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Introduction

Probabilistic programs define p
Running the program gives the prior p(x)
We are interested in the posterior p(y | x)

Estimating marginal likelihood p(x | y)
precisely is difficult



Why is sampling p(x | y) difficult?
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Introduction

e What if we could "build" / "approximate”
p(x | y) in some other way?
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Mean Field Approximation

e The probability of a trace is given by:

T
p(z) = [ pe(e | e (he))

where h is the history (x,, . . ., x,_,) of the
program up to ERP t
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Mean Field Approximation

e We approximate p(x) with a simpler p (x)
e We use 6 to parameterize p,, then we learn 6

p(.’L‘ ) — H e (T ] Wy (]H))

po(x) = [T,_; po(2¢|0:)
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Mean Field Approximation

e Analytically intractable

OPTMiZATION

=\ P,

e Stochastic Gradient
Descent is our friend

e Enter Kullback-Leibler (
Divergence!
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KL Divergence

e Measure of distance between distributions
e Essentially our reward function

KL(ps, p(zly)) = /mpo(:v) log(pe(x))

p(z|y)

Bayes’_rule - pg(.’[:) . P
= /mpo( ) log (p(y|x)p(a;)> +logp(y) =

= [-L(0) [+ log p(y)

ELBO
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KL Divergence and ELBO

K L(pe,p(z|y)) = —L(6)+logp(y)
where

N ) loe [ PWI2)P()

o) 2 [ )lg( — )

o KL=20—-L(0)+log(p(y))=0
o log(p(y)) = L(0)

(constant)
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Stochastic Gradient Optimization

—Vo L) = / Vg( (x)log( (ﬂ)ﬁ(@)) (5)
"L Sapata) (10 (50 =) ) + [ o) (Talorm@) @
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Stochastic Gradient Optimization

e To derive the MC estimate, we use a few
tricks

Vope(x)
po(z)

b) | pe(x)Vlogps(z) =0

a) Vlogpe(x) =
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Stochastic Gradient Optimization

Vo 10) = [ Vona(o) (108 (5L )) [ bo(o) (Vatog(oa D
)

= [ varate) (18 (s -
2 | utervotoetonta (1 () ) .
_ L pe(2) Ve log(pe(z)) (log( : zfli()?(:v)> 4 K| 9)
~ 7 2 voounn) (o8 i) + %)
a) Vlogpg(z) = Yerelz) Can now use MC estimate

po(x)

b) | pe(xz)Vlogpg(z) =0
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Mean-field approximation

Probabilistic program A

1

2
E
4.
>
6
)

M = normal () ;

if M>1
mu = complex_deterministic_func( M );
X = normal( mu );

else
X = rand() ;

end;

Mean-Field variational program A

w3 s by

M = normal( 6y ):;

if M>1
mu = complex_deterministic_func( M );
X = normal( 63 );

else
X = rand (04,05) ;

end;
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Compositional Variational

Inference

e Initialize 6 to arbitrary value
e Sample x, ~ p,(x,)
e Compute:

o log(p,(x,))

o log(p(x,| hy))

o R=log(p(x,| h)) - log(p,(x,)
o local gradient WV, = V _log(p,(x.))
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Computing the gain

e Compute

© log p(y | x)
o thegain R=3R +logp(y | x) + K

e Estimate at ERP t can be averaged over
many sample traces for a more accurate
estimate

Vo L(6) ng log pe (29) (log < (yﬁ’;(fj 2 )> + K) (10)
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Precision ()
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Precision ()

Iteration 1 (y update)
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Iteration 2 (u update)
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Experiments

e Which algorithm estimates the direction of
the gradient best? How does SGD compare
with the others?
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Experiments
e ENAC > Vanilla GD (ours) > SOGD
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Takeaways

e \ery fast approximate sampling from the
posterior

e Much cheaper than using MCMC sampling
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Related Work

e High-dimensional posteriors are sometimes
poorly approximated by SGD, a
parallelizable approach is proposed [1]

—— AELBO < 0.01(last iterate) —— MCSE < 0.01(last iterate)
----- AELBO < 0.01(iterate average) ----- MCSE < 0.01(iterate average)
ox
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Related Work

Inference [2]

e Automatic Differentiation Variational
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Related Work

Rethinking Variational Inference for
Probabilistic Programs with Stochastic
Support [3]

Probabilistic program A

14

M = normal () ;

TR AEY W

if M>1
mu = complex_deterministic_func( M );
X = normal( mu );
else
X = rand():

end;
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Questions?
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