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Summary

I Stochastic simulators are equivalent to probabilistic programs if we could
capture all randomness and perform conditioning. We introduce a framework that
enables this for any existing large-scale simulator code base in any language.

I We demonstrate it in a state-of-the-art particle physics simulator at a scale of
1M lines of C++ code and more than 25k latent variables.

I Amortized inference using LSTM-based dynamic proposal networks improves
sample efficiency and makes simulator-scale inference feasible.

Probabilistic Programming in Existing Simulators

Probabilistic programming allows one to define probabilistic models using general-
purpose programming languages [1]. A program defines the joint prior p(x,y) :=∏T

t=1 fat (xt|x1:t−1)
∏N

n=1 gn(yn|x≺n) of latents x and observables y, and inference ap-
proximates the posterior p(x|y) given observations y.
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Fig. 1. Examples of phenomena at various length scales described by a diverse set of simulators, each with an intractable likelihood. Contains image material from Refs. (4–8).

found in the Hamiltonian of a physical system, the viru-
lence and incubation rate of a pathogen, or fundamental
constants of Nature.

• The latent variables z that appear in the data-generating
process may directly or indirectly correspond to a phys-
ically meaningful state of a system, but typically this
state is unobservable in practice. The structure of the
latent space varies substantially between simulators. The
latent variables may be continuous or discrete and the
dimensionality of the latent space may be fixed or may
vary depending on the control flow of the simulator. The
simulation can freely combine deterministic and stochas-
tic steps. The deterministic components of the simulator
may be differentiable or may involve discontinuous control
flow elements. In practice, some simulators may provide
convenient access to the latent variables, while others are
effectively black boxes. Any given simulator may combine
these different aspects in almost any way.

• Finally, the output data x correspond to the observations.
They can range from a few unstructured numbers to high-
dimensional and highly structured data, such as images
or geospatial information.

Consider for instance the systems shown in Fig. 1. Parti-
cle physics processes often only depend on a small number
of parameters of interest such as particle masses or coupling
strengths. The latent process combines a high-energy inter-
action, rigorously described by a quantum field theory, with
the passage of the resulting particles through an incredibly
complex detector, most accurately modeled with stochastic
simulations with billions of latent variables; this second part
often does not depend on the parameters of interest. The
output data consist, in their raw form, of millions of sen-
sor read-outs, though there is an established pipeline that
compresses this raw data to tens to hundreds of observables.
Epidemiological simulations can be based on a network struc-
ture with geospatial properties, and the latent process consists
of many repeated structurally identical stochastic time steps.
In contrast, cosmological simulations of the evolution of the
Universe may consist of a highly structured stochastic initial
state followed by a smooth, deterministic time evolution.

These differences mean that there is no one-size-fits-all
inference method. In this review we aim to clarify the consid-
erations needed to choose the most appropriate approach for
a given problem.

B. Inference. Scientific inference tasks differ by what is being
inferred: given observed data x, is the goal to infer the input
parameters θ, or the latent variables z, or both? Sometimes
only a subset of the parameters (or latent variables) are of in-
terest, while the rest are nuisance parameters (i. e. parameters

that we are not directly interested in but must account for
because they influence the distributions of the data). We will
focus on the common problem of inferring θ and comment on
when methods also allow inference on z.

Inference may be performed either in a frequentist or a
Bayesian approach and may be limited to point estimates θ̂(x)
or extended to include a probabilistic notion of uncertainty.
In the frequentist case, confidence sets are formed from in-
verting hypothesis tests, often based on the likelihood ratio as
test statistic. In Bayesian inference, the goal is typically to
calculate the posterior

p(θ|x) = p(x|θ) p(θ)∫
dθ′ p(x|θ′) p(θ′)

[1]

for observed data x and a given prior p(θ). In both cases the
likelihood function p(x|θ) is a key ingredient.

The fundamental challenge for simulation-based inference
problems is that the likelihood function p(x|θ) implicitly de-
fined by the simulator is typically not tractable, as it corre-
sponds to an integral over all possible trajectories through the
latent space, i. e. all possible execution traces of the simulator.
That is,

p(x|θ) =
∫

dz p(x, z|θ) , [2]

where p(x, z|θ) is the joint probability density of data x
and latent variables z. For a simple sequential data gen-
eration procedure, the joint likelihood can be written as
p(x, z|θ) = p(x|θ, z)

∏
i
pi(zi|θ, z<i). For real-life simulators

with large latent spaces, it is clearly impossible to compute
this integral explicitly. Since the likelihood function is the
central ingredient to both frequentist and Bayesian inference,
this is a major challenge for inference in many fields. This
paper reviews simulation-based or likelihood-free inference
techniques that enable frequentist or Bayesian inference de-
spite this intractability.

