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1. Overview: Inference in Open Universe Models 3. Other Examples
, o _ _ _ Custom, data-driven MCMC outperforms generic MCMC. Our system automates the math and efficient
An open universe probabilistic model (OUPM) describes uncertainty in implementation of custom MCMC from high-level transition kernel descriptions (“world transformations”).

how many objects exist, as well as in their relationships and properties.
Inferring Audio Sources from an Audio File (Cusimano et al. 2018)
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2. New DSLs in Gen for Open-Universe Modeling and Inference 4. Automating Inference Kernel Implementations
We introduce a new DSL for writing open-universe models in Gen, and a Example worlds before/after update user specified automated
new DSL for writing inference kernels for them. obiccts . Oid - ~ — —
J properties world >
1 2 3 .
it ' otr : i : ” False positive _ _ . ! .
The model probabilistic program defines a distribution over “possible worlds” of Events ‘ e agnitude(®) = 4.1 Using the user-provided model Open Universe P@) ) | e Thi(z.o)]
interrelated objects magnitude(®) = 3.5 : Model Probabilics p(x) ()
' f T ‘\ / S ude(®) - and inference kernel programs, pr09rar,,q'St-’C — X
. magnitude( ™) = 2. .. ming . o
- _ o _ 1 Detections 1 ° | ft 1 |l I . our system efficiently runs MH prob%b\\\sm:\ -
: — i mi
The |_r]1c_ere_nce kerngl IS a probabilistic progr?m \{VhICh outputs (1) a world update «’vvw ~~’V/V\~w A zzgiﬁgg x) :;1.3 by sampling world updates and High-level proaraMit " ntiable Vol
speciication. and (2) a reverse move speciication. 1 \i > ,// reading( & = 2.7 automatically computing the > keri:;?;;g;fam programmins Proposed accept/reject ]
. . . . . i ° o . e t
Such a program defines an MCMC kernel in the class of involutive MCMC kernels Stations » reading( ) = 2.01 acceptance probability. Samp‘e:“‘r’]f‘]g“’bab"'s = next world |
- rogra
(Cusumano-Towner et al 2020.). Our system automates the efficient £ g. P g
implementation of the kernel. A | | | _ _
Inference Kernel Code See paper for automation algorithm details (Algorithm 1; Algorithm 3).
Model Code kernel function birth_death_kernel(prev_world)
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