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Inverse Reinforcement Learning-based Driving Behavior Prediction

Utilizing Natural Language Context
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As autonomous driving technologies become widespread, context-aware driving behavior modeling
on complex residential roads is increasingly demanded by society. While context-dependent behavior
modeling has been acknowledged as effective, its application has been limited to discrete representa-
tions of external factors such as weather and time of day, failing to sufficiently reflect the diversity of

real-world driving environments.

We propose LLM-BiIRL, a method leveraging large language model

(LLM) embeddings for bilinear inverse reinforcement learning, enabling consideration of driving situation
diversity that conventional discrete representations cannot capture. Using cross-validation with driving
data collected on multiple residential roads, we compare against conventional approaches to verify the
effectiveness of LLM-based embedding representations obtained from textual descriptions of external
factors, clarifying both the validity of the proposed method and effective text formats for describing

external factors.
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