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Fig.1 Initial position of the robot and the battery
packs in the test phase.
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Fig.2 Control architecture.
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Fig.3 The obtained desirability functions and the optimal policies in the navigation task. LQR with the
linear model is at the top, LMDP with the linear model in the middle, LMDP with the bilinear
model at the bottom, Z(z) on the left, ujy(x) on the center, uyiy (x) on the right.
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Fig.4 Trajectories of the L-1 norm between the
current and goal states.
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Fig.5 The quadruped robot and three landmarks
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age represents the view from the robot.
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Fig.6 Control architecture.
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Fig.7 Three terminal cost functions of primitive
tasks (blue, green, and red) and that of the
composite task (black).
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the optimal policy learned from the compos-
ite cost function, and the composite policy
designed in the value function space.
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Table 1 Comparison among IRL methods.
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Fig.10 Negative log likelihood in the inverted pen-
dulum IRL task.
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Fig.11 Experimental field of the inverse reinforce-
ment learning task. The current position
of the robot is one of the starting positions,
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Fig. 12 Estimated weights of the cost function ap-
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Fig.13 Comparison of the learning speed with and
without shaping rewards.
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