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Abstract
A promising approach to implementing black-box inference is to search a space
of inference strategies. However, a search space has not been defined to date
that includes combinations of exact and approximate inference methods, such
as Rao-Blackwellized Metropolis-Hastings and Gibbs sampling of continuous
distributions. We present a handful of inference building blocks that not only
constitute black-box inference methods themselves but also generate a search space
of inference strategies that includes such combinations. The building blocks
include simplifying and sampling from distributions, based in turn on calculating
their expectation, disintegration, and density. We have implemented these building
blocks as probabilistic-program transformations and specified them in terms of a
distribution semantics.

1

Introduction

Ideally, black-box inference could be applied willy-nilly to a broad family of models, such as
probabilistic programs. Inside the black box, however, a driver might seek a particular inference
strategy suited to each given model, much as a database server might seek a particular execution
plan suited to each given query. To carry out this approach to black-box inference, we must
define a search space of strategies, like Metropolis-Hastings (MH) proposal distributions. Although
approximate methods apply to more models, we want our search space to represent exact methods
too when applicable, so that the probabilistic programmer need not manually rewrite their code, say
to integrate out a variable.
In this work, we introduce inference building blocks that constitute such a search space—one that
represents and composes approximate and exact methods. We implement each building block as a
transformation that takes programs in a probabilistic language as input and (non-probabilistically)
produces programs in the same probabilistic language. We specify each building block as a black
box, in terms of distributions denoted by programs.

2

Specifying building blocks

Figure 1 shows our building blocks as a dependency graph. Each node represents a transformation
on probabilistic programs. For example, the Expectation transformation takes as input two programs
m and f , where m represents a distribution on some space A and f represents a function from A to R.
It produces as output a new program that represents the integral of f with respect to m. Because this
transformation is symbolic and exact, m and f may well refer to variables whose values are unknown,
which would then also parameterize the output.
We use the term “distribution” to mean a possibly unnormalized distribution, not necessarily a
probability distribution (which means a distribution whose total is 1). When m happens to be a
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Figure 1: Dependencies among inference building blocks
probability distribution, the program produced represents the expectation of f with respect to m—
hence we call this transformation Expectation. In particular, when f is the identity function, we
obtain the expected value of m.
Each edge S T in the graph indicates that we use one transformation S to implement another
transformation T. For example, the Total transformation turns a program m representing a distribution
into a program representing the total of m. Our implementation of the Total transformation simply
invokes the Expectation transformation, setting f to the constant function returning 1.
As just demonstrated, we specify what each transformation does in terms of distributions and math.
Thus a transformation can be applied to a probabilistic program without exposing their inner workings
to each other. In particular, the central transformations in Figure 1 are specified as follows:
Simplification turns one program that represents a distribution into another program that represents
the same distribution (and is easier to read and faster to run, we hope). Because we perform
symbolic and exact simplification based on computer algebra, the input and output programs
may well refer to variables whose values are unknown.
Normalization turns (a program representing) a distribution µ into (another program representing)
the probability distribution that is a scalar multiple of µ.
Disintegration turns (a program representing) a joint distribution µ on some product space (A, B)
into (a program representing) a distribution ν on A and (a program representing) a conditional
distribution κ on B given A. The output marginal distribution ν and conditional distribution κ
are guaranteed to together generate the input joint distribution µ (Chang and Pollard 1997).
Conditioning turns a joint distribution µ on some product space (A, B) into the conditional probability distribution on B given A.
Density turns a distribution µ on some space A into its density, which is a function from A to R.
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Implementing and using building blocks

We described above how to implement Total using Expectation. It is also easy to implement
Normalization using Total, Conditioning using Normalization and Disintegration, and Density using
Total and Disintegration. The transformations whose implementation is the most involved and
innovative are Simplification (Carette and Shan 2015) and Disintegration (Shan and Ramsey 2015),
which we detail elsewhere.
Perhaps a more exciting example is implementing MH sampling (Metropolis et al. 1953; Hastings
1970) as a program transformation. MH sampling is typically described as a randomized algorithm
whose coding requires target and proposal densities. Our building blocks render such a textbook
description executable: Our implementation of MH sampling uses the Density transformation to
generate an MH sampler automatically from a proposal and a target distribution. Part of the generated
MH sampler can then undergo Simplification, which would cancel out any repeated factors in the
acceptance-ratio computation.
Similarly, Gibbs sampling (Geman and Geman 1984; Gelfand et al. 1992) is typically described as
a randomized algorithm whose coding requires a sampler for a conditional probability distribution.
2

Again our building blocks render such a textbook description executable. In particular, because
Simplification recognizes common continuous distributions and recovers their parameters exactly,
our implementation of Gibbs sampling can update continuous as well as discrete variables.
Returning to our motivation in the introduction, suppose our model describes a joint distribution
p(θ, x, y) = p(θ) · p(x | θ) · p(y | θ, x),
where θ is some parameter we want to infer, x is latent, and y is observed. Starting with a program
representing this distribution, we can obtain a Rao-Blackwellized (Casella and Robert 1996) MH
sampler for p(θ | y) as follows.
1. Compose the program with the deterministic function (θ, x, y) 7→ (y, θ), to obtain a program
that represents p(y, θ).
2. Apply Conditioning, to obtain a program that represents p(θ | y) but may sample from x
internally.
3. Apply Simplification, to integrate out x with luck.
4. Apply MH sampling, to obtain an MH sampler, which is a transition probability distribution
on θ, parameterized by y.
5. Apply Simplification, to cancel out repeated factors in the acceptance-ratio computation.
We emphasize that each of these steps is a non-probabilistic, exact, and symbolic transformation on
probabilistic programs. Hence, the final result is the code for an MH sampler that takes a concrete
observed value of y as input and runs in time comparable to that of a hand-written MH sampler.
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