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Inference engine for
probabilistic programs

® Should be generic.

® Typically based on an Monte-Carlo algo,,
not on a variational inference algo.

® Recently generic black-box variational
inference algorithms™ were proposed.

® How to adapt these algos. for PPs!?

*Waingate&VWWeber’ |3, Ranganath et al’s AISTATS 14, Kucukelbir et al’s NIPS’|5,
van de Meent et al's AISTATS’ 16, Li & Turner’s NIPS’16, etc



Inference engine for
probabilistic programs

® Should be generic.

® Typically based on an Monte-Carlo algo,,
not on a variational inference algo.

® Recently generic black-box variational
inference algorithms™ were proposed.

® How to adapt these algos. for PPs!?

*Waingate&VWeber’| 3, Ranganath et al’s AISTATS 14, Kucukelbir et als NIPS’|5,
van de Meent et al’s AISTATS’ 16, Li & Turner’s NIPS’ 16, etc



Objective |: Explain black-box variational
inference by Ranganath et al.

Objective 2: Present some preliminary results.



Review of probabilistic
programming



x=sample(beta(3,2));

if (sample(flip(x))) {
y=sample(normal (x*x,1));

} else {
y=sample(normal(5%x,1));

}
obs(normal(y,1),3);




[x:0, y:0, w: ]

x=sample(beta(3,2));
it (sample(flip(x))) {
y=sample(normal (x*x,1));
} else {
y=sample(normal (5*x,1));

}
obs(normal(y,1),3);




[x:0, y:0, w: 1]

x=sample(beta(3,2)); [x:0.8, y:0, w: 1]

1t (sample(flip(x))) {
y=sample(normal (x*x,1));
} else {
y=sample(normal (5*x,1));

}
obs(normal(y,1),3);




[x:0, y:0, w: 1]

x=sample(beta(3,2)); [%:0.8, y:0, w:I]

i £ le(f11
if (sample(flip(x))) { [x:0.8, y:0, w: 1]

y=sample(normal (x*x,1));
} else {
y=sample(normal (5*x,1));

}
obs(normal(y,1),3);




[x:0,y:0, w:l]
x=sample(beta(3,2)); [%:0.8,y:0, w: 1]

= le(f11
if (sample(flip(x))) { [:0.8, y:0, w: 1]

[x:0.8, y:0.3, w: 1]

y=sample(normal (x*x,1));
} else {
y=sample(normal (5*x,1));

}
obs(normal(y,1),3);




[x:0,y:0, w:l]
x=sample(beta(3,2)); [%:0.8,y:0, w: 1]

i £ le(f11
if (sample(flip(x))) { [%:0.8, y:0, w:1]

y=sampTle(normal(x*x,1)); [%:0.8,y:0.3, w: 1]
} else {

y=sample(normal (5*x,1));

} . . .
obs(normal(y,1),3); [X°O'8’ )'°O-3’ W-']




[x:0, y:0, w:1]

x=sample(beta(3,2)); [%:0.8, y:0, w:I]

i f le(f11
if (sample(flip(x))) { [:0.8, y:0, w: 1]
y=sampTle(normal(x*x,1)); [%:0.8,y:0.3, w: 1]

} else {

y=sample(normal (5*x,1));

) [%:0.8,y:0.3, w: 1]

obs(normal(y,1),3); [x:0.8,y:0.3, w:0.01..]




[%:0, y:0, w:1]

x=sample(beta(3,2)): [%:0.8, y:0, w: 1]

i T le(f11
if (sample(flip(x))) { [%:0.8, y:0, w:1]
y=sampTle(normal(x*x,1)); [x:0.8, y:0.3, w: 1]

} else {

y=sample(normal (5*x,1));

) [%:0.8, y:0.3, w: 1]

obs(normal(y,1),3); [XZO.8, y03, w:0.01 ]

p(7) X p(d=3 | 7)



[x:0, y:0, w:1]

x=sample(beta(3,2)); [%:0.8, y:0, w:I]

i f le(f11
if (sample(flip(x))) { [:0.8, y:0, w: 1]
y=sampTle(normal(x*x,1)); [%:0.8,y:0.3, w: 1]

