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EXPLORING THE HIGH ENERGY FRONTIER 

‣ The discovery of the Higgs boson at the LHC in 2012 opened a new era of exploration of the high energy 
frontier at particle colliders with new Yukawa force still largely unknown and many puzzles that the SM 
cannot explain (dark matter, neutrino mass, matter-antimatter asymmetry, gravity…) 

‣ LHC rapidly evolving to a precision machine, capable of measuring small deviations over SM predictions 
‣ Extremely precise and highly correlated data and complex theoretical predictions  

CMS-HIG-19-006ATLAS 1901.5527

10-50% error & 
H self-coupling 

unknown
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EXPLORING THE HIGH ENERGY FRONTIER 

A Living Review of Machine 
Learning for Particle Physics 
https://iml-wg.github.io/HEPML-LivingReview/

Modern machine learning is  
driving a paradigm shift in  

all aspects of theoretical  predictions 
and phenomenology analyses.

‣ The discovery of the Higgs boson at the LHC in 2012 opened a new era of exploration of the high energy 
frontier at particle colliders with new Yukawa force still largely unknown and many puzzles that the SM 
cannot explain (dark matter, neutrino mass, matter-antimatter asymmetry, gravity…) 

‣ LHC rapidly evolving to a precision machine, capable of measuring small deviations over SM predictions 
‣ Extremely precise and highly correlated data and complex theoretical predictions  
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OUTLINE

MACHINE LEARNING 
PARTICLE PHYSICS 

 PHENOMENOLOGY AND THEORY

Intro & Part I & Part II

Part III

• Uncertainty quantification 
• Symmetries 
• Interpretability 

• Theory predictions  
at the LHC 

• Application of ML  
to parton level 
predictions 

• Beyond parton  
level predictions



MACHINE LEARNING 
PARTICLE PHYSICS 

 PHENOMENOLOGY AND THEORY

Intro

• Theory predictions  
at the LHC
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EXPERIMENTAL DATA AT THE LHC
• Huge volume of data 
• High-level and low-level 

triggers 
• Increased luminosity goes 

with large pile-up 

• Must process the events to 
give theorists useful, robust 
and least possible biassed 
information 

• Must make data reusable 
for reinterpretation 

Jennifer Ngadiuba’s  
summary talk
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Likelihood Prior

Evidence

THEORY PREDICTIONS AT THE LHC 

P (T |D) ⇡ P (~↵|D) =
P (D|~↵)P (~↵)

P (D)

<latexit sha1_base64="PzsJgEBKuJ1HHilFAWoSq334AWw="></latexit>

• All we want is the probability of a given theory T given some data D 
• In Bayesian terms 



THEORY PREDICTIONS AT THE LHC 

Likelihood Prior

Evidence

• All we want is the probability of a given theory T given some data D 
• In Bayesian terms 

• Consider theoretical predictions at the LHC 
• The likelihood itself at the LHC is extremely complicated

P (T |D) ⇡ P (~↵|D) =
P (D|~↵)P (~↵)

P (D)

<latexit sha1_base64="PzsJgEBKuJ1HHilFAWoSq334AWw="></latexit>
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Quantum theory 
Lagrangian 𝓛 (SM, SM + EFT, BSM) 

THEORY PREDICTIONS AT THE LHC
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Quantum theory 
Lagrangian 𝓛 (SM, SM + EFT, BSM) 

Scattering  
amplitudes

Phase space 
integration

PDFs  
(proton structure)

THEORY PREDICTIONS AT THE LHC

Parton level
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THEORY PREDICTIONS AT THE LHC

Quantum theory 
Lagrangian 𝓛 (SM, SM + EFT, BSM) 

QCD and QED radiation 
(Parton Showers)

Fragmentation,  
Hadronisation, Jets Particle level

Parton level
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Quantum theory 
Lagrangian 𝓛 (SM, SM + EFT, BSM) 

QCD and QED radiation 
(Parton Showers)

Fragmentation,  
Hadronisation, Jets

Detector  
simulation

Event reconstruction 
and selection

THEORY PREDICTIONS AT THE LHC

Detector level

Particle level

Parton level
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Scattering  
amplitudes

Phase space 
integration

PDFs  
(proton structure)



MACHINE LEARNING 
PARTICLE PHYSICS 

 PHENOMENOLOGY AND THEORY

• Application of ML  
to parton level 
predictions 
(1) matrix elements 
(2) phase space 
(3) parton distribution      
functions 
(4) parameter 
determination 

Part I



PARTON LEVEL PREDICTIONS

d� ⇡ |Aij!1...n(x)|2 ⇥ d�n ⇥ fp/i ⇥ fp/j

<latexit sha1_base64="a/OUvAC1PWtULpQ1w0CaZVheitU="></latexit>

(1) Scattering amplitude (2) n-particles 
phase space

(3) Parton Distribution 
Functions

(4) SM & BSM parameters 

g

g
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d� ⇡ |Aij!1...n(x)|2 ⇥ d�n ⇥ fp/i ⇥ fp/j

<latexit sha1_base64="a/OUvAC1PWtULpQ1w0CaZVheitU="></latexit>
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• Regression problem =  Exploit NN flexibility to speed up computation of amplitudes:  train ML 
regressors (NNs, or ensemble of NNs) with pre-computed “true” (slow) amplitudes for phase space 
points x, and use them to predict same amplitudes accurately and fast  [arXiv:1912.11055, 2002.07516, 
2006.16273, 2008.10949, 2105.04898, 2106.09474, 2109.11964, 2206.08901,2302.04005,2301.13562, 2306.07226 …]

Maitre, Troung arXiv: 2302.04005

(1) ML & AMPLITUDES

gg ! ��

<latexit sha1_base64="6hLVVCEaRimueBvw/zVLY2/69gc=">AAAB/HicbVDLSsNAFL2pr1pf0S7dDBbBVUlE0WXRjcsK9gFNKJPpJB06k4SZiRBC/RU3LhRx64e482+ctllo64EZDufcy733BClnSjvOt1VZW9/Y3Kpu13Z29/YP7MOjrkoySWiHJDyR/QAryllMO5ppTvuppFgEnPaCye3M7z1SqVgSP+g8pb7AUcxCRrA20tCuRxHydIK8CAuBF//QbjhNZw60StySNKBEe2h/eaOEZILGmnCs1MB1Uu0XWGpGOJ3WvEzRFJMJjujA0BgLqvxivvwUnRplhMJEmhdrNFd/dxRYKJWLwFQKrMdq2ZuJ/3mDTIfXfsHiNNM0JotBYcaRuXaWBBoxSYnmuSGYSGZ2RWSMJSba5FUzIbjLJ6+S7nnTvWhe3l80WjdlHFU4hhM4AxeuoAV30IYOEMjhGV7hzXqyXqx362NRWrHKnjr8gfX5Ay6slHw=</latexit>

