
Inference Kernel Code
kernel function birth_death_kernel(prev_world)

 # ... compute p_birth, false_positive_dets, events ...

 do_birth_move ~ bern(p_birth)

 if do_birth_move

   detection_of_new_event ~ uniform(false_positive_dets)

   new_evt_mag ~ normal(

get(reading(detection_of_new_event)), 0.2)

   new_evt_idx ~ uniform(range(1, length(events) + 1))

   new_evt = Event(new_evt_idx)

   return

     WorldUpdate(

       Create(new_evt),

       ChangeOrigin(detection_of_new_event,

  new_origin=(station, new_evt), new_index=1),

       SetProperty(magnitude(new_evt), new_evt_mag)

     ),

     ReverseMove(

       :do_birth_move  => false, :evt_to_delete => new_evt,

       :fp_det_idx => index(fp_det)

     )

 else

   # ... compute dubious_events, num_fps_at_station ...

   evt_to_delete ~ uniform(dubious_events)

   fp_det_idx ~ uniform(range(1, num_fps_at_station + 1))

   station = origin(detection_of_evt_to_delete)[1]

   return WorldUpdate(...),  ReverseMove(...)

 end

end

● Support custom, data-driven SMC inference (as well as MCMC inference)
○ Build on preliminary research on new “involutive SMC” framework in Gen.

● Work toward effective, automated SMC + MCMC inference algorithms for restricted classes of OUPMs 
(perhaps parametrized by user-provided object detectors)

● Use techniques from inference amortization to optimize parameters in proposal distributions
● Improve inference program wall-clock performance via compilation.

See paper for automation algorithm details (Algorithm 1; Algorithm 3).
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Transforming Worlds: Automated Involutive MCMC for Open Universe Probabilistic Models

1. Overview: Inference in Open Universe Models

5. Next Steps

2. New DSLs in Gen for Open-Universe Modeling and Inference

3. Other Examples

An open universe probabilistic model (OUPM) describes uncertainty in 
how many objects exist, as well as in their relationships and properties.
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Systems for Inference in OUPMs
Example OUPM Inference Problems

Given audio from a symphony, infer what instruments 
are playing

Given paper citations, figure out what distinct papers 
they refer to

Our Contributions
● An MCMC kernel DSL for transforming open-universe “worlds” with high-level syntax
● Algorithms to efficiently and automatically implement Involutive MCMC for OUPMs from high-level specs;  proofs of correctness
● A new formalism for OUPMs with continuous variables

Inferring Audio Sources from an Audio File (Cusimano et al. 2018)

Application specific, data-driven 
kernels (using our framework)

Lightweight MH (BLOG 
inference)

Generic birth/death RJMCMC

Custom, data-driven MCMC outperforms generic MCMC.  Our system automates the math and efficient 
implementation of custom MCMC from high-level transition kernel descriptions (“world transformations”).

Mixture Model w/ Unknown Number of Components (Richardson & Green 1997)

Ground truth clusters Inferred clusters

Richardson & Green’s 
Smart Inference Kernels 
(using our framework)

Lightweight Metropolis 
Hastings

9  property function reading(d::Detection)

10   if is_false_positive(d)

11      return reading ~ normal(2.0, 0.5)

12    else

13      (station, event) = origin(d)

14      event_mag = get(magnitude(event))

15      return reading ~ normal(event_mag, 0.2)

16    end

17 end

18 function is_false_positive(d::Detection)

19    return length(origin(d)) == 1

20 end

1 type Event

2 number Event() ~ poisson(5)

3 type Station

4 number Station() = 2

5 type Detection

6 number Detection(::Station, ::Event) ~

 Int(bernoulli(0.8))

7 number Detection(::Station) ~ 

poisson(1)

8  property magnitude(e::Event) ~ 

exponential(3.0)
21 observation_model function detections()

22  detections = get_object_set(Detection)

23  return [get(reading(d)) for d in detections]

24 end

Model code

Seismic monitoring model inspired by Arora 
et al. “Net-Visa…”.