There is a second, more widely appreciated source of in-
tractability. In the case of Bayesian inference, the evidence—
the denominator of Eq. (1)—involves an integral over the
parameters θ. In problems with high-dimensional parameters
this becomes intractable, independently of the intractability of
the likelihood function. This challenge is commonly addressed
with Markov Chain Monte Carlo (MCMC) methods (9, 10) or
variational inference (VI) (11).

In practice, an important distinction is that between in-
ference based on a single observation, and that based on
multiple independent and identically distributed (i.i.d.) obser-
vations. In the second case, the likelihood factorizes into
individual likelihood terms for each i.i.d. observation, as
p(x|θ) =

∏
i
pindividual(xi|θ). For example, time-series data
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Many domains of science have complex simulators that describe the current best
understanding of phenomena [2]. Building on our previous preliminary work [3], our
work enables the execution of existing, large-scale simulator codes as prob-
abilistic programs with minimal alteration. We do this by catching all random
number calls as an execution trace and conditioning on observed data.

How Do We Record Execution Traces?

PyProb
We introduce PyProb, a new universal probabilistic program-
ming system designed to work with existing simulators in any
language. It supports distributed training and inference in
simulators using PyTorch MPI.
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PyProb connects to simulators using the new Probabilistic Programming eXecution
(PPX) protocol based on Flatbuffers (supporting C++, C#, Go, Java, JavaScript, PHP,
Python, TypeScript, Rust, Lua, and others). We release PPX as a separate project
and a probabilistic programming analog of ONNX.

PPX replaces simulator’s random number generator so that we can
I record an execution trace {(xt)Tt=1, (yn)Nn=1} sampled from simulator prior p(x,y)
I or guide simulator execution by sampling from proposals q(xt|·) at runtime.

Use Case: Particle Physics

We study τ (tau) lepton decay in the Standard Model of Particle Physics, which
is a key ingredient in establishing the properties of the Higgs boson. We use the
state-of-the-art Sherpa simulator coupled to a fast calorimeter implementation, both
in C++, and connect these to PyProb.
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Figure 7: Steps of constructing the IC posterior for a Channel 22 GT event (τ → ντK
−K−K+, last

test case in Figure 2). The IC proposal (top row) is produced by the trained inference network. It is
then weighted using Equation 3, giving IC posterior (middle row). The corresponding true posterior
from RMH (MCMC) baseline is given below (bottom row). Note that the shown variables are just a
subset of the full latent variables available in each case. The effect of “prior inflation” can be seen
in the proposal mode of Channel 22 which the NN proposes as the most likely (i.e., mode of the
proposal). However after importance weighting the IC posterior matches the true posterior from
RMH (MCMC) where Channel 22 has very low (but non-zero) posterior probability due to the prior
model.
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Figure 8: Top: branching ratios of the τ lepton, effectively the prior distribution of the decay channels
in SHERPA. Note that the scale is logarithmic. Bottom: Feynman diagrams for τ decays illustrating
that these can produce multiple detected particles.

18Markov Chain Monte Carlo (MCMC) Baseline

We obtain MCMC baselines in Sherpa’s
latent space using Random-Walk
Metropolis Hastings (RMH), and
establish convergence using MCMC di-
agnostics. This is the first time Bayesian
inference in a full particle-physics latent-
model (as defined by the Sherpa code
base) has been performed. We found
the entire latent space to contain at least
25k addresses.a Autocorrelation scale is
typically around 105 iterations.
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aThe simulator defines an unlimited number of latents due to the universal (Turing-complete) nature of the host language
and the presence of sampling loops.

Inference Results

RMH baseline and inference compilation (IC) results where a Channel 2 decay event
(τ → ντπ

−) is the mode of the posterior distribution (a selected subset of latents).
RMH and IC took 115 hours and 30 minutes respectively. IC uses importance
sampling with learned proposals; it (1) provides non-autocorrelated samples from
the posterior, and (2) is embarrassingly parallel.
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We use inference compilation (IC) [4],
where an LSTM-based NN is trained
with traces sampled from simulator prior
p(x,y) to parameterize proposal distribu-
tions q(x|y) in importance sampling. The
NN is dynamic: (1) at training, embedding
and proposal layers get created as new
latents are encountered in executions; (2)
at inference, layers are rearranged on-
the-fly to match simulator execution.