gg ! �� g

<latexit sha1_base64="Ydii0FVw4sgQrOSYCDurf4xxd5g=">AAAB/3icbVDLSsNAFL3xWesrKrhxM1gEF1ISqeiy6MZlBfuAJpTJdJIOnUnCzEQosQt/xY0LRdz6G+78G6dtFtp6YIbDOfdy7z1BypnSjvNtLS2vrK6tlzbKm1vbO7v23n5LJZkktEkSnshOgBXlLKZNzTSnnVRSLAJO28HwZuK3H6hULInv9SilvsBRzEJGsDZSzz6MIuTpBHkRFgIX/1nUsytO1ZkCLRK3IBUo0OjZX14/IZmgsSYcK9V1nVT7OZaaEU7HZS9TNMVkiCPaNTTGgio/n+4/RidG6aMwkebFGk3V3x05FkqNRGAqBdYDNe9NxP+8bqbDKz9ncZppGpPZoDDjyBw8CQP1maRE85EhmEhmdkVkgCUm2kRWNiG48ycvktZ51a1VL+5qlfp1EUcJjuAYTsGFS6jDLTSgCQQe4Rle4c16sl6sd+tjVrpkFT0H8AfW5w8ehpWJ</latexit>

gg ! �� g g

<latexit sha1_base64="wVcPyhBs8xIrX14ax19rdWIEM4g=">AAACAnicbVDLSgMxFL3js9bXqCtxEyyCCykzUtFl0Y3LCvYBnaFk0sw0NJkZkoxQhuLGX3HjQhG3foU7/8a0nYW2XpLL4Zx7Sc4JUs6Udpxva2l5ZXVtvbRR3tza3tm19/ZbKskkoU2S8ER2AqwoZzFtaqY57aSSYhFw2g6GNxO9/UClYkl8r0cp9QWOYhYygrWhevZhFCFPJ8iLsBC46GeROT274lSdaaFF4BagAkU1evaX109IJmisCcdKdV0n1X6OpWaE03HZyxRNMRniiHYNjLGgys+nFsboxDB9FCbS3FijKft7I8dCqZEIzKTAeqDmtQn5n9bNdHjl5yxOM01jMnsozDgynid5oD6TlGg+MgATycxfERlgiYk2qZVNCO685UXQOq+6terFXa1Svy7iKMERHMMpuHAJdbiFBjSBwCM8wyu8WU/Wi/VufcxGl6xi5wD+lPX5AxE/lpY=</latexit>

Aylett-Bullock et al, arXiv: 2106.09474

|Aij!1...n(x)|2true ⇡ |Aij!1...n(x)|2NN

<latexit sha1_base64="8pwjFvXhaRER6JM3aDfNTkgnwoI="></latexit>

NN outperforming 
num. simulation for 
high multiplicities 

QED
7/33
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• To generate higher-order scattering amplitudes, ML regressors (ML surrogates) must be precise 
enough to reflect the underlying theory precision.  

• Reliable uncertainty estimate is key to use ML surrogates. How to quantify uncertainty? 
• Heteroscedastic losses (including unknown uncertainty in the loss and learning it in deterministic NN), 

Bayesian NN (BNNs) and Repulsive Ensembles (REs) can be used to track systematic and statistical 
uncertainties and their performance benchmarked [arXiv:2206.14831, 2412.12069 …]

Bayesian NNs Repulsive ensembles

(1) ML & AMPLITUDES

Elmer et al, arXiv: 2412.12069



• Multi-loop integrals =  Amplitudes beyond 
leading order contain loop integrals, and ML can 
optimise the computation of integrals.  

• Integrable singularities on real axis → contour 
deformation into complex plane.  

• NN-assisted algorithms (based on normalising 
flows) offer great potential to amplify precision of 
standard contour deformation algorithms.    
[Winterhalder  et al 2112.09145] 

• See also [Calisto et al 2312.02067] and [Maitre et al 

2211.02834] for alternative approach to compute 
Feynman integrals by solving numerically the 
differential equations satisfied by the Feynman 
integrals

(1) ML & AMPLITUDES

|Aij!1...n(x)|2true ⇡ |Aij!1...n(x)|2NN

<latexit sha1_base64="8pwjFvXhaRER6JM3aDfNTkgnwoI="></latexit>
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Dersy, Schwartz, Zhang, arXiv: 2206.04115

(1) ML & AMPLITUDES

• Integration of scattering amplitudes gives rise to generalised polylogarithms.   
• No classical algorithms to simplify expressions. Machine learning huge potential [Dersy, Schwartz, Zhang 2206.04115] 

➡ Reinforcement Learning: apply known identities like moves in a game and learn them by training. 
➡ Transformer Networks: learn to guess the answer by translating from complicated to simple 

• Similar techniques applied to simplify scattering amplitudes expressed in terms of spinor-helicity using transformers 
and contrastive learning [Cheung, Dersy, Schwartz 2408.04720]

Cheung, Dersy, Schwartz, arXiv: 2408.04720

Transformer trained on data generated by scrambling 
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• Use a NN transformer model to predict coefficients of elements in the symbols for scattering amplitudes in 
N = 4 planar Super Yang-Mills (SYM) theory [Cai, Merz et al, arXiv: 2405.06107] 

• Two-step learning: coefficient magnitude by grouping, then the true signs. 
• Model can predict the coefficients at loop L using only a small subset of related coefficients at loop (L − 1). 
• Extendable to other problems where multi-loop data encoded by symbols

Cai, Merz et al, arXiv: 2405.06107

(1) ML & AMPLITUDES

2 loops 8 loops



d� ⇡ |Aij!1...n(x)|2 ⇥ d�n ⇥ fp/i ⇥ fp/j

<latexit sha1_base64="a/OUvAC1PWtULpQ1w0CaZVheitU="></latexit>
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(2) ML & PHASE SPACE

Image credit @ T. Heimel, Pheno 2023

• Key task improve precision and efficiency of integration of squared amplitudes over phase space  
• Importance sampling and multi-channeling efficiency depend on suitability of variable transformation  

and on the judicious choice of channels 
• Standard VEGAS approach [G. P Lepage 1978]  adaptive importance sampling algorithms that fits bins with equal 

probability and varying width: cheap to implement but no correlations ⟹ struggles with multimodal functions if 
peaks not aligned with coordinate axes.

�̂ ⇡
Z

�
|Aij!1...n|2d�n ! I =

Z

⌦
f(u0) du0

<latexit sha1_base64="ecWVJvDv/QjQl5QFshNxOFCJqWU="></latexit>

Naive Monte  
Carlo estimate 

Importance  
sampling 

Multi-
channeling 

I ⇡ EN =
1

N

NX

i=1

f(xi)

g(xi)
=

⌧
f

g

�

x⇠g(x)

<latexit sha1_base64="sPMaNHwVX41qv/OwdQkVa08LT30="></latexit>

I ⇡ EN =
1

N

NX

i=1

f(ui) = hfix

<latexit sha1_base64="Nofqv5YhyiTJ8dIgp2yMIZzKVcs="></latexit>

I ⇡ EN =
1

N

NcX

j=1

NX

i=1

↵j
f(xi)

gj(xi)
=

NcX

j=1

⌧
↵j

f

gj

�

x⇠gj(x)

