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A typical science experiment
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0

Credits: Johann Brehmer.

A 4

Simulator

Latent z

Prediction:

Well-understood mechanistic model

Simulator can generate samples

Inference:

Likelihood function p(x|€) is intractable

Inference based on estimator p(x|0)

Observables
T
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Particle physics

Parameters Simulator Observables
0 > Latent z > T
SM with Simulated observables x Real observations x

parameters




Features

Observables

Parameters
of interest

Detector Shower  Parton-level Theory
interactions splittings momenta parameters

Latent variables

€Tr =

p(z|0) =

/// (2p|0)p(2s|2p)P(2a| 25 )p(2|20) d2pdzsdzg

1ntractable' !
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Ingredients

Statistical inference requires the computation of key ingredients, such as

e the likelihood p(z|6),

e the likelihood ratio 7(z|0y, 0;) = %IZ?;

e orthe posterior p(0|x).

In the simulator-based scenario, each of these ingredients can be approximated
with modern machine learning techniques, even if none are tractable during

training!
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CARL

Supervised learning provides a way to automatically learn p(z|6y) /p(z|61):

e Letusconsider aneural network classifier § tasked to distinguish
x; ~ p(x|6) labelled y; = 0 fromx; ~ p(x|01) labelled y; = 1.

e Train § by minimizing the cross-entropy loss.

Ye, S(x|69, 61)

— 5(x|60, 61)
Xe ~ p(x|8 =60 =0.0)
Xe ~ p(x|0=01=0.6)

"o ® o

Cranmer, Pavez and Louppe, 2015 [arXiv:1506.02169].
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https://arxiv.org/abs/1506.02169

The solution § found after training approximates the optimal classifier

()~ s () —  P(xl01)
@)~ 5 (@) = i80) + p(alfn)

Therefore,
1— 5(x)

7“(:13|(90,91) ~ 'f'(w‘eo,el) = W.

Cranmer, Pavez and Louppe, 2015 [arXiv:1506.02169]. 10/23


https://arxiv.org/abs/1506.02169

parameter 6

O
latent 2 approximate
likelihood
. ratio
- argmin L[g] — 7(z|0) —>
i/ ML g
Simulation Machine Learning Inference

Cranmer, Pavez and Louppe, 2015 [arXiv:1506.02169]. 11/23


https://arxiv.org/abs/1506.02169

Feed forward models Sequence Prediction SquSeq Attention & Pointers

EE it I

Temporal Hierarchies

QOO . -

Figure credits: Jeff Dean, Chris Olah, Santoro et al 2016, Koutnik et al 2014, van
den Oord et al 2016, Miller et al 2016, Vinyals et al 2016, Vaswani et al 2017

Supervised classification is equivalent to likelihood ratio estimation,
therefore the whole Deep Learning toolbox can be used for inference!

Credits: Oriol Vinyals, 2020.
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https://twitter.com/OriolVinyalsML/status/1212422497339105280

There is more...

Method Simulate . (';;;r?f; 2) NN estimates  Asympt.exact Generative
ROLR by ~ w(0),0 v 7(x|0p, 61) v
CASCAL 6y ~ 71'(9), v 7(x|fo, 61) v
ALICE 6o ~ w(8), 61 v 7(x|fo, 01) v
RASCAL 6y ~ 7(6), 6, v v 7(xz|6o,61) v
ALICES 69 ~ w(0), 61 v v 7(x|fo, 01) v
SCANDAL 0 ~ m(0) v p(x|0) v v
SALLY Ot v t(x|Oref) in local approx.
SALLINO Oref v t(x|0yef) in local approx.

Brehmer, Louppe, Pavez and Cranmer, 2018 [arXiv:1805.12244].


https://arxiv.org/abs/1805.12244

Bayesian inference

Bayesian inference = computing the e

posterior

p(x|6)p(9)

V4

Doubly intractable in the likelihood-free scenario:

e Cannot evaluate the likelihood p :13\6’ = [p(z,2|0)dz

e Cannot evaluate the evidence p(z) = [ p(z|0)p(0)d6.
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Approximate Bayesian Computation (ABC)

_l

Summary Summary Observed
Prior Parameters Simulator Observables  statistics statistics data
/
p(f) — § ——> ——sx — 2 Tops —— Tobs
/ ! -
Keep < = ||x" — zapel| < €7

Parameters sampled from
approximate posterior

0"~ p(o|xl,.)

“obs

Issues

e Howtochoosez'?¢€?|| - ||?

e No tractable posterior.

e Need to run new simulations for new data or new prior.

Credits: Johann Brehmer.



Amortizing Bayes

The Bayes rule can be rewritten as

p(0lz) = PE2O) _ 0 10)p(0) ~ 7 (210)p(0),

p(z)

where r(x|0) = p}g"(’“g) is the likelihood-to-evidence ratio.

The likelihood-to-evidence ratio can be learned with a neural network tasked to
distinguish  ~ p(z|6) fromx ~ p(z).

This enables direct and amortized posterior evaluation.

Algorithm 1 Optimization of d(x, ).

Inputs: Criterion / (e.g., BCE)

Implicit generative model p(x | 6) Ve
Prior p(0)
Outputs: Parameterized classifier d(x, 6) /
Hyperparameters: ~ Batch-size M x \ 7 (X | 9) — d(x,8)
1: while not converged do \ 1—d(x,8)
2:  Sample 8 + {0, ~ p(6)}M - T
3 Sample 6’ « {6, ~ p(0)}M_, / |—
4: Simulate x <+ {x,, ~ p(x| Bm)} o ; 5
5 L U(dy(x,0), 1)+ U(dy(x,0), 0) 6 N\ / d(x, 0)
6 ¢ < OPTIMIZER(, VL)
7: end while

8: returndy

Hermans, Begy and Louppe, 2019 [arXiv: 1903.04057]; Brehmer, Mishra-Sharma, Hermans, Louppe, and Cranmer, 2019 [arXiv:1909.02005]. 16/23


https://arxiv.org/abs/1903.04057
https://arxiv.org/abs/1909.02005
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(@D Hunting new physics at particle gl !
colliders

The goalis to constrain two EFT parameters
and compare against traditional histogram

analysis.
Exciting new physics might hide here!
We parameterize it with two EFT coefficients:
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@ Dark matter substructure from gravitational lensing

galaxy

galaxy cluster

distorted light-rays

The number of dark
matter subhalos and
their mass and location
lead to complex latent

space of eachimage.The § =

goal is the inference of 12 ]

population parameters o |
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Brehmer, Mishra-Sharma, Hermans, Louppe, and Cranmer, 2019 [ 1. 18/23


https://arxiv.org/abs/1909.02005
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Brehmer, Mishra-Sharma, Hermans, Louppe, and Cranmer, 2019 [arXiv:1909.02005]. 19/23


https://arxiv.org/abs/1909.02005

@ Constraining the WDM particle mass

CDM ' WDM

Dark matter subhalos cause disturbances in the density of stellar streams.

Therefore, observations of stellar streams may be used to constrain the mass of
the dark matter particle.
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@ Fast parameter estimation for gravitational waves
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Summary

e Much of modern science is based on "likelihood-free" simulations.

e The likelihood-ratio is central to many statistical inference procedures,
regardless of your religion.

e Supervised learning enables likelihood-ratio estimation.

o Better likelihood-ratio estimates can be achieved by mining simulators.

Simulator

Parameters Observables

g > Latent z > T
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The end.
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