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3.1.1 CartPole-v0
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(¥ 1) CartPole-v0

o] 3|4 agent & <X 1>3} o] 4 7}A ] #=
s Ao state = AFEgTh Cart Position ¥ Cart
Velocity = 7FES] R 4ol 9119 £%=&, Pole

= =,
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<% 1> CartPole-v0 3+ 4 2] Observation

num Observation Min Max
0 Cart Position -2.4 2.4
1 Cart Velocity -Inf Inf
2 Pole Angle ~-41.8° ~41.8°
3 Pole Velocity At Tip | -Inf Inf
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(19 2) Pendulum-v0

o] 7oA agent o] state == <3 2>9} o] 3 7}
Aol #ASF oz Ao ot} of7]A theta +
B9y A5 Atold ZtEE A A STh HEgH Agent
o] action & HEHS 3HA77] 913 IS Tlete
AL, -2.0 ~ 2.0 Ao]o] AEAR FhS 7HxITE B
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<X 2> Pendulum-vO #7342 Observation
num Observation Min Max
0 cos(theta) -1.0 1.0

- 546 -



20194 EAlsts

eECH3|

==%! H|263 M[15 (2019, 5)

1 sin(theta)
2 theta dot

32 238 x4
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