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(a) NGSIM RMSE Comparison (b) HighD RMSE Comparison
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(a) Clustered Intention Modes for HighD Dataset (b) Clustered Intention Modes for Ngsim Data
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by performing a clustering on normalized
trajectories. (Right)

" Transformer-based architecture considering
intention and neighbor interaction

" Phase 1: first estimate near future destinations or anchors
(Goals) to model the uncertainty of driving intentions;

" Phase 2: then fulfill indeterminate path based on the
predicted goals.
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Neural Physics Model " Social force model hypothesize vehicle as a particle and follows Newton's -
= A trade-off between in.ter!oretability and data-fitting accuracy.  second law of motion. a(t + A1) = (1) + §(1) A1 = (F{;}) At (F{i]) o
" A novel and solid physics-informed neural networks (PINNSs) pA1) pl1)

framework, where neural networks are deployed to optimize ™ The Attraction force from goals and Repulsive forces based on neighbor
key parameters in deterministic physical model. and lane marking potential field are calculated to determine the
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