

1. Experiments Environments
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Table 1. CartPole-v1 Observations

Num Observation Min Max

0 Cart Position -4.8 4.8

1 Cart Velocity —=inf inf

2 Pole Angle ~ =240 ~ 240

3 Pole Angular Velocity | —inf inf
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2. Experiments Results
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Table 2. Mean/Min/Max Reward for each activation
function
Activation func Mean Min Max
Sigmoid 31.57 8.0 239.0
RelLU 117.16 9.0 464.0
ReakyRelU 108.24 11.0 369.0
softplus 62.7 8.0 353.0

IV. Conclusions
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