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TABLE 1
REWARD SETTINGS, CORRESPONDING EQUATIONS, AND THEIR SCALES
Reward Term Equation Scale
Joint Position exp (=g — qaetaurt — Gretl) 3.5
ing Li ; _ lwema =y ?
Tracking Linear Velocity exp = 1.5
2
Tracking Angular Velocity | exp <7(ucmd;77ubz)) 1.4
yaw
2 .
DOF Torques ) (T s ) ~2.0x1073
DOF Velocity > llvaill? —5x 1074
P . 2
DOF Acceleration > (%) —1.0 x 1077
Feet Air Time 2 taini - exp (—a - | Azi]) 2.0
Feet Clearance So(|zfeet — htarget_feet] < 8) 2.0
Feet Contact Number if contact; = stance; 1.2

Z{+1,

—0.3, otherwise

Orientation exp(|9picch, roll]) + eXP(ngij) 1.0

Collision > (1.0 ([l fell > 0.1)) -1.0

Feet Slip ey - logl?) —5x 107
Base Height exp (—|hpase — htargetyasel) 0.2

Action Smoothness 1 S (at —ai—1)? —0.1
Action Smoothness 2 > (ar —2a¢—1 + at—2)2 -0.1
Torque Rate > (:;:‘;12)2 —2x107*
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TABLE II
VAR R
Method Tconwv Saction Storso Climb
Bipedal Arm-swing Bipedal Arm-swing Bipedal Arm-swing Bipedal Arm-swing
MASH (Ours) ~ 1306 (|) ~1017(}) 0.107 (}) 0.124(]) 8.240x10~%(]) 2.720x 1073 () 0.612 (|) 0.421 (})
Single-agent PPO ~ 1661 ~ 1238 0.547 0.546 3.398 x 1073 2.802 x 1072 0.974 0.951
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