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All about LHC physics

Classic motivation
- dark matter?
- matter vs antimatter?
- origin of Higgs boson?
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All about LHC physics

Classic motivation
- dark matter?
- matter vs antimatter?
- origin of Higgs boson?

LHC physics
- fundamental questions
- huge data set
- first-principle, precision simulations
- complete uncertainty control

Successful past
- measurements of total rates
- analyses inspired by simulation
- model-driven Higgs discovery



All about LHC physics

Classic motivation
- dark matter?
- matter vs antimatter?
- origin of Higgs boson?

LHC physics
- fundamental questions
- huge data set
- first-principle, precision simulations
- complete uncertainty control

Successful past

- measurements of total rates
- analyses inspired by simulation
- model-driven Higgs discovery

forward

First-principle, precision simulations

- start with Lagrangian
- calculate scattering using QF T
- simulate collisions
- simulate detectors
— LHC collisions in virtual worlds

BSM searches

- compare simulations and data
- infer underlying theory (smorBsw
- publish useable results
— Understand LHC data systematically
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X
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LHC data

Collaborations

- ATLAS & CMS general purpose
LHCb, ALICE, FASER specialized

- 1000s of scientists per experiment

Detectors

- built around pp interaction point
- measuring outgoing particles
- collision rate 40 MHz




LHC data

Collaborations Event format
- ATLAS & CMS general purpose - ATLAS event size 1.6 MB
LHCb, ALICE, FASER specialized data stream 3 PB/s
- 1000s of scientists per experiment - measure:

energy, momentum, charge, etc

Detectors - electrons, muons easy
quarks, gluons as jets  [20-50 partices]

- built around pp interaction point -
— Event: 100+ ntuples (E, B, Q...)

- measuring outgoing particles
- collision rate 40 MHz

Muon detector
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LHC data

Collaborations Event format
- ATLAS & CMS general purpose - ATLAS event size 1.6 MB
LHCb, ALICE, FASER specialized data stream 3 PB/s
- 1000s of scientists per experiment - measure:

energy, momentum, charge, etc

Detectors - electrons, muons easy
quarks, gluons as jets  [20-50 partices]

- built around pp interaction point -
— Event: 100+ ntuples (E, B, Q...)

- measuring outgoing particles

- collision rate 40 MHz o
ML applications

Muon detector

- data selection/compression
- object reconstruction

- object classification

- analysis

- simulation

- theory calculations

- event generation

- inference

— Everything, faster and better




2024 Nobel prize

Neural networks using physics

- John HOpreld [physicist in search of problems]
biological system and spin system with same mathematics
paper for: physicists, computer scientists, neurobiologists

— Physics is a point of view

. Geoffrey Hinton [easily passing as a physicist]
minimal energy with noisy neurons
log-likelihood maximization

— Nobel prize in biology/medicine for thermal equilibrium?

Geoffrey Hinton ‘GET MY OWN PROFILE.

Emