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Y. Tassa, et al. “dm_control: Software and Tasks for Continuous Control” arXiv (2020)
Laskin, M., Yarats, D., Liu, H., Lee, K., Zhan, A, Lu, K., ... & Abbeel, P. (2021). URLB: Unsupervised reinforcement learning benchmark. arXiv preprint arXiv:2110.15191.
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Knowledge-based URL : ICM [ICML 2017]
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Y. Tassa, et al. “dm_control: Software and Tasks for Continuous Control” arXiv (2020)
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