<latexit sha1_base64="XMrhDUHmZOLqxZ8opQyQq6Tv8Mg="></latexit>
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(2) ML & PHASE SPACE
• Bijective Normalising Flows (NFs) chain of invertible, learnable transformations with exact likelihood from 

change of variables that allow to redistribute input of random variables z1 to the mapping functions zn and better 
adapt to integrands  
[Müller et al,1808.03856, Bothmann et al 2001.05478, Gao et al. 2001.05486, 2001.10028, Chen et al 2009.07819, Pina-Otey et al 2005.12719…] 

log p(zn|c) = log p(z1) + log

✓
det

@z1(zn; c)

@zn

◆

<latexit sha1_base64="7DGYJ75fPTGQr6DvCknIT448s/o="></latexit>

Image credit @ T. Heimel, Pheno 2023
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(2) ML & PHASE SPACE
• MadNIS framework combines standard automated event generator MadGraph with ML tools  

(Channel-Weight NN to encode local multichannel weights + Invertible NN = a NFs equally fast in both directions) 
to make computation faster and more accurate [Heimel, Winterhalter et al 2212.06172, 2311.01548, 2408.01486]

Heimel et al, 2311.01548

~10x improvements in 
accuracy and 

efficiency

I ⇡ EN =
1

N

NX

i=1

f(xi)PNc

j=1 ↵j(x)gj(xi)
=

X

j

⌧
↵j(x)

f(x)

gj(x)

�

x⇠gj(x)

<latexit sha1_base64="btauSMv6dSAA0aiCp1FzciTm05E="></latexit>

Channel weight from  
standard MadGraph x 
function parametrise by NN

Analytic mapping by MadGraph 
refined with NFs

I ⇡ EN =
1

N

NX

i=1

f(xi)PNc

j=1 ↵j(x)gj(xi)
=

X

j

⌧
↵j(x)

f(x)

gj(x)

�

x⇠gj(x)

<latexit sha1_base64="btauSMv6dSAA0aiCp1FzciTm05E=">AAACk3icbVFba9swGJW9W5vdvI0+7UUsDJKXYI/uAiMsdBtsDwsdLG0hyoSsyI5SWRaSPBKE/9B+Tt/6byY7hnXtPpA4nHO+T9JRqgQ3No4vg/DW7Tt37+3t9+4/ePjocfTk6YkpK03ZjJai1GcpMUxwyWaWW8HOlGakSAU7Tc8/NvrpL6YNL+UPu1VsUZBc8oxTYj2Fo99fEVFKlxv4GU/hGGWaUJfUblojUxXY8XFS/5zCHZ 8NNpgPa7eT1o3kppjWiAi1Ing92AzzZm9McAxb2xoiwTKLBJG5YPCK9e9QP7LtG9ZI83xlkW7N2G2Q4QXsNBz141HcFrwJkg70QVfHOLpAy5JWBZOWCmLMPImVXTiiLaeC1T1UGaYIPSc5m3soScHMwrWZ1vClZ5YwK7Vf0sKWvdrhSGHMtki9syB2Za5rDfk/bV7Z7N3CcakqyyTdHZRVAtoSNh8El1wzasXWA0I193eFdEV8UtZ/Y8+HkFx/8k1w8mqUHI5efz/sT466OPbAc/ACDEAC3oIJ+AKOwQzQIAreBB+CSXgQvg+Pwk87axh0Pc/APxV++wPjXMkH</latexit>



d� ⇡ |Aij!1...n(x)|2 ⇥ d�n ⇥ fp/i ⇥ fp/j

<latexit sha1_base64="a/OUvAC1PWtULpQ1w0CaZVheitU="></latexit>
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Parton  
Distribution  

Functions 

Amplitudes +  
Phase space  
integration

d�pp!ab =
X

i,j

fi ⌦ fj ⌦ d�̂ij!ab + ...
<latexit sha1_base64="oxyZj3/UrG0al+1Hz47FI59rqgU="></latexit>

• What is the probability that for a given event a parton i is carrying a fraction x1 of one proton’s momentum 
and parton j is carrying a fraction x2 of the other proton’s momentum? 

• Parton Distribution Functions (PDFs) carry this information and their uncertainty is crucial input at the LHC

Data

fi(x, µ)
<latexit sha1_base64="UoTvaXV9sum6U3SvyTEWy5B3kQ8=">AAAB8XicjVDLSgNBEOz1GeMr6tHLYBAiSNgVQY9BLx4jmAcmS5id9CZDZmaXmVkxhPyFFw+KePVvvPk3Th4HFQULGoqqbrq7olRwY33/w1tYXFpeWc2t5dc3Nre2Czu7dZNkmmGNJSLRzYgaFFxhzXIrsJlqpDIS2IgGlxO/cYfa8ETd2GGKoaQ9xWPOqHXSbdzhpfvjtsyOOoViUPanIH+TIsxR7RTe292EZRKVZYIa0wr81IYjqi1nAsf5dmYwpWxAe9hyVFGJJhxNLx6TQ6d0SZxoV8qSqfp1YkSlMUMZuU5Jbd/89Cbib14rs/F5OOIqzSwqNlsUZ4LYhEzeJ12ukVkxdIQyzd2thPWppsy6kPL/C6F+Ug78cnB9WqxczOPIwT4cQAkCOIMKXEEVasBAwQM8wbNnvEfvxXudtS5485k9+Abv7ROwMJBC</latexit><latexit sha1_base64="UoTvaXV9sum6U3SvyTEWy5B3kQ8=">AAAB8XicjVDLSgNBEOz1GeMr6tHLYBAiSNgVQY9BLx4jmAcmS5id9CZDZmaXmVkxhPyFFw+KePVvvPk3Th4HFQULGoqqbrq7olRwY33/w1tYXFpeWc2t5dc3Nre2Czu7dZNkmmGNJSLRzYgaFFxhzXIrsJlqpDIS2IgGlxO/cYfa8ETd2GGKoaQ9xWPOqHXSbdzhpfvjtsyOOoViUPanIH+TIsxR7RTe292EZRKVZYIa0wr81IYjqi1nAsf5dmYwpWxAe9hyVFGJJhxNLx6TQ6d0SZxoV8qSqfp1YkSlMUMZuU5Jbd/89Cbib14rs/F5OOIqzSwqNlsUZ4LYhEzeJ12ukVkxdIQyzd2thPWppsy6kPL/C6F+Ug78cnB9WqxczOPIwT4cQAkCOIMKXEEVasBAwQM8wbNnvEfvxXudtS5485k9+Abv7ROwMJBC</latexit><latexit sha1_base64="UoTvaXV9sum6U3SvyTEWy5B3kQ8=">AAAB8XicjVDLSgNBEOz1GeMr6tHLYBAiSNgVQY9BLx4jmAcmS5id9CZDZmaXmVkxhPyFFw+KePVvvPk3Th4HFQULGoqqbrq7olRwY33/w1tYXFpeWc2t5dc3Nre2Czu7dZNkmmGNJSLRzYgaFFxhzXIrsJlqpDIS2IgGlxO/cYfa8ETd2GGKoaQ9xWPOqHXSbdzhpfvjtsyOOoViUPanIH+TIsxR7RTe292EZRKVZYIa0wr81IYjqi1nAsf5dmYwpWxAe9hyVFGJJhxNLx6TQ6d0SZxoV8qSqfp1YkSlMUMZuU5Jbd/89Cbib14rs/F5OOIqzSwqNlsUZ4LYhEzeJ12ukVkxdIQyzd2thPWppsy6kPL/C6F+Ug78cnB9WqxczOPIwT4cQAkCOIMKXEEVasBAwQM8wbNnvEfvxXudtS5485k9+Abv7ROwMJBC</latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="ZNcyra/vK/tyIkadXggFeZrOmtI=">AAAB5nicbZBLSwMxFIXv1FetVatbN8EiVJAy40aXghuXFewD26Fk0kwbmmSG5I5Yhv4LNy4U8Se589+YPhbaeiDwcU5C7j1RKoVF3//2ChubW9s7xd3SXnn/4LByVG7ZJDOMN1kiE9OJqOVSaN5EgZJ3UsOpiiRvR+PbWd5+4saKRD/gJOWhokMtYsEoOusx7ova80VPZef9StWv+3ORdQiWUIWlGv3KV2+QsExxjUxSa7uBn2KYU4OCST4t9TLLU8rGdMi7DjVV3Ib5fOIpOXPOgMSJcUcjmbu/X+RUWTtRkbupKI7sajYz/8u6GcbXYS50miHXbPFRnEmCCZmtTwbCcIZy4oAyI9yshI2ooQxdSSVXQrC68jq0LuuBXw/ufSjCCZxCDQK4ghu4gwY0gYGGF3iDd896r97Hoq6Ct+ztGP7I+/wBdOKO4w==</latexit><latexit sha1_base64="nqL9neK5yGIh+Xi6xXBIud0eLXU=">AAAB5nicjVDLSgNBEOyNrxijRq9eBoMQQcKul3gUvHiMYB6YLGF20psMmZldZmbFsOQvvHhQxE/y5t84eRxUFCxoKKq66e6KUsGN9f0Pr7C2vrG5Vdwu7ZR39/YrB+W2STLNsMUSkehuRA0KrrBluRXYTTVSGQnsRJOrud+5R214om7tNMVQ0pHiMWfUOukuHvDaw1lfZqeDSjWo+wuQv0kVVmgOKu/9YcIyicoyQY3pBX5qw5xqy5nAWamfGUwpm9AR9hxVVKIJ88XFM3LilCGJE+1KWbJQv07kVBozlZHrlNSOzU9vLv7m9TIbX4Q5V2lmUbHlojgTxCZk/j4Zco3MiqkjlGnubiVsTDVl1oVU+l8I7fN64NeDGx+KcATHUIMAGnAJ19CEFjBQ8AjP8OIZ78l7XcZV8Fa5HcI3eG+feSaO5g==</latexit><latexit sha1_base64="pHfhUa5E/rmkAYBee/OPfxT6pq8=">AAAB8XicjVDLSgNBEOyNrxhfUY9eBoMQQcKuFz0GvXiMYB6YhDA7mU2GzMwuM71iWPIXXjwo4tW/8ebfOHkcVBQsaCiquunuChMpLPr+h5dbWl5ZXcuvFzY2t7Z3irt7DRunhvE6i2VsWiG1XArN6yhQ8lZiOFWh5M1wdDn1m3fcWBHrGxwnvKvoQItIMIpOuo16onx/0lHpca9YCir+DORvUoIFar3ie6cfs1RxjUxSa9uBn2A3owYFk3xS6KSWJ5SN6IC3HdVUcdvNZhdPyJFT+iSKjSuNZKZ+nciosnasQtepKA7tT28q/ua1U4zOu5nQSYpcs/miKJUEYzJ9n/SF4Qzl2BHKjHC3EjakhjJ0IRX+F0LjtBL4leDaL1UvFnHk4QAOoQwBnEEVrqAGdWCg4QGe4Nmz3qP34r3OW3PeYmYfvsF7+wSu8JA+</latexit><latexit sha1_base64="UoTvaXV9sum6U3SvyTEWy5B3kQ8=">AAAB8XicjVDLSgNBEOz1GeMr6tHLYBAiSNgVQY9BLx4jmAcmS5id9CZDZmaXmVkxhPyFFw+KePVvvPk3Th4HFQULGoqqbrq7olRwY33/w1tYXFpeWc2t5dc3Nre2Czu7dZNkmmGNJSLRzYgaFFxhzXIrsJlqpDIS2IgGlxO/cYfa8ETd2GGKoaQ9xWPOqHXSbdzhpfvjtsyOOoViUPanIH+TIsxR7RTe292EZRKVZYIa0wr81IYjqi1nAsf5dmYwpWxAe9hyVFGJJhxNLx6TQ6d0SZxoV8qSqfp1YkSlMUMZuU5Jbd/89Cbib14rs/F5OOIqzSwqNlsUZ4LYhEzeJ12ukVkxdIQyzd2thPWppsy6kPL/C6F+Ug78cnB9WqxczOPIwT4cQAkCOIMKXEEVasBAwQM8wbNnvEfvxXudtS5485k9+Abv7ROwMJBC</latexit><latexit sha1_base64="UoTvaXV9sum6U3SvyTEWy5B3kQ8=">AAAB8XicjVDLSgNBEOz1GeMr6tHLYBAiSNgVQY9BLx4jmAcmS5id9CZDZmaXmVkxhPyFFw+KePVvvPk3Th4HFQULGoqqbrq7olRwY33/w1tYXFpeWc2t5dc3Nre2Czu7dZNkmmGNJSLRzYgaFFxhzXIrsJlqpDIS2IgGlxO/cYfa8ETd2GGKoaQ9xWPOqHXSbdzhpfvjtsyOOoViUPanIH+TIsxR7RTe292EZRKVZYIa0wr81IYjqi1nAsf5dmYwpWxAe9hyVFGJJhxNLx6TQ6d0SZxoV8qSqfp1YkSlMUMZuU5Jbd/89Cbib14rs/F5OOIqzSwqNlsUZ4LYhEzeJ12ukVkxdIQyzd2thPWppsy6kPL/C6F+Ug78cnB9WqxczOPIwT4cQAkCOIMKXEEVasBAwQM8wbNnvEfvxXudtS5485k9+Abv7ROwMJBC</latexit><latexit sha1_base64="UoTvaXV9sum6U3SvyTEWy5B3kQ8=">AAAB8XicjVDLSgNBEOz1GeMr6tHLYBAiSNgVQY9BLx4jmAcmS5id9CZDZmaXmVkxhPyFFw+KePVvvPk3Th4HFQULGoqqbrq7olRwY33/w1tYXFpeWc2t5dc3Nre2Czu7dZNkmmGNJSLRzYgaFFxhzXIrsJlqpDIS2IgGlxO/cYfa8ETd2GGKoaQ9xWPOqHXSbdzhpfvjtsyOOoViUPanIH+TIsxR7RTe292EZRKVZYIa0wr81IYjqi1nAsf5dmYwpWxAe9hyVFGJJhxNLx6TQ6d0SZxoV8qSqfp1YkSlMUMZuU5Jbd/89Cbib14rs/F5OOIqzSwqNlsUZ4LYhEzeJ12ukVkxdIQyzd2thPWppsy6kPL/C6F+Ug78cnB9WqxczOPIwT4cQAkCOIMKXEEVasBAwQM8wbNnvEfvxXudtS5485k9+Abv7ROwMJBC</latexit><latexit sha1_base64="UoTvaXV9sum6U3SvyTEWy5B3kQ8=">AAAB8XicjVDLSgNBEOz1GeMr6tHLYBAiSNgVQY9BLx4jmAcmS5id9CZDZmaXmVkxhPyFFw+KePVvvPk3Th4HFQULGoqqbrq7olRwY33/w1tYXFpeWc2t5dc3Nre2Czu7dZNkmmGNJSLRzYgaFFxhzXIrsJlqpDIS2IgGlxO/cYfa8ETd2GGKoaQ9xWPOqHXSbdzhpfvjtsyOOoViUPanIH+TIsxR7RTe292EZRKVZYIa0wr81IYjqi1nAsf5dmYwpWxAe9hyVFGJJhxNLx6TQ6d0SZxoV8qSqfp1YkSlMUMZuU5Jbd/89Cbib14rs/F5OOIqzSwqNlsUZ4LYhEzeJ12ukVkxdIQyzd2thPWppsy6kPL/C6F+Ug78cnB9WqxczOPIwT4cQAkCOIMKXEEVasBAwQM8wbNnvEfvxXudtS5485k9+Abv7ROwMJBC</latexit><latexit sha1_base64="UoTvaXV9sum6U3SvyTEWy5B3kQ8=">AAAB8XicjVDLSgNBEOz1GeMr6tHLYBAiSNgVQY9BLx4jmAcmS5id9CZDZmaXmVkxhPyFFw+KePVvvPk3Th4HFQULGoqqbrq7olRwY33/w1tYXFpeWc2t5dc3Nre2Czu7dZNkmmGNJSLRzYgaFFxhzXIrsJlqpDIS2IgGlxO/cYfa8ETd2GGKoaQ9xWPOqHXSbdzhpfvjtsyOOoViUPanIH+TIsxR7RTe292EZRKVZYIa0wr81IYjqi1nAsf5dmYwpWxAe9hyVFGJJhxNLx6TQ6d0SZxoV8qSqfp1YkSlMUMZuU5Jbd/89Cbib14rs/F5OOIqzSwqNlsUZ4LYhEzeJ12ukVkxdIQyzd2thPWppsy6kPL/C6F+Ug78cnB9WqxczOPIwT4cQAkCOIMKXEEVasBAwQM8wbNnvEfvxXudtS5485k9+Abv7ROwMJBC</latexit><latexit sha1_base64="UoTvaXV9sum6U3SvyTEWy5B3kQ8=">AAAB8XicjVDLSgNBEOz1GeMr6tHLYBAiSNgVQY9BLx4jmAcmS5id9CZDZmaXmVkxhPyFFw+KePVvvPk3Th4HFQULGoqqbrq7olRwY33/w1tYXFpeWc2t5dc3Nre2Czu7dZNkmmGNJSLRzYgaFFxhzXIrsJlqpDIS2IgGlxO/cYfa8ETd2GGKoaQ9xWPOqHXSbdzhpfvjtsyOOoViUPanIH+TIsxR7RTe292EZRKVZYIa0wr81IYjqi1nAsf5dmYwpWxAe9hyVFGJJhxNLx6TQ6d0SZxoV8qSqfp1YkSlMUMZuU5Jbd/89Cbib14rs/F5OOIqzSwqNlsUZ4LYhEzeJ12ukVkxdIQyzd2thPWppsy6kPL/C6F+Ug78cnB9WqxczOPIwT4cQAkCOIMKXEEVasBAwQM8wbNnvEfvxXudtS5485k9+Abv7ROwMJBC</latexit>