} else {

y=sample(normal (5*x,1));

) [%:0.8,y:0.3, w: 1]

obs(normal(y,1),3); [x:0.8,y:0.3, w:0.01..]

p(7) X p(d=3 | 7)



x=sample(beta(3,2));

if (sample(flip(x))) {
y=sample(normal (x*x,1));

} else {
y=sample(normal(5%x,1));

}
obs(normal(y,1),3);

p(7) X p(d=3 | 7)



[x:0, y:0, w: ]

x=sample(beta(3,2)); [x:0.6,y:0, w: ]

1t (sample(flip(x))) {
y=sample(normal (x*x,1));
} else {
y=sample(normal (5*x,1));

}
obs(normal(y,1),3);

p(7) X p(d=3 | 7)



[x:0,y:0, w:l]
x=sample(beta(3,2)); [%:0.6,y:0, w:1]

if (sample(flip(x))) {
y=sample(normal (x*x,1));

} else {

[x:0.6, y:0, w: 1]
y=sample(normal (5*x,1));

}
obs(normal(y,1),3);

p(7) X p(d=3 | 7)



[x:0,y:0, w:l]
x=sample(beta(3,2)); [%:0.6,y:0, w:1]

if (sample(flip(x))) {
y=sample(normal (x*x,1));

} else {
[x:0.6,y:0, w: 1]

y=sample(normal (5*%x,1)); [x:0.6,v:3.5, w: 1]

}
obs(normal(y,1),3);

P(T) X p(d=3 | 7)



[x:0,y:0, w:l]
x=sample(beta(3,2)); [%:0.6,y:0, w:1]

if (sample(flip(x))) {
y=sample(normal (x*x,1));

} else {
[x:0.6,y:0, w: 1]

[%:0.6,y:3.5, w:l]

) [%:0.6,y:3.5, w:l]
b 1(y,1),3); 6.v:3.5. -
obs(normal(y,1),3) [x:0.6,y:3.5, w:0.35..]

y=sample(normal (5*x,1));

P(T) X p(d=3 | 7)



[%:0,y:0, w:l]
x=sample(beta(3,2)); [%:0.6, y:0, w:1]

if (sample(flip(x))) {
y=sample(normal (x*x,1));

} else {
[%:0.6, y:0, w: ]

[%:0.6, y:3.5, w:l]

) [x:0.6,y:3.5, w:1]
b 1(y,1),3); 0.6, v:3.5. w:
obs(normal(y,1),3) [%:0.6,y:3.5,w:0.35..]

y=sample(normal (5*x,1));

P(T) X p(d=3 | 7)



[x:0,y:0, w:l]
x=sample(beta(3,2)); [%:0.6,y:0, w:1]

if (sample(flip(x))) {
y=sample(normal (x*x,1));

} else {
[x:0.6,y:0, w: 1]

[%:0.6,y:3.5, w:l]

1 [x:0.6,y:3.5, w:l]
b 1(y,1),3); V3.5, w-
obs(normal(y,1),3) [%:0.6,y:3.5, w:0.35..]

y=sample(normal (5*x,1));

p(7) X p(d=3 | 7)



[x:0,y:0, w:l]
x=sample(beta(3,2)); [%:0.6,y:0, w:1]

if (sample(flip(x))) {
y=sample(normal (x*x,1));

} else {
[x:0.6,y:0, w: 1]

[%:0.6,y:3.5, w:l]

1 [x:0.6,y:3.5, w:l]
b 1¢y,1),3); 06 v:3E we
obs(normal(y,1),3) [x:0.6,y:3.5, w:0.35..]

y=sample(normal (5*x,1)):

p(d=3 | 7)

p(r | d=3) = RO XR




Importance sampling

S(eld) = P(T)XZP(C”T)

|. Run the prog. and generate weighted traces:

(T1,W1), ..., (TN,WN).

2. Approximate p(7|d) by a discrete distr.:

p(z|d) = > [T; \i/]vix =

3. The approximation converges to p(7|d).



Review of black-box
variational inference



Variational approximation

S(rld) = P(T)XZP(C”T)

|. Choose a family of distributions {qe(7)}e.

