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Virtual Environments for Autonomous Learning

ZHONG FANGWEI, WANG YIZHOU
(Peking University, Beijing,100871,China)

Abstract: The key to realizing the next generation of artificial intelligence is how to make agents
to autonomous learning from the interaction with the environment. In this paper, we introduce a
collection of UE4 (Unreal Engine 4)-based virtual environments for training and testing the
autonomous agents. The environment is high-fidelity, interactable, and flexible to meet the
requirements of enabling agents to freely explore and autonomously learn the ability of scene
perception, common sense, and decision making. To validate the usability of the environments, we
developed agents via reinforcement learning to perform object searching and active object
tracking.
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