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Car-following modeling is important

How to predict accelerations?

Self-Driving

Simulation Platform

Physics-Informed Deep Learning Strucuture Results & Conclusions
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 An intelligent driving model
as a physics component

 An intelligent driving model
as a computational graph

A Neural Network
as a data-driven component

Data-driven 

Physics-Informed
Deep Learning (PIDL)
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: # of the obversation data

: Mean Square Error
: # of the collocation data

: Physics parameters
: Neural network parameters

Dataset
Next Generation SIMulation (NGSIM)

Results

The proposed model
outperforms the 
baselines especially 
when training data 
is sparse.

The optimal ratio
of physics decreases
as the training size 
increases.

- Vehicle GPS trajectories collected by bird-view 
   cameras (sampling frequency = 10 HZ)

* This work is sponsored by the Region 2 University    
   Transportation Research Center (UTRC) & Amazon AWS
   Machine Learning Research Award Gift.

Conclusions
• PIDL contains both data-driven and physics 

components
• Experiments on a real-world dataset 

demonstrate PIDL’s advantages in both 
accuracy and data efficiency