2. Solve exactly or approximately:
0 = argmine KL(qe(7) || p(7]d)).
3. Approximate p(7|d) by qge(7).



Variational approximation

S(ld) = P(T)XZP(C”T)

|. Choose a famlly of dlstrlbutlons {qe(T)}e

, 2. Solve exactly or approxmately

0 = argmine KL(qo(7) | p(z|d)).

Approxmate p(T\d) ‘ qe(



Variational approximation

S(tld) = P(T)XZP(C”T)

|. Choose a famlly of dlstrlbutlons {qe(T)}e

' 2. “Solve exactly orpproxmately |
' 0 = argming KL(qo(7) || p(rld).
3 Approxmate p(T\d) by qg(T)

VeKL(qem I p(zld)) = 0!
Solve fixpoint equations. |




Black-box _
“—Variational approximation

p(7)Xp(d|7)
Z

p(r|d) =

|. Choose a famlly of dlstrlbutlons {qe(T)}e

' | 2 Solve exactly orpproxmately
' 0 = argmino KL(qo(7) || p(rld)- |
3. ApprOXImate p(T \d) by

i Gradient descent.
tUse estimated gradient.]



Minimising KL divergence

argmine KL(qe(7) || p(]d))
= argming Eqe(r)[log(qe(7) / p(T|d))]




Minimising KL divergence

argming KL(qe(7) [| p(7]d))
= argming [Eqe(r)[log(qe(T) / p(7|d))]
= argming [Eqe(r)[log(qe(t)Z / p(7)p(d|7))]




Minimising KL divergence

argmine KL(qe(7) || p(]d))

= argmineg Eqer)[log(qe(7) / p(t|d))]

= argmineg Eqe(r[log(qe(7)Z / p(T)p(d|T))]

= argmine Eqe(x)[log(qe(t) / p(7)p(d|7)) * log Z]




Minimising KL divergence

argmine KL(qe(7) || p(7|d))

= argming Eqe(r[log(qe(7) / p(|d))]

= argming Eqe(n[log(qe()Z / p(7)p(d|7))]

= argmineg Eqe(r)[log(qe(7) / p(T)p(d|7)) + log Z]
= argmineg Eqe(r[log(qe(7) / p(7)p(d|7))].

No need to know the normalisation const Z.




Key observation

q0(r)[log(qe(T) / p(T)p(d|7))]

<q0()[log(qe(T) / p(T)p(d|T)) X Ve log(qe(T))]-




Black-box variational inference

“q0()[log(qe(T) / p(T)p(d|7)) X Ve log(qe(T))]

Repeat until @ doesn’t change much:

|. Sample 71,...,7N from ge and let:

. . 2i log(qe(ti) / p(t)p(d|7)) X Ve log(qe(T))
N

2. 0—0-(nXg).



x=sample(beta(3,2));
it (sample(flip(x))) {
y=sample(normal (x*x,1));
} else {
y=sample(normal (5%x,1));
¥

obs(normal(y,1),3);




x=sample(beta(3,2));

if (sample(flip(x))) {
y=sample(normal(x*x,1));

} else {
y=sample(normal(5*x,1));
h

obs(normal(y,1),3);

X = sample(beta(01,02));
1T (sample(fl11p(03))) {

y = sample(normal(04,1));
} else {

y = sample(normal(0s,1));




x=sample(beta(3,2));

if (sample(flip(x))) {
y=sample(normal(x*x,1));

} else {
y=sample(normal(5*x,1));
h

obs(normal(y,1),3);

X = sample(beta(01,02));
1T (sample(fl11p(03))) {

y = sample(normal(04,1));
} else {

y = sample(normal(0s,1));




x=sample(beta(3,2));

1f (sample(flip(x))) {
y=sample(normal (x*x,1));

} else {
y=sample(normal(5*x,1));
}

obs(normal(y,1),3);

X = sample(beta(081,02));
1T (sample(fl11p(63))) {

y = sample(normal(84,1));
} else {

y = sample(normal(6s,1));




x=sample(beta(3,2));

if (sample(flip(x))) {
y=sample(normal(x*x,1));

