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Who will win the presidency? ! "

Chance of winning

Hillary Clinton

71.4%
Donald Trump

28.6%

Electoral votes

Hillary Clinton 302.2

Donald Trump 235.0

Evan McMullin 0.8

Gary Johnson 0.0

Popular vote

Hillary Clinton 48.5%

Donald Trump 44.9%

Gary Johnson 5.0%

Other 1.6%

How the forecast has changed

We'll be updating our forecasts every time new data is available, every day through Nov. 8.
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y := ...;

generative model

E(x)
P(A)
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Resolving the paradox via disintegration

disintegrate

prior posterior

Soundness: If the disintegrator succeeds then the result is correct.

1. Motivate by puzzle

2. Specify by semantics

3. Implement by derivation



7

Specifying disintegration by semantics

do {a¢

µ : M α

;

b¢

κ : α→M β

;

return (a, b)}

ξ : M (α× β)

disintegrate

ξ = µ⊗ κ



7

Specifying disintegration by semantics

do {a¢

µ : M α

;

b¢

κ : α→M β

;

return (a, b)}

ξ : M (α× β)

disintegrate

ξ = µ⊗ κ



7

Specifying disintegration by semantics

do {a¢

µ : M α

;

b¢

κ : α→M β

;

return (a, b)}

ξ : M (α× β)

disintegrate

ξ = µ⊗ κ



7

Specifying disintegration by semantics

do {a¢

µ : M α

;

b¢

κ : α→M β

;

return (a, b)}

ξ : M (α× β)

disintegrate

ξ = µ⊗ κ



7

Specifying disintegration by semantics

do {a¢

µ : M α

;

b¢

κ : α→M β

;

return (a, b)}

ξ : M (α× β)

disintegrate

ξ = µ⊗ κ



7

Specifying disintegration by semantics

do {a¢

µ : M α

;

b¢

κ : α→M β

;

return (a, b)}

ξ : M (α× β)

disintegrate

ξ = µ⊗ κ



7

Specifying disintegration by semantics

do {a¢

µ : M α

;

b¢

κ a : M β

;

return (a, b)}

ξ : M (α× β)

disintegrate

ξ = µ⊗ κ



7

Specifying disintegration by semantics

do {a¢

µ : M α

;

b¢

κ a : M β

;

return (a, b)}

ξ : M (α× β)

disintegrate

ξ = µ⊗ κ



7

Specifying disintegration by semantics

do {a¢

µ : M α

;

b¢

κ a : M β

;

return (a, b)}

ξ : M (α× β)

disintegrate

ξ = µ⊗ κ



7

Specifying disintegration by semantics

do {a¢

µ : M α

;

b¢

κ a : M β

;

return (a, b)}

ξ : M (α× β)

disintegrate

ξ = µ⊗ κ



8

α = R
β = R× R

do {a¢

µ : M α

;

b¢

κ a : M β

;

return (a, b)}
ξ : M (α× β)

do {x¢ uniform 0 1;
y¢ uniform 0 1;
return (x, y)}

prior : M β

y− 2 · x : α

observation

do {x¢ uniform 0 1;
observe 0 < 0 + 2 · x < 1;
return (x,0 + 2 · x)}
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Integrator semantics

JM αK =

integrand︷ ︸︸ ︷
(JαK→ R)→ R

Juniform 0 1K = λf.
∫ 1

0
f(x) dx

JlebesgueK = λf.
∫ ∞
−∞

f(x) dx

Jreturn (x, y)K = λf. f(x, y)

Jdo {x¢m; M}K = λf. JmK(λx. JMKf)
u

v
do {x¢ uniform 0 1;

y¢ uniform 0 1;
return (x, y)}

}

~ = λf.
∫ 1

0

∫ 1

0
f(x, y) dy dx
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“fantastic introduction!

★“self contained!”★

★ “a pleasure to read!” ★

★“gentle!”★

★“loved reading!”★

★“beautifully explained!”

“very polished!”

★“easy to follow!”★

★“deft!”
★“best written
  of the last 30 papers I have read!”★

PLDI readers without lots of
background in probability theory

should be able to follow;
this is impressive

“
”

https://doi.org/10.1145/3009837.3009852
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1. Probabilistic programs denote distributions

2. Exact inference by transforming terms

do {a¢ ;

b¢ ;

return (a, b)}
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2. Specify by semantics

3. Implement by derivation
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When it works

I y− 2 · x y/x max(x, y) …

I multivariate Gaussian distributions
(for regression and dynamics)

I mixtures of distributions
(for classifying points and documents)

I seismic event detection (Arora et al.)