fi(x, µ)
<latexit sha1_base64="lU5j/KcQHF6dfAFFaeIfQpG1Nes=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRahgpTdKuix6MVjBfuB7VKyabYNTbJLkhXL0n/hxYMiXv033vw3pu0etPXBwOO9GWbmBTFn2rjut5NbWV1b38hvFra2d3b3ivsHTR0litAGiXik2gHWlDNJG4YZTtuxolgEnLaC0c3Ubz1SpVkk7804pr7AA8lCRrCx0kPYY+Wns65ITnvFkltxZ0DLxMtICTLUe8Wvbj8iiaDSEI617nhubPwUK8MIp5NCN9E0xmSEB7RjqcSCaj+dXTxBJ1bpozBStqRBM/X3RIqF1mMR2E6BzVAvelPxP6+TmPDKT5mME0MlmS8KE45MhKbvoz5TlBg+tgQTxeytiAyxwsTYkAo2BG/x5WXSrFa884p7d1GqXWdx5OEIjqEMHlxCDW6hDg0gIOEZXuHN0c6L8+58zFtzTjZzCH/gfP4ArHWQQQ==</latexit> Theory

(3) ML & PARTON DISTRIBUTION FUNCTIONS

• PDFs are universal 
• QCD predicts dependence of PDFs 

on energy 𝝁 
     ⇒ can extract PDFs from data
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• Given finite set of discrete Ndat experimental data points D want to determine some functions {f} at a given 
energy scale 𝝁0 that theoretical predictions depend on and estimate their uncertainty 

• Want to find a infinite-dimensional probability density from a finite number of information  
(regression & infinite-dimensional inverse problem).

(3) ML & PARTON DISTRIBUTION FUNCTIONS

• Overall nf = 8: up, 
anti-up, down, anti-
down, strange, anti-
strange, charm, gluon 

• O(5000) parton level 
data from electron-
proton, electron-
nucleon, proton-
antiproton and 
proton-proton 
experiments.  

fi(x, µ)
<latexit sha1_base64="lU5j/KcQHF6dfAFFaeIfQpG1Nes=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRahgpTdKuix6MVjBfuB7VKyabYNTbJLkhXL0n/hxYMiXv033vw3pu0etPXBwOO9GWbmBTFn2rjut5NbWV1b38hvFra2d3b3ivsHTR0litAGiXik2gHWlDNJG4YZTtuxolgEnLaC0c3Ubz1SpVkk7804pr7AA8lCRrCx0kPYY+Wns65ITnvFkltxZ0DLxMtICTLUe8Wvbj8iiaDSEI617nhubPwUK8MIp5NCN9E0xmSEB7RjqcSCaj+dXTxBJ1bpozBStqRBM/X3RIqF1mMR2E6BzVAvelPxP6+TmPDKT5mME0MlmS8KE45MhKbvoz5TlBg+tgQTxeytiAyxwsTYkAo2BG/x5WXSrFa884p7d1GqXWdx5OEIjqEMHlxCDW6hDg0gIOEZXuHN0c6L8+58zFtzTjZzCH/gfP4ArHWQQQ==</latexit>
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• Traditional approach: project infinite dimensional functional space into Npar-dimensional parameter space.  
• Problem: parametrisation might induce bias and uncertainties are inflated by a “tolerance” factor 
• With Deep NN can choose parametrisation so large that in principle can fit any conceivable function f 

