Modeling Network-level Traffic Flow Transitions on Sparse Data WL
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aWhy do we need predictive 1.5?

Your predictions affect future states.

Predictions made by a traffic prediction system, might affect the route people
take, or the traffic signal control actions, which changes the traffic in return
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function, and Iterative training (DTIGNN)

Imputation and transition model should be inherently one model

Output: full data at time t+1 A Input: observed data at time t and t-1

Transition Imputation
model model

Input: full data at time t VDutput: missing data at time t
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Open Discussion

* More traffic operations can be considered

e More exterior data like weather conditions
can be considered

e Sometimes actions are not known and
need to be inferred.

Code and data can be found at:
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(b) Queue length of MaxPressure using predictions from
baseline (left) and DTIGNN (right). The lower, the better.




