Research Interest

Cyber-Physical Systems/
Internet of Things

Rigorous & robust models

Machine Formal
Learning Methods

Motivation & Challenges

CPS/loT are complex systems with high
uncertainty, where decision making is
challenging and safety critical

Gap

DNNs are NOT rigorous or robust for CPS/loT

* No guarantee on the predicted sequences
to follow model properties

* No well-calibrated uncertainty estimation
for sequential prediction

Contribution

Data-driven studies on smart cities: city
requirements, uncertainty, model properties

Novel temporal logic-based learning

frameworks that

e guide RNNs to satisfy model properties

* measure and train uncertainty estimation
schema for Bayesian RNN predictions

Apply to RNNs & Transformer models using

large-scale real-world city data:

* Significantly increases the satisfaction of
model properties, uncertainty calibration
and prediction accuracy

* Improves city safety and performance
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