} else {
y=sample(normal(5*x,1));
h

obs(normal(y,1),3);

x = sample(beta(l,1));

if (sample(f1ip(0.5))) {
y = sample(normal(0,1));

} else {

y = sample(normal(0,1));




x=sample(beta(3,2));
if (sample(flip(x))) {

y=sample(normal(x*x,1));

} else {

}
obs(normal(y,1),3);

y=sample(normal(5*x,1));

x = sample(beta(l,1));

if (sample(f1ip(0.5))) {

y = sample(normal(0,1));

} else {

y = sample(normal(0,1));

[x:0, y:0]



x=sample(beta(3,2));
if (sample(flip(x))) {

y=sample(normal(x*x,1));

} else {

}
obs(normal(y,1),3);

y=sample(normal(5*x,1));

x = sample(beta(l,1));

if (sample(f1ip(0.5))) {

y = sample(normal(0,1));

} else {

y = sample(normal(0,1));

[x:0, y:0]
[x:0.8, y:0]



x=sample(beta(3,2));
if (sample(flip(x))) {

y=sample(normal(x*x,1));

} else {

}
obs(normal(y,1),3);

y=sample(normal (5*x,1));

x = sample(beta(l,1));

it (sample(f11p(0.5))) {

y = sample(normal(0,1));

} else {

y = sample(normal(0,1));

[x:0, y:0]
[x:0.8, y:0]

[%:0.8, y:0]



x=sample(beta(3,2));
if (sample(flip(x))) {

y=sample(normal(x*x,1));

} else {

}
obs(normal(y,1),3);

y=sample(normal(5*x,1));

x = sample(beta(l,1));

if (sample(f1ip(0.5))) {

y = sample(normal(0,1));

} else {

y = sample(normal(0,1));

[x:0, y:0]
[x:0.8, y:0]

[x:0.8, y:0]
[x:0.8, y:0.5]



x=sample(beta(3,2));
if (sample(flip(x))) {

y=sample(normal(x*x,1));

} else {

}
obs(normal(y,1),3);

y=sample(normal(5*x,1));

g —
log(qe() / p(7)p(d|7))
X Vg log(qe(7))
0—0-nXg

x = sample(beta(l,1));

if (sample(f1ip(0.5))) {

y = sample(normal(0,1));

} else {

y = sample(normal(0,1));

[x:0, y:0]
[x:0.8, y:0]

[x:0.8, y:0]
[x:0.8, y:0.5]




x=sample(beta(3,2));
if (sample(flip(x))) {

y=sample(normal(x*x,1));

} else {

}
obs(normal(y,1),3);

y=sample(normal(5%x,1));

g —
log(qe(7) / p(7)p(d|7))
X Vg log(qe(7))
0—0-nXg

x = sample(beta(l,1));

if (sample(f1ip(0.5))) {

y = sample(normal(0,1));

} else {

y = sample(normal(0,1));

[x:0, y:0]
[x:0.8, y:0]

[%:0.8, y:0]
[%:0.8, y:0.5]




x=sample(beta(3,2));
if (sample(flip(x))) {

y=sample(normal(x*x,1));

} else {

}
obs(normal(y,1),3);

y=sample(normal (5*x,1));

g —
log(qe(7) / p(T)p(d|7))
X Vg log(qe(T))
0—0-nXg

x = sample(beta(l,1));

if (sample(f1ip(0.5))) {

y = sample(normal(0,1));

} else {

y = sample(normal(0,1));

[x:0, y:0]
[x:0.8, y:0]

[%:0.8, y:0]
[%:0.8, y:0.5]




x=sample(beta(3,2));
if (sample(flip(x))) {

y=sample(normal(x*x,1));

} else {

}
obs(normal(y,1),3);

y=sample(normal(5*x,1));

g —
log(qe(7) / p(7)p(d|7))
X Vg log(qe(7))
0—0-nXg

x = sample(beta(l,1));

if (sample(f1ip(0.5))) {

y = sample(normal(0,1));

} else {

y = sample(normal(0,1));

[x:0, y:0]
[x:0.8, y:0]