4. Automating Inference Kernel Implementations

 else # if this is a "delete event" move...

   evt_to_delete ~ uniform(dubious_events)

   detection = find(

          d -> is_detection_of(evt_to_delete, d), dets)

   num_fps = sum(

       first(origin(d)) == first(origin(detection))

                 for d in fp_detections)

   )

   fp_det_idx ~ uniform(range(1, num_fps + 1))

   station = origin(det)[1]

   return (

     WorldUpdate(

       Delete(evt_to_delete),

       ChangeOrigin(detection, new_origin=(station,),

                               new_index=fp_det_idx   )

     ), ReverseMove(

       :create_event => true, :fp_det => detection,

       :new_evt_mag  => get(magnitude(evt_to_delete)),

       :new_evt_idx  => index(evt_to_delete)

     )

   )

 end

end

is_detection_of(e, d) = !is_false_positive(d) && origin(d)[2] == e

has_one_detection(e, ds) = sum(is_detection_of(e, d) for d in ds) == 1

kernel function create_or_delete_event_with_one_detection(prev_world)

 dets, events, stations = [get_object_set(prev_world, T)

                            for T in [Detection, Event, Station]]

 # decide whether to create or delete an event

 false_positives = filter(is_false_positive, dets)

 dubious_events = filter(e -> has_one_detection(e, dets), events)

 create_prob = isempty(false_positives) ? 0.0 :

                    isempty(dubious_events) ? 1.0 : 0.5

 create_event ~ bernoulli(create_prob)

 if create_event # if this is a "create event" move...

   fp_det      ~ uniform(false_positives)

   # what would the detection of the new event be with no noise?:

   new_evt_mag ~ normal(get(reading(fp_det)), 0.2)

   new_evt_idx ~ uniform(range(1, length(events) + 1))

   new_evt = Event(new_evt_idx)

   return ( # A kernel must return a WorldUpdate and a ReverseMove

     WorldUpdate( # Specification for how to update the world

       Create(new_evt),

       ChangeOrigin(fp_det, new_origin=(station, new_evt), new_index=1),

       @set magnitude(new_evt)[:mag] = new_evt_mag

     ), ReverseMove( # Choices the kernel makes in the reversing delete event move

       :create_event  => false, :evt_to_delete => new_evt,

       :fp_det_idx => index(fp_det)

   ))

Inference Kernel Code

Using the user-provided model 
and inference kernel programs, 
our system efficiently runs MH 
by sampling world updates and 

automatically computing the 
acceptance probability.
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Model Code
type Event

number Event() ~ poisson(5)

type Station

number Station() = 2

type Detection

number Detection(::Station, ::Event) ~ bern(0.8)

number Detection(::Station) ~ poisson(1)

property magnitude(::Event) ~ exponential(3.0)

property function reading(d::Detection)

   if is_false_positive(d)

       return reading ~ normal(2.0, 0.5)

   else

       (station, event) = origin(d)

       event_mag = get(magnitude(event))

       return reading ~ normal(event_mag, 0.2)

   end

end

function is_false_positive(d::Detection)

   return length(origin(d)) == 1

end

observation_model function detections()

   detections = get_object_set(Detection)

   return [get(reading(d)) for d in detections]

end

*Support for a broad class of inference kernels enables effective inference in a wide range 
of complex models.
**Stochaskell performs several standard compiler optimizations, but cannot automatically produce asymptotically efficient 
implementations of incremental MCMC state updates from high-level update specifications.
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The model probabilistic program defines a distribution over “possible worlds” of 
interrelated objects.

The inference kernel is a probabilistic program which outputs (1) a world update 
specification, and (2) a reverse move specification.
Such a program defines an MCMC kernel in the class of involutive MCMC kernels 
(Cusumano-Towner et al 2020.). Our system automates the efficient 
implementation of the kernel.

Example worlds before/after update

World Update Specification

WorldUpdate(
  Delete(  ),
  ChangeOrigin(  ,
      new_origin=   ,
      new_index=1
  )
) 

World Update Specification

   = Event(2)
WorldUpdate(
  Create(  ),
  ChangeOrigin(   ,
     new_origin=(   ,   )
     new_index=1
  ),
  SetProperty(magnitude(  ), 2.9)
)
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Detections
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False positive 
detection

1

properties
1 2 3

1 1 1

magnitude(    ) = 4.1
magnitude(    ) = 3.5
magnitude(    ) = 2.9

reading(   ) = 4.2
reading(   ) = 3.4
reading(   ) = 2.7
reading(   ) = 2.01

1 2

objects

Events

Detections
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2

properties
1 2

1 1 1

magnitude(    ) = 4.1
magnitude(    ) = 2.9

1 2

reading(   ) = 4.2
reading(   ) = 3.4
reading(   ) = 2.7
reading(   ) = 2.01

We introduce a new DSL for writing open-universe models in Gen, and a 
new DSL for writing inference kernels for them.


