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weights (w;) weights (a;)
Linear velocity tracking 1.0 0.0
Angular velocity tracking 0.5 0.0
Linear velocity (z) -2.0 -2.0
Angular velocity (zy) —0.05 -0.05
Orientation —-0.2 -0.2
Joint accelerations —2.5x 1077 —2.5x 1077
Joint power —2.0x107° 0.0
Body height -2.0 -2.0
Foot clearance —0.01 -0.01
Action rate —0.001 -0.01
Smoothness —0.01 -0.01
GRF tracking 0.0 2.0
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