Sherpa proposal NN has 143M parame-
ters and a 3D-CNN observation embed-
ding for the particle detector.

Interpretability

Inputs Simulated data 
(detector response)

Real world system (e.g., Large Hadron Collider)

Observed data 
(detector response)

Latents

Inputs
Generative model / simulator (e.g., Sherpa, Geant)

Posterior

Likelihood Prior

10 most frequent execution traces
START A11.000 A21.000 A31.000 A41.000 A51.000 A61.000 A261.000

0.784

A90.216
0.464

A100.536

0.437

A15

0.378

A11
0.185

A161.000

A20

0.672

A17

0.328
A211.000 A221.000 A231.000 A241.000 A251.000 END1.000

A121.000 A131.000 A141.000 1.000 0.500

A180.500 A191.000 1.000

25 most frequent execution traces

START A11.000 A21.000 A31.000 A41.000 A51.000 A61.000

A260.925

A7

0.068

A27

0.007

0.788

A9
0.212
0.461

A10

0.419

0.115

0.006

0.470

A15

0.319

A11

0.208

A31

0.004

0.017
A16

0.966

A390.017

A20
0.608

A17

0.392

A211.000 A221.000 A231.000 A241.000 A251.000 END1.000

A121.000 A131.000

0.149

A14
0.851

0.851

0.149

0.500 A18
0.500

A191.000
0.851

0.149

A81.000

0.125
0.875

A401.000 A411.000 A421.000 A431.000
1.000

A281.000 A291.000 A301.000

0.250

0.750

1.000

100 most frequent execution traces

START A11.000 A21.000 A31.000 A41.000 A51.000 A61.000

A260.814

A7

0.091

A27

0.095

0.789

A9
0.211
0.143

A10

0.131

0.085

0.641

0.510

A15

0.266

A11

0.192

A31
0.032

0.043

A16

0.917

A39
0.040

0.012

A20

0.599

A17
0.386

0.004 A211.000 A221.000 A231.000 A241.000 A251.000 END1.000
A121.000 A131.000

0.211
A14

0.785

A450.005
0.757

0.209

0.034

0.500

A18

0.500

A191.000

0.787

0.208

A46

0.005

A81.000

0.125
0.875

0.057

A400.943 A411.000 A421.000

0.146

A43
0.854 0.9430.057

A281.000 A291.000 A301.000

0.221

0.779

0.846
0.077

A320.077 A331.000 A341.000

A350.250

A44

0.750
A36

1.000

0.464

A370.536 A381.000

0.400

0.600

1.000

0.500

0.500

A471.000

0.500

0.500

250 most frequent execution traces

START A11.000 A21.000 A31.000 A41.000 A51.000 A61.000

A260.723

A7
0.098

A27

0.179

0.803

A9
0.197
0.076

A10

0.064

0.073

0.787

0.548 A15

0.219

A11
0.188

A31
0.045

0.084
A16

0.842

A390.075 0.030

A20

0.562

A17

0.397

0.009

A57

0.003

A211.000 A221.000 A231.000 A241.000 A251.000 END1.000

A121.000 A131.000

0.249

A14

0.724

A45

0.019

A560.007 0.664

0.246

0.088

0.002

0.500

A18

0.500

A191.000

0.718

0.239

0.010
A46

0.021

A48

0.0070.005

A81.000

0.125

0.875

0.107

A40

0.893

A41
0.959

A55

0.041

A42
1.000

0.177

A43

0.823

0.008

0.884

0.107

A281.000 A291.000 A301.000

0.220

0.780

0.745

0.128

A320.128

0.079

0.035
0.005

0.005

0.876

A471.000
0.8330.167

1.000

A331.000 A341.000

A35
0.196

A440.804 A36
1.000

0.559

A370.441 A381.000

0.508

0.048

0.444

1.000

A491.000 A501.000

0.538

A510.462

0.538

A520.462

0.500 A53
0.500

A541.000
0.462

0.538

1.000

A581.000 A591.000 A601.000 0.333

0.667

We open the black box
and discover the latent
structure of the probabilis-
tic model implicitly defined
by the simulator code base.

All latents can be pinpointed
to locations in the code
base. Inference results are
highly interpretable as we
get to see the exact loca-
tions and processes in the
model that are associated
with each prediction.
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