[Forte, Latorre 2002] [Ball, Del Debbio, Forte, Guffanti, Piccione, Rojo, MU, 2008] 
• NNPDF4.0: Single DNN with hyper-parameter optimised via K-fold procedure  

[Ball et al arXiv:2109.02653 + public code publication arXiv:2109.02671] [Cruz-Martinez et al 2410.16248] 

(3) ML & PARTON DISTRIBUTION FUNCTIONS

K-fold loss

List of hyper-parameters
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(3) ML & PARTON DISTRIBUTION FUNCTIONS

𝛂, β pre-processing exponents

To impose theory 
constraints
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(3) ML & PARTON DISTRIBUTION FUNCTIONS

Vector of central 
experimental 
values

D0 = t+ ⌘

<latexit sha1_base64="YwEVIrWergFZG7xwwhlCB249h5c=">AAACBHicbVDLSgNBEJz1GeNr1WMug0EQhLArEb0IQT14jGAekA1hdtJJhsw+mOkVwpKDF3/FiwdFvPoR3vwbJ8keNLGgoajqnp4uP5ZCo+N8W0vLK6tr67mN/ObW9s6uvbdf11GiONR4JCPV9JkGKUKooUAJzVgBC3wJDX94PfEbD6C0iMJ7HMXQDlg/FD3BGRqpYxduOg69pEhPaOpNn0sVdMceIBt37KJTcqagi8TNSJFkqHbsL68b8SSAELlkWrdcJ8Z2yhQKLmGc9xINMeND1oeWoSELQLfT6dYxPTJKl/YiZSpEOlV/T6Qs0HoU+KYzYDjQ895E/M9rJdi7aKcijBOEkM8W9RJJMaKTRGhXKOAoR4YwroT5K+UDphhHk1vehODOn7xI6qclt1w6uysXK1dZHDlSIIfkmLjknFTILamSGuHkkTyTV/JmPVkv1rv1MWtdsrKZA/IH1ucPHtmXLA==</latexit>

Vector of “true”, unknown 
experimental values

⌘ ⇠ N (0,⌃exp)

<latexit sha1_base64="5c1H+twU+zPYpultvw7KKOvL+sQ=">AAACHHicbVBNSwMxEM3W7/q16tFLsAgKUna1okfRiydRtK3QLWU2nbahye6SZMWy7A/x4l/x4kERLx4E/41p7cGvBwOP92aSmRcmgmvjeR9OYWJyanpmdq44v7C4tOyurNZ0nCqGVRaLWF2HoFHwCKuGG4HXiUKQocB62D8Z+vUbVJrH0ZUZJNiU0I14hzMwVmq5ezQLRq9kCtt5gAbyQHM5VEHQs3zL2wkueVdCKwuUpHib5Nstt+SVvRHoX+KPSYmMcd5y34J2zFKJkWECtG74XmKaGSjDmcC8GKQaE2B96GLD0ggk6mY2Wiunm1Zp006sbEWGjtTvExlIrQcytJ0STE//9obif14jNZ3DZsajJDUYsa+POqmgJqbDpGibK2RGDCwBprjdlbIeKGDG5lm0Ifi/T/5Lartlv1Lev6iUjo7HccySdbJBtohPDsgROSXnpEoYuSMP5Ik8O/fOo/PivH61FpzxzBr5Aef9E7U4ob0=</latexit>

Observational  
noise

µ(k) = D0 + ✏(k) = t+ ⌘ + ✏(k)

<latexit sha1_base64="2kLcBHGqKpEcohxfizecgpzrPjo="></latexit>

✏(k) ⇠ N (0,⌃exp)

<latexit sha1_base64="9OQYhkyHxzJXMngFf2FPMgJJUpo="></latexit>

Pseudo-data replicas, k = 1, …, Nrep

• How to estimate uncertainties?   
• Use Monte Carlo - or bootstrap - error propagation by importance sampling [Giele, Kosover 1993] [Forte et al, 2006] 

• Throw random pseudo data points about the experimental data D0, according to a multivariate normal 
distributions centred on the experimental data D0 with experimental covariance matrix 𝜮exp. 

• For each pseudo data compute the optimal point on the theory surface based on training-validation splitting 
and minimisation stopping procedure and obtain associated parameter values.  

• Repeating gives an approximation to the parameter distribution by importance sampling. 
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Sampling in the data space projected  
in the PDF space. 

(3) ML & PARTON DISTRIBUTION FUNCTIONS
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Data region Extrapolation  
region

• Using a ML model instead of a fixed parametrization allows to include more data (hence more information) in the fit. 
• Fit yields smaller uncertainties in the data region with same input dataset and better fit-quality. 

• DNN model exhibits smaller uncertainty in data region  
compared to traditional PDF sets but larger uncertainties  
in extrapolation region.   

• General Adversarial Network (GANs) used to provide  
compressed PDF set with less replicas and as accurate  
as the full ensemble [Carrazza et al 1504.06469, 2104.04535] 

NNPDF3.1 NNPDF4.0

NNPDF3.1 
(4093) 1.19 1.12

NNPDF4.0 
(4491) 1.25 1.17

DATA

METHODOLOGY

(3) ML & PARTON DISTRIBUTION FUNCTIONS



22/33

(3) ML & PARTON DISTRIBUTION FUNCTIONS

• NNPDF4.0 public code for testing and reproducibility https://github.com/NNPDF & https://docs.nnpdf.science/ 
• DNN methodology scrutinised with statistical closure test to assess faithfulness of uncertainties in the data 

region, response of DNN to inconsistent datasets and generalisation tests. 
[Barontini et al, 2503.17447, Chiefa et al 2501.10359] 

Propagate uncertainties via MC sampling

�̂NNLO ⌦ (f ⌦ f)“true”PDF

<latexit sha1_base64="C6qIXFp9fdinq1T1p863vlJS4cM="></latexit>

Experimental noise

Generate several “run of the universe”

Pretend know the “truth”

D0 = t+ ⌘

<latexit sha1_base64="YwEVIrWergFZG7xwwhlCB249h5c=">AAACBHicbVDLSgNBEJz1GeNr1WMug0EQhLArEb0IQT14jGAekA1hdtJJhsw+mOkVwpKDF3/FiwdFvPoR3vwbJ8keNLGgoajqnp4uP5ZCo+N8W0vLK6tr67mN/ObW9s6uvbdf11GiONR4JCPV9JkGKUKooUAJzVgBC3wJDX94PfEbD6C0iMJ7HMXQDlg/FD3BGRqpYxduOg69pEhPaOpNn0sVdMceIBt37KJTcqagi8TNSJFkqHbsL68b8SSAELlkWrdcJ8Z2yhQKLmGc9xINMeND1oeWoSELQLfT6dYxPTJKl/YiZSpEOlV/T6Qs0HoU+KYzYDjQ895E/M9rJdi7aKcijBOEkM8W9RJJMaKTRGhXKOAoR4YwroT5K+UDphhHk1vehODOn7xI6qclt1w6uysXK1dZHDlSIIfkmLjknFTILamSGuHkkTyTV/JmPVkv1rv1MWtdsrKZA/IH1ucPHtmXLA==</latexit>

t = G(w0)

