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Comparison of learning performance of character controller based on deep

reinforcement learning according to state representation
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Abstract

The character motion control based on physics simulation using reinforcement learning continue to being carried out. In order to
solve a problem using reinforcement learning, the network structure, hyperparameter, state, action and reward must be properly set
according to the problem. In many studies, various combinations of states, action and rewards have been defined and successfully
applied to problems. Since there are various combinations in defining state, action and reward, many studies are conducted to
analyze the effect of each element to find the optimal combination that improves learning performance. In this work, we analyzed
the effect on reinforcement learning performance according to the state representation, which has not been so far. First we
defined three coordinate systems: root attached frame, root aligned frame, and projected aligned frame. and then we analyze the
effect of state representation by three coordinate systems on reinforcement learning. Second, we analyzed how it affects learning

performance when various combinations of joint positions and angles for state.
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(a) Reinforcement learning framework

Figure 1: This is basic reinforcement learning framework. in Deep-
Mimic, the state is defined using phase, joint position, angle, linear
velocity and angular velocity. the reward consists imitate reward
which is computed through the difference between the simulated
character and the reference motion. the action is defined as the tar-
get posture for PD control.

(c) Projected Frame

(a) Attached Frame (b) Aligned Frame

Figure 2: The three reference frames used in the experiments. The
orange arrows depict joint positions represented in each frame.
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(a) walk sequence

(b) backflip sequence

Figure 3: Reference motion sequence for each environment
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Figure 4: This is a learning graph when the state is represented by
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