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ABSTRACT

Recent trends in humanoid artificial intelligence (Al) have focused on enhancing the ability of robots
to perform generalized manipulations, autonomous procedure generation, and socially interactive
behaviors. Robot foundation models leverage multimodal learning and large-scale Al models to
improve adaptability across tasks and environments. Procedural generation research emphasizes
hierarchical planning, tool use, and safety-aware task execution, whereas social behavior generation
advances toward integrated multimodal expressions for natural human-robot interactions. Key
challenges include data scalability, real-time efficiency, and robust evaluation, which will guide
future research.

KEYWORDS Humanoid Robot, Human-Robot Coexistence, Procedure Generation, Robot Foundation

Model, Social Behavior Generation
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