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Soundness: If the disintegrator succeeds then the result is correct.
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» multivariate Gaussian distributions
(for regression and dynamics)

» mixtures of distributions
(for classifying points and documents)

» seismic event detection (Arora et al.)

» point masses’ total momentum (Afshar et al.)

12



When it works

do{ka...;
»y—2-x y/x max(x,y) .. Zewonn:
return (I(x,);, z),...)}
///// é —‘ )

invertible
» multivariate Gaussian distributions

(for regression and dynamics)

» mixtures of distributions
(for classifying points and documents)

» seismic event detection (Arora et al.)

» point masses’ total momentum (Afshar et al.)

12



Where it helps

AN

—— disintegrate ——

AN

prior

posterior

13



Where it helps

AN

/
—— disintegrate —— J\ —

prior

posterior

AN

inference procedure

13



Where it helps

AN

/
—— disintegrate —— J\/\ —

prior

posterior

AN

maximum likelihood

inference procedure Markov chain Monte Carlo

13



Where it helps

R AL N
—— disintegrate —— J\/\ —

prior posterior

—— disintegrate ——

ﬂ maximum likelihood

inference procedure Markov chain Monte Carlo

Eﬂ 13



Where it helps

R AL N
—— disintegrate —— J\/\ —

prior posterior

T

—— disintegrate ——

maximum likelihood
inference procedure Markov chain Monte Carlo

Eﬂ 13



Where it helps

R AL N
—— disintegrate —— J\/\ —

prior posterior

T

—— disintegrate ——

(i # lebesgue,
arrays...)

ﬂ maximum likelihood

inference procedure Markov chain Monte Carlo

Eﬂ 13



) 1. Probabilistic programs denote distributions

.
(1)

2. Exact inference by transforming terms

_— dependent variable of regression
noisy measurement of location
‘ﬁi e’ total momentum  of point masses
~ detected amplitude of seismic event
condition

N\

l MY e
M —— disintegrate — J\I\ =&
\

v/

distribution conditional distribution
1. by puzzle
2. by semantics
3. by derivation



Induction hypothesis for automatic disintegrator
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Induction hypothesis for automatic disintegrator

Specialize: a =R, p = lebesgue.
Generalize: observable actionm, heaph, final action M.

Define continuation M = Ah'.do {h’; M}.

AN
do { do {a « lebesgue;
h; 5
a«m <imaMh |}
M }

Implement <1 by equational reasoning from this specification.

Case analysis on m:
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Goal: do {h; a«~ m; M} = do {a « lebesgue; <1 ma M h}

Case m = uniform O 1:
do {h; a « uniform 0 1; M}
= { probability density of m (Bhat etal.) }
do {h; a «~ lebesgue; factor (0 < a < 1); M}
= { exchange integrals using Tonelli's theorem }
do {a « lebesgue; factor (0 < a < 1); h; M}
= {beta;recall M = \n'.do {h’; M} }
do {a « lebesgue; factor (0 < a < 1); M h}

So define
< (uniformO01l)ach = do {factor (O < a < 1);ch}

Similarly for other primitive continuous distributions.

The disintegration fused into most inference methods ends here.
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Goal: do {h; a«~ m; M} = do {a « lebesgue; <1 ma M h}

Casem = return x: Look up xinh = (hy; x « m; hy)

do {hy; x « m; hy; a « return x; M}
= { monad laws, beta, alpha }
do {h;; a «~ m; let x=a; hy; M}
= {induction hypothesis }
do {a « lebesgue; <1 m a (do {let x =a; h; M}) h;}
= {beta;recall M = \n'.do {h’; M} }
do {a « lebesgue; <t ma (A0'.M (h'; let x = a; hy)) h1}

So define
<ixac(hyx«m h)) = <ma (M. M(h;letx=a; hy)) h

The continuation memoizes.
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Goal: do {h; a«~ m; M} = do {a « lebesgue; <1 ma M h}

Case m = return (—e):
do {h; a « return (—e); M}
= { monad laws, beta }
do {h; b «~ return e; let a = —b; M}
= {induction hypothesis ... }
do {b « lebesgue; let a = —b; <1 (returne) b M h}
= { change integration variable fromb toa}
do {a «~ lebesgue; let b = —a; <1 (returne) b M h}
= { “parametricity” of <1... }
do {a « lebesgue; <I (return e) (—a) M h}

So define
<l (return (—e))ach = <i(returne)(—a)ch

| Similarly for other invertible functions: logx, y —2-x.
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