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

do {x¢ · · · ;
y¢ · · · ;
z¢ · · · ;
return (f(x, y, z), . . . )}

invertible
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1. Probabilistic programs denote distributions

2. Exact inference by transforming terms

distribution conditional distribution

disintegrate

condition

: α

dependent variable of regression
noisy measurement of location
total momentum of point masses
detected amplitude of seismic event
… …


END A GOOD DAY WITH BAD BEATS

TONIGHT AFTER 
RAVENS VS PATRIOTS

2016 Election Forecast
President

Updated Nov. 8, 2016
Senate

Updated Nov. 8, 2016
Analysis

Updated Nov. 9, 2016

Who will win the presidency? ! "

Chance of winning

Hillary Clinton

71.4%
Donald Trump

28.6%

Electoral votes

Hillary Clinton 302.2

Donald Trump 235.0

Evan McMullin 0.8

Gary Johnson 0.0

Popular vote

Hillary Clinton 48.5%

Donald Trump 44.9%

Gary Johnson 5.0%

Other 1.6%

How the forecast has changed

We'll be updating our forecasts every time new data is available, every day through Nov. 8.

AL

AK

AZ
AR

CA CO

FL

GA

HI

ID

IL IN

IA

KS
KY

LA

ME

MI

MN

MS

MO

MT

NE
NV

NM

NY
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PA

SC

SD

TN

TX

UT

VA

WA

WV

WI

WY

VT
NH

MA

RI

CT

NJ

DE

MD

DC

CLINTON
TRUMP

50% 90

TIPPING POINTS

 CHANCE OF WINNING ELECTORAL VOTES POPULAR VOTE

We’re forecasting the

election with three models

Polls-plus forecast
What polls, the economy and
historical data tell us about Nov. 8

Polls-only forecast
What polls alone tell us about Nov. 8

Now-cast
Who would win the election if it
were held today

National overview

Updates 

National polls 

States to watch

Arizona 

Colorado 

Florida 

Georgia 

Iowa 

Maine 

Michigan 

Minnesota 

Nevada 

New Hampshire 

New Mexico 

North Carolina 

Ohio 

Pennsylvania 

Utah 

Virginia 

Wisconsin 

1. Motivate by puzzle

2. Specify by semantics

3. Implement by derivation
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Induction hypothesis for automatic disintegrator

Specialize: α = R, µ = lebesgue.

Generalize: observable action m, heap h, �nal action M.

De�ne continuation M = λh′.do {h′; M}.

do {a¢ lebesgue ;

b¢ ;

return (a, b)}

do {x¢ uniform 0 1;
y¢ uniform 0 1;
let a= y− 2 · x;
return (a, (x, y))}

ξ : M (α× β)

}

Implement<C by equational reasoning from this speci�cation.

Case analysis on m:
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Goal: do {h; a¢m; M} = do {a¢ lebesgue; <C m a M h}

Case m = uniform 0 1:

do {h; a¢ uniform 0 1; M}
= { probability density of m (Bhat et al.) }

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 = λh′.do {h′; M} }

do {a¢ lebesgue; factor 0 < a < 1 ; M h}

So de�ne

<C (uniform 0 1) a c h = do {factor 0 < a < 1 ; c h}

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; <C m a M h}

Case m = return x: Look up x in h = (h1; x¢m; h2)

do {h1; x¢m; h2; a¢ return x; M}
= { monad laws, beta, alpha }

do {h1; a¢m; let x= a; h2; M}
= { induction hypothesis }

do {a¢ lebesgue; <C m a
(
do {let x= a; h2; M}

)
h1}

= { beta; recall M = λh′.do {h′; M} }

do {a¢ lebesgue; <C m a
(
λh′.M (h′; let x= a; h2)

)
h1}

So de�ne

<C x a c (h1; x¢m; h2) = <C m a
(
λh′.M (h′; let x= a; h2)

)
h1

The continuation memoizes.
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(
λh′.M (h′; let x= a; h2)

)
h1

The continuation memoizes.
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Goal: do {h; a¢m; M} = do {a¢ lebesgue; <C m a 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; <C (return e) b M h}
= { change integration variable from b to a }

do {a¢ lebesgue; let b=−a; <C (return e) b M h}
= { “parametricity” of<C … }

do {a¢ lebesgue; <C (return e) (−a) M h}

So de�ne

<C (return (−e)) a c h = <C (return e) (−a) c h

Similarly for other invertible functions: log x, y− 2 · x.
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