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TL:DR IC weights Collapsed weights
~ plz) L .k X zlr, A
» Rejection sampling is widely used in implementing 11z~ p(x) z ~ q(z|y) Wi = (2 )p(y\aj, 2w we = plx) plzle, 4 p(y|x, z)
. | w PO Ay q9(zly)q(z|z,y, A)

complex generative models. 2: a(zy)

e Inference in probabilistic programs includin s for k€ NN” do for kk N do Theorem: Under some mild conditions it the fol-
) P Pros S L2~ p(zlr) 2"~ q(zlz, y) lowing holds then the variance of wy¢ is infinite. o E [wic] = E [we] but these weights do not cause

unbounded loops (e.g. rejection sampling) is hard. 5 w* < ]Z(ilm) | 2 ' infinite variance importance sampling estimates
e We address the problem of efficient amortized b: W 4 15 Z;kxy 5 plz|z) (1 —p(Alx, z)) > 1 p Ve |

| | . . | 7. if ¢(z,2") then if (2, 2") then “zrvq(z|2y) q(z|z,y)? p ) - e Unfortunately, we cannot directly compute w¢

importance-sampling-based inference, in particular 8 Lk 2 e A it : ' o]

. . . : _ Z = Z 1 ! !

Inference Compilation (IC) [4], in such models. 0. break ek where A is the event of ¢(z, z) being satisfied.
e We show naive application of IC can produce 10: observe(y, p(y|z,)) wrc — wp(y|z, z)

importance weights with unbounded variance. (a) Original program (b) Inference compilation Amortized Rejection Sampling ( ARS)
o We propose Amortized Rejection Sampling (ARS), 1.z~ p(x) x ~ q(z|y)

an importance sampling procedure that produces 2: w < q]Zf;) Wer — plz) p(z|z) ply|z z)q (Alx, y)

finite variance weights and unbiased expectations for i z ~ plzlz, ez, 2)) z ~ q(z Lgf;g,’cfx% 2)) q(zly)a(z|z,y) p(Alz)

programs that include rejection sampling loops. N — (. plylz. ) W W gy cla.z) | o o o | |

. . . ' Y, DY, L we = wp(y|z, ) o g(Al|z,y) is the probability of exiting the rejection sampling loop under the proposal.

» We implement ARS in pyprob [I; 2] in & way that () Equivalent to above (d) ARS o p(Al|x) is the probability of exiting the rejection sampling loop in the original probabilistic program

requires minimal modifications to user code. P P Y 5 J pllls J00p 1 S P progtalll

e We use Monte Carlo to get unbiased estimates of q(A|z,y) and o(Alz)

Marsaglia [5; 6] Mini-SHERPA Algorithm Implementation

Mini-SHERPA is a simplified ‘ | We introduce two new functions to tag the beginning
13: for y €1,...M do

—2log(s) | | |
g 4 forl e N* do and end of rejection sampling loops.

| 10: = CLJ .
aj, ~ Uniform(—1,1) . observe(yy, N (u, 0%)) o _ o
b, ~ Uniform(—1,1) 19, observe(ys, N(u, 02)) of particles |3]. It uses rejection

2:

3:

Boos= aj, + by sampling extensively to simulate
Z it s <1 then a particle decay event and the en-
7

3:

1: for Kk € NT do

model of high-energy reactions

for £ € NT do 15: Z;Cl —q(z|z,y) Original Annotated
2%~ qlz|z,y) 16: if c(z,z];) then

if c(z,2") then L7 Ly 1
o 18: break
19: T+ =M T,

break M1t z = sample(P_z (x)) z = sample(P_z (X))

p(z|z) - AL
w%wq(z\x,y) A if c(x, z): if c(x, z):

K « 0 21: w +— wply|z, ) rs.end ()
for:€1,... N do break break

/
1 — IC —— ARS, M=1 —— ARS, M=10 Zi q(z\x, y) observe(P_y(x,z), Vy) observe(P_y(x,z), Vy)
10 - T Biased o ARS, M=2 _—— Groundtruth . K % K _I_ C(z7 .CC) return X , 7 return X ; 7

10° _
101! ‘ : \ —118.5

X = sample(P_x) X = sample(P_x)

while True: while True:
a = ag

b—b, ergy deposited by the resulting
break particles in a simplified detector.

rs_start ()

L 0o gt oo

—_
N

Biased — ARS, M=1 —— ARS, M=2 —— ARS, M=10

—
—

1072 —— .
0 : - - . R
—10~2 : . —119.0
—101t
—10° 4 - ' ' ’ ' ‘ —119.5
—10t

Estimation Error

References

50

40 ]
30 — - i - 09T . , [1] A. G. Baydin, L. Heinrich, W. Bhimji, B. Gram-Hansen, G. Louppe, L. Shao, K. Cranmer, F. Wood, et al. Efficient probabilistic inference in the quest for physics beyond the standard model. In Thirty-second Conference
20 — i _ e _ . on Neural Information Processing Systems (NeurIPS), 2019.

10‘; = : - | _ : | ' 2] A. G. Baydin, L. Shao, W. Bhimji, L. Heinrich, L. Meadows, J. Liu, A. Munk, S. Naderiparizi, B. Gram-Hansen, G. Louppe, et al. Etalumis: Bringing probabilistic programming to scientific simulators at scale. In the
0 = : = | ‘ ‘ International Conference for High Performance Computing, Networking, Storage and Analysis (SC' ’19), 2019.

AN IR B B 3] T. Gleisberg, S. Hoche, F. Krauss, M. Schonherr, S. Schumann, F. Siegert, and J. Winter. Event generation with sherpa 1.1. Journal of High Energy Physics, 2009(02):007, 2009.
80 100 20 40 60 80 100

Number of draws Number of draws %103 <103 [4] T. A. Le, A. G. Baydin, and F. Wood. Inference compilation and universal probabilistic programming. In Proceedings of the 20th International Conference on Artificial Intelligence and Statistics, volume 54 of
(a) (b) Number of draws Number of draws Proceedings of Machine Learning Research, pages 13381348, Fort Lauderdale, FL, USA, 2017. PMLR.

( a) Y = Yo = 0 (b) Y = Yo = —1 (a) (b) 5] G. Marsaglia and T. A. Bray. A convenient method for generating normal variables. SIAM review, 6(3):260-264, 1964.

6] F. Wood, J. W. Meent, and V. Mansinghka. A new approach to probabilistic programming inference. In Artificial Intelligence and Statistics, pages 1024-1032, 2014.




	References

