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Symmetric Parkour Learning for Robust Quadruped Robot Control on
Challenging Terrain
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Abstract: Parkour tasks on various terrains are challenging for quadruped robots, requiring high levels of adaptability and robustness.
This paper presents a novel approach to enable quadruped robots to perform parkour tasks on challenging terrain through symmetric
reinforcement learning. We propose a modified PPO (Proximal Policy Optimization) that leverages the robot’s symmetry loss to
enhance its stability and improve the efficiency of training convergence. This symmetric learning method brings generalization,
allowing the robot to be robust even in previously unseen environments. The effectiveness of our approach is demonstrated through
results showing both learning convergence efficiency and robust performance on new, challenging terrains when applying the trained model.
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Fig. 1. Rough terrain locomotion in Isaac Gym simulation with
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Table 1. Reward function.
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Table 2. Comparison of mean Success Rate (SR) and mean reward on the in-distribution (1D) environment and out of distribution (OOD) environment.

Method ID Mean SR (%) OOD Mean SR (%) ID Mean reward OOD Mean reward
PPO 873 70.2 22.60 13.46
PPO+MSL 874 72.8 22.90 13.81
PPO+PSL 88.5 76.7 23.14 14.37
% 3. F4%o] 283 u Success Rate (SR) & Hit R4
2| 3.
Table 3. Success Rate (SR) and mean reward when impulse is applied
to the robot.
Impulse (N - 5) Method SR (%)  Mean Reward
PPO 585 17.48 :
30 PPO+MSL 98 1761 219 6. R 9] (outof distribution, 00D) % £H7.
FPO +PSL 63.1 1822 Fig. 6. Out of distribution (OOD) experiment environment.
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