<latexit sha1_base64="i05aaiwqyMyiN/pxlU1avUtGADc=">AAAB8XicbVDLSgNBEOyNrxhfUY9eBoMQL2FXInoRgh70GME8MFnD7GSSDJmdXWZ6lRDyF148KOLVv/Hm3zh5HDSxoKGo6qa7K4ilMOi6305qaXlldS29ntnY3Nreye7uVU2UaMYrLJKRrgfUcCkUr6BAyeux5jQMJK8F/auxX3vk2ohI3eEg5n5Iu0p0BKNopXskF+Q6//TgHreyObfgTkAWiTcjOZih3Mp+NdsRS0KukElqTMNzY/SHVKNgko8yzcTwmLI+7fKGpYqG3PjDycUjcmSVNulE2pZCMlF/TwxpaMwgDGxnSLFn5r2x+J/XSLBz7g+FihPkik0XdRJJMCLj90lbaM5QDiyhTAt7K2E9qilDG1LGhuDNv7xIqicFr1g4vS3mSpezONJwAIeQBw/OoAQ3UIYKMFDwDK/w5hjnxXl3PqatKWc2sw9/4Hz+AGqTj3Q=</latexit>

Measure normalised bias Rb = mean square 
deviation of predictions from the “truth” in 
units of predicted standard deviation

Barontini et al, 2503.17447

Up to moderate data 
inconsistencies the DNN 
model corrects for them 

and uncertainties still 
faithfully estimated!

https://github.com/NNPDF


d� ⇡ |Aij!1...n(x)|2 ⇥ d�n ⇥ fp/i ⇥ fp/j

<latexit sha1_base64="a/OUvAC1PWtULpQ1w0CaZVheitU="></latexit>

︷



Experimental 
measurements

SM predictions

Wilson Coefficients 
parametrising the deviations 

due to heavy BSM physics 

Image credit: F. Maltoni

(4) ML & PARAMETER DETERMINATION
23/33

LEFT = LSM +
NX

d=5

ndX

i=1

ci,d
⇤d�4

O
(d)
i

<latexit sha1_base64="8OhWbrpriaYcVEGt3NYCKyjZJOk="></latexit>

M ~ 𝜦 >> E



Experimental 
measurements

SM predictions

As more precise data and SM theoretical 
predictions become available, we can identify 
patterns of small differences induced by new 
physics and from there deduce what is the new 
model that causes a given pattern!

(4) ML & PARAMETER DETERMINATION

Wilson Coefficients 
parametrising the deviations 

due to heavy BSM physics 

Image credit: F. Maltoni
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(4) ML & PARAMETER DETERMINATION
• Is there any sign of BSM physics (non-zero Wilson coefficient) in the  

gluon-top coupling? 
• Which measurement is the most sensitive to these parameters?  
• Inclusive, single to multi-differential, which variables, which binning?

plus many other distributions…

CMS collaboration arXiv:2008.07860

24/33



• Is there any sign of BSM physics (non-zero Wilson coefficient) in the  
gluon-top coupling? 

• Which measurement is the most sensitive to these parameters?  
• Inclusive, single to multi-differential, which variables, which binning? 
• Humans can only visualise things in one/two variables but ML tools can “see” in an 

arbitrarily large number of dimensions and find optimal variables and binning to “see” 
new physics 

(4) ML & PARAMETER DETERMINATION

J. ter Hoeve, Cometa 
General Meeting 2024

minimise e.g. the cross-entropy loss
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• Generate likelihood (parton level) for each phase space point 𝝁1: SMEFTl vs 𝝁0: SM

• Train NN to approximate ratio and compute signal strength  

• Example of Neural Simulation Based Inference 

[Gomez Ambrosio et al, arXiv:2211.02058]
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• Similar works  
➡  MadMiner series [J.Brehmer, K.Cranmer, G.Louppe … 1907.10621, 1805.00020, …]  
➡  Parametrised classifiers for SMEFT [A. Glioti et al 2007.10356]  
➡  Learning the EFT likelihood with tree boosting [R. Schöfbeck et al 2205.12976]  
➡  Back to the Formula [A. Butter et al 2109.10414]  
➡  Boosted likelihood learning with event reweighing [A. Glioti et al 2308.05704]  
➡  Designing Observables for Measurements with Deep Learning [O.Long et al 2310.08717] 

➡  ATLAS analysis for off-shell Higgs to Z boson signal strength [ATLAS-CONF-2024-015] 

(4) ML & PARAMETER DETERMINATION

ATLAS-CONF-2024-015
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• Similar works  
➡  MadMiner series [J.Brehmer, K.Cranmer, G.Louppe … 1907.10621, 1805.00020, …]  
➡  Parametrised classifiers for SMEFT [A. Glioti et al 2007.10356]  
➡  Learning the EFT likelihood with tree boosting [R. Schöfbeck et al 2205.12976]  
➡  Back to the Formula [A. Butter et al 2109.10414]  
➡  Boosted likelihood learning with event reweighing [A. Glioti et al 2308.05704]  
➡  Designing Observables for Measurements with Deep Learning [O.Long et al 2310.08717] 

➡  ATLAS analysis for off-shell Higgs to Z boson signal strength [ATLAS-CONF-2024-015] 

(4) ML & PARAMETER DETERMINATION

M. Costantini et al arXiv: 2402.03308

ATLAS-CONF-2024-015

• Other directions   
➡  Simultaneous fit of SMEFT parameters and 

PDFs using a deep NN  
https://github.com/HEP-PBSP/SIMUnet 
[Costantini et al, 2402.03308] 

➡  Bayesian simultaneous fits of PDFs and 
parameters with flexible ML framework 
[Colibri, Costantini et al, upcoming]



MACHINE LEARNING 
PARTICLE PHYSICS 

 PHENOMENOLOGY AND THEORY

Part II

• Beyond parton  
level predictions



Quantum theory 
Lagrangian 𝓛 (SM, SM + EFT, BSM) 

Scattering  
amplitudes

Phase space 
integration

PDFs  
(proton structure)

QCD and QED radiation 
(Parton Showers)

Fragmentation,  
Hadronisation, Jets

Detector  
simulation

Event reconstruction 
and selection Detector level

Particle level

Parton level



FROM PARTON TO DETECTORS AND BACK
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• End-to-end ML surrogates for fast HEP event simulations learn multiple steps at 
once [see Snowmass Report 2203.07460 for a review] 

Image Credit  
@Plehn et al 2211.01421
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• End-to-end ML surrogates for fast HEP event simulations learn multiple steps at 
once [see Snowmass Report 2203.07460 for a review] 

• First attempts based on GANs and VAEs 
[1901.00875,1901.05282,1903.02433,1907.03764,1912.02748,2001.11103…] 

• Improved speed and efficiency with Normalising Flows 
[2011.13445,2110.13632,2211.13630,2104.04543,…] 

• High precision with Diffusion and Transformer models 
[2303.05376,2305.10475,2307.06836…] 

