Programming Reactive Probabillistic Applications

Guillaume Baudart, Louis Mandel Eric Atkinson, Benjamin Sherman, Michael Carbin Marc Pouzet let proba tracker (obs) = x where

rec X sample (gaussian (@, 10) —> gaussian (pre x, 1))
and () observe (gaussian (x, 1), obs)

Example: a 1-D version of the robot tracker

Particle Filtering
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let proba tracker (u, acc, gps) = x where
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