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Foundations of Probabilistic ProgrammingFoundations of Probabilistic Programming

Compositionality

composing program fragments

let v = sample(Γ−1(α, 2)) in

letx = sample(N (1.5 +m,
√
v)) in

observex fromN (0, 0.1);

x

composing compiler transformations

Model SamplerIR1 IR2 IRn· · ·t1 t2 tn−1

Expressive ProbProg

higher-order functions

piecewise(random-constant) piecewise(random-linear)

generative random function models

recursion

rw(x, σ) = λ(). // thunk

let y = sample(N (x, σ))

in (x, rw (y, σ))

Gaussian random walk

dynamic types

Church WebPPL
Venture

non-compositional in measure theory!

Modular inference3, 2

rmsmc k n t =
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advance . ho i s tS (

compose t mhStep . hoistT resample

)

) . hoistST (spawn n >>)
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ProbProg challenges for ProgLang foundations

complexities of continuous mathematics

let a = normal rng(0, 2) in

score (normal pdf (1.1 | a ∗ 1, 0.25));
score (normal pdf (1.9 | a ∗ 2, 0.25));
score (normal pdf (2.7 | a ∗ 3, 0.25));
a

Prior: a ∼ N (0, 2)

Observations:

1.1 ∼ N (1a, 14)

1.9 ∼ N (2a, 14)

2.7 ∼ N (3a, 14)
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inference: global transformation

Model Samplerinference

Solution: measures as invariants

code: measure-kernels/measure-valued functions

observex fromN (0, 0.1);

x  1

 2

 3

-1  1

R⇝ R normal pdf (x | 0, 0.1)

s-finite kernels: guaranteed exchangeability4

letx = M in

let y = N in

P

=

let y = N in

letx = M in

P

∫
M(dx)

∫
N(dy)P (x, y)

=∫
N(dy)

∫
M(dx)P (x, y)

Quasi-Borel spaces: a compositional alternative1

(S,M)set
random elements

α : R → S
qbs axioms:

7→ c
φ7−→ α7−→

[Sn.αn]7−−−−→
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