• Key properties: conditional GANs and Transformers allow inversion of simulation 
chain from detector back to parton level and methods like BNNs and classifiers 
can be applied for error control [2305.07696…] 

Image Credit  
@Plehn et al 2211.01421
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• End-to-end ML surrogates for fast HEP event simulations learn multiple steps at 
once [see Snowmass Report 2203.07460 for a review] 

• First attempts based on GANs and VAEs 
[1901.00875,1901.05282,1903.02433,1907.03764,1912.02748,2001.11103…] 

• Improved speed and efficiency with Normalising Flows 
[2011.13445,2110.13632,2211.13630,2104.04543,…] 

• High precision with Diffusion and Transformer models 
[2303.05376,2305.10475,2307.06836…] 

• Key properties: conditional GANs and Transformers allow inversion of simulation 
chain from detector back to parton level and methods like BNNs and classifiers 
can be applied for error control [2305.07696…] 

• Alternative approach OTUS (Optimal Transport based Unfolding and Simulation) 
based on probabilistic auto encoders learns mapping from parton level Z to 
reconstructed objects X without requiring paired event sampling (x,z) [2101.08944…]

Image Credit  
@Plehn et al 2211.01421

Howard et al 2101.08944

→ simulation mapping 

← unfolding mapping
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Parton levelParticle levelDetector &Event reconstruction

FROM PARTON TO DETECTORS AND BACK

• Traditional analyses from reconstructed events to parton level lose some info 
as they rely on binned data and “hand-crafted” observables 

• Full likelihood intractable but access to it would yield unbinned, multi-varied 
observables and optimal use of info depending on theory parameter 
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Parton levelParticle levelDetector &Event reconstruction

FROM PARTON TO DETECTORS AND BACK

• Traditional analyses from reconstructed events to parton level lose some info 
as they rely on binned data and “hand-crafted” observables 

• Full likelihood intractable but access to it would yield unbinned, multi-varied 
observables and optimal use of info depending on theory parameter  

• Matrix Element Method (MEM) builds likelihood using matrix elements from 
theory and transfer functions & allows to infer fundamental parameters of 
directly from reconstructed events  
➡ Transfer Function (from zP to zD) for the intractable part of the likelihood 
➡ Classifier to parametrise acceptance probability  
➡ Generative NN to integrate 

    while using theory input for the parton level event [2310.07752,2210.00019…]

Classifier  
Networks

Transfer Function 
(Normalising Flows 

+ Transformers)

Theory 
input

Efficient  
Monte Carlo  

sampling 

Heimel et al 2310.07752
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• Uncertainty quantification 
• Symmetries 
• Interpretability 



(I) UNCERTAINTY QUANTIFICATION
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• Modern Machine Learning essential in particle physics 
phenomenology and theory and will be used more and 
more in HEP theory chain  

• Do these tools provide optimal and resilient results 
including a comprehensive  uncertainty treatment that 
makes them both precise and accurate?

• HEP can be at the forefront of development from 
deterministic ML to probabilistic ML  

• Seen several approaches in a number of contexts: 
bootstrapping, heteroscedastic losses, Bayesian Neural 
Networks, Repulsive Ensembles, Posterior Sampling 

• Key to understand various sources of uncertainties, 
benchmark uncertainty quantifications, understand 
dependence on priors, perform statistical tests  
[VERaIPHY initiative - stay tuned!] 

L. Heinrich 
PhyStat: Statistics meets Machine Learning 2024 

Input x

Input x

Fixed output y

Probabilistic output p(y|x)



(II) SYMMETRY MEETS MACHINE LEARNING 
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• In physics we know that nature follows some symmetries (Lorentz-invariance, local gauge symmetries defining QFT…) 
• HEP can provide a smart way to force theory into ML architecture (smart inductive bias)  
• For example, Lorentz-equivariant transformers can provide appropriate internal or latent representation of the phase space 

points x to NN in several contexts (regression, classification, generation…) by encoding Lorentz-equivariance into 
architecture. [Brehmer et al 2305.18415, De Haan et al 2311.04774, Spinner et al 2405.14806, Brehmer et al 2411.00446]

Symmetries Machine Learning

Amplitude regression  
qq → Z + 4g

Event generation  
pp → tT + 4j

Bremer et al, 2411.00446



(II) SYMMETRY MEETS MACHINE LEARNING 
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• Discovery of a symmetry signifies the existence of a fundamental principle and manifests itself in the form of physical laws 
and selection rules 

• Detecting symmetries with neural networks is exciting frontier in theoretical physics, seminal efforts with classifiers and 
Symmetry GAN explored as deep learning approach to discover symmetry [Betzler + Krippendorf 2002.05169, Krippendorf et al 
2003.13679, Barenboim, Hirn, Sanz 2103.06115; Desai et al 2112.05722]

Barenboim, Hirn, Sanz 2103.06115Classifiers Desai et al 2112.05722

Symmetries Machine Learning

Symmetry GAN
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• Physicists want to understand and strive for simplicity and unity (Identify low-rank structures in high-dimensional datasets  
[J. Thaler @ PhyStat 2024] 

• Not all problems require analytical formulae, in some cases numerical simulations and “black-box” NN outputs are fine as 
long as we qualitatively and quantitatively assess sources of statistical and systematic uncertainties 

• But formulae help (e. g. better at extrapolation): symbolic regression combines benefits of ML and analytic formulas by 
learning complex functions from low-level or high-dimensional data and expressing them analytically. 
[Butter Plehn 2109.10414, Lu et al 2210.02184, Tsoi et al 2411.09851, Morales-Alvarado et al 2412.07839, Singireddy et al 2504.13289, Makke et al 2501.07123…] 

• See also understanding of DNN using principles of QFT [2402.13321, 2408.00082…] or cosmological dynamics [Krippendorf, 
Spannowsky 2202.11104…]

Using PySR  
[Cranmer 2305.01582]  
a multi-population 
evolutionary algorithm 
that evaluates symbolic 
expressions, determine 
angular coefficients in 
Drell-Yan events at the 
LHC

Morales-Alvarado et al, arXiv 2412.07839 + 2506.xxxxx 

Example of expression tree and one mutation 
3.1 *  y  * (x2 + 1) → 3.1 *  y  * (x2 - 1)

e+e� ! µ+µ�
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• Revolution of LHC physics through modern machine learning (ML) is happening right now!  

•   Modern Machine Learning combining regression, classification generation and conditional generation, are  
beneficial in every step of theory predictions at the LHC. 

•   Data quantity & of quality more advanced  than in most of other contexts (control on systematic uncertainties 
and correlations) gives labeled and well understood data, HEP perfect playground for ML 

Frontiers 
• Uncertainty quantification  
• ML helps us make the most out of data: how to transition from data science to symbolic problems?   
• FunSearch meets Theoretical Physics? Large Physics Model? 

No time to talk about 
• Exciting ML applications and development in lattice QCD  
• ML and string theory   
• Unfolding and specific parton level tools 

[see for example 2504.18126, 2502.02670,2403.03245,2410.21611…] 
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"We can only see a short distance ahead, but we can see plenty there that needs to be done." 
— Alan Turing

CONCLUSIONS AND OUTLOOK
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