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Table 1. Action space

Num Action Unit
0 |apply -1 torque to the actuated joint | torque(N m)
1 |apply O torque to the actuated joint | torque(N m)
2 |apply 1 torgue to the actuated joint | torque(N m)

Table 2. Observation space

Num Observation Min Max
0 Cos(thetal) -1 1
1 Sin(theta) -1 1
2 Cos(theta?) -1 1
3 Sin(theta?2) -1 1
4 | Angular velocity of thetal | ~(—4+pi) | ~(4*pi)
5 Angular velocity of theta2 | ~(=9=pi) | ~(9*pi)
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1. Experiments Environments
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Table 3. Activation functions

Name Equation

RelLU flz) = max(0, z)

Leaky_RelU flz, o) = max(ox, x)

ELU f(@, @) = max(ale” —1),z)

SELU flz, o) = Axmax(ale” —1), 2)

Softplus flz, B) = %log(eﬁ”’ +1)

o] Alde] B3t 7Fes e AFlo R F eV AE B

Folof] mEsh= Aotk Eifol EE8HK] 13t BE 2Hle -1 9
BAS 91, E3po] =gl 09] Hgs wol FREk DONS

2. Experiments Results
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Table 4. Mean/Min/Max Reward for each activation function

Activation func Mean Min Max
RelLU -170.25 -500.0 -96.0
Leaky_RelLU -162.79 -500.0 -91.0
ELU -171.82 -500.0 -93.0
SELU -168.39 -500.0 -79.0
Softplus -200.48 -500.0 -90.0
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Fig. 2, Comparison of Rewards for each activation function
according to episodes

IV. Conclusions
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