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A Flexible Way of Describing

proc model() <

paramil <- (Normal(2, 1)),

param2 <- (Normal(-2, 1));

data <- (Normal(param1 * param2, 10));
return

}
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* Bayesian inference Is good at reasoning about uncertainty in model parameters

* Downside: No single algorithm works well for all models

* This paper: Customize Bayesian inference while maintaining soundness
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How to specify the guide
distributions used by variational
methods for approximation!?
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Message-Passing Channels

Coroutines

Key idea: Use communication to exchange random samples and control-flow branches,
and impose type-based constraints on communication to guarantee inference soundness
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return
} else {
param2 <- sample_ { }(Uniform(0, 1));
return
}
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proc sound_guide() { The guide type for channel param:
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Key idea:VVe take inspiration from session types and develop
a type system to prescribe communication protocols
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proc sound_guide() { The guide type for channel param:
parami1 <- sample_send{param}(Gamma(1, 1)),
1f_recv{param} {
return L 35 A (1 & /\ 1))
} else {
param2 <- sample_send{param}(Unif3ETE?i_13Zj—____________——_——””,,,f”///////
return
h

: A [0, ]-valued sample



MORE IN THE PAPER

* How our system supports recursion, control-flow divergence, and type reconstruction

» Full formalism of the coroutine-based semantics and the system of guide types

* Proof of type safety and inference soundness
* A prototype implementation and experiments on expressibility and performance

» Comparison with prior work by Lew et al. [ | ] and Lee et al. [2]
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