[x:0.8, y:0]
[x:0.8, y:0.5]




x=sample(beta(3,2));
if (sample(flip(x))) {

y=sample(normal(x*x,1));

} else {

}
obs(normal(y,1),3);

y=sample(normal(5*x,1));

g —
log(qe() / p(7)p(d|7))
X Vg log(qe(7))
O0—0-nXg

x = sample(beta(0.9,2));

1t (sample(fl11p(0.6))) {

y = sample(normal(0,1));

} else {

y = sample(normal(2,1));

[x:0, y:0]
[x:0.8, y:0]

[x:0.8, y:0]
[x:0.8, y:0.5]




Final States




Final States

|. Sample traces by running approx. prog.



Final States

-

|. Sample traces by running approx. prog.
2. For each sampled 7;, compute:

log(qe(Ti) / p(Ti)p(d|Ti)) X Ve log(qe(Ti))



Final States

|. Sample traces by running approx. prog.
2. For each sampled 7;, compute:

log(qe(Ti) / p(Ti)p(d|Ti)) X Ve log(qe(Ti))



Final States

|. Sample traces by running approx. prog.
2. For each sampled ti, compute:

log(qe(Ti) / p(Ti)p(d|7i)) X Ve log(qe(T))
3. Use their average as the estimated grad.



Righ variance

® Estimator of the gradient has high variance.
® Many techniques exist.

® Our approach is to exploit the structure:

qe(7) = valid(7) X [lo<i<|z| fo(Ti,Ti+1)
P(T)P(d"[) — Va"d(T) X I_I0<i<|T| f(Ti,Ti+|)g(Ti+|)



Our preliminary results



[Theorem |] Under some condition,
argming KL(qe(7) || p(7|d))
= argming Eqe(r[log(qe(7) / p(7)p(d|7))]

= argming Eqo(r)[ 2 0<i<|c| ko (Ti)]

where

ke(s) = [Ees.)[log(fe(s,s’) / f(s,s7)g(s'))].




Execute & Compute & Average

Final States




Execute & Compute & Average

Final States




Execute & Compute & Average

INit

g;\Y ol Sttes

D o<i<|z| ke(Ti)Velog(qe(T)) + Do<i<|r| Voke(Ti)

where

ke(s) —

Se(s5)[log(fe(s,s) / f(s,s7)g(s'))]




Execute & Compute & Average

A

A Final States
——

D o<i<|z| ke(Ti)Velog(qe(T)) + Do<i<|r| Voke(Ti)

where

ke(s) —

Se(s5)[log(fe(s,s) / f(s,s7)g(s'))]




Execute & Compute & Average

Final States

2 o<i<|z| ke(Ti)Velog(qe(T)) + 2o<i<iz| Voke(Ti)
where  ko(s) = Eras,s)[log(fe(s,s’) / f(s,s)g(s’))]




[Theorem 2] Under some condition,

argming KL(qe(7) || p(7|d))

= argming

<q0(r)[log(qe(T) / p(T)p(d|7))]

= argming N [Egg(s)[ke(s)]

where

ke(s) = Efo(ss)[log(fe(s,s’) / f(s,s")g(s'))]
Ae(s) = [s=init] + [ Ae(so)fe(so,s) dso
N = [Ao(s)ds and Be(s) =Ae(s)/ N




Final States




Final States

|. Sample states from Ba(s).



Final States

|. Sample states from Bg(s).
2. For each sample s;, compute:

N X (Veke(si) + |(e(si)VQ|Og(Be(si)))



Final States

|. Sample states from Bg(s).
2. For each sample s;, compute:

N X (Veke(si) + |(9(Si)VQ|Og(Be(Si)))



Final States

|. Sample states from Bg(s).
2. For each sample s;, compute:

N X (Veke(si) + |(9(Si)VQ|Og(Be(Si)))



Final States

|. Sample states from Bg(s).
2. For each sample s;, compute:

N X (Veko(si) + keo(si)Velog(Be(si)))
3. Use their average as the estimator.



Do they work?

® Sorry.We don’t know yet.

® |mplementation is ongoing. | hope that next
time we will be able to answer.



