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Abstract

This paper provides a comprehensive analysis and survey of existing research on quadruped
robot control using deep reinforcement learning, focusing on the NVIDIA Isaac Gym platform.
NVIDIA Isaac Gym supports DRL training through parallel simulation and GPU acceleration,
enabling quadruped robots to operate stably and efficiently in complex environments. The paper
compares the characteristics and performance of various DRL algorithms and analyzes case studies
to identify current technological limitations and future research directions.
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Figure 3. RMA: Rapid Motor Adaptation for Legged Robots (RSS

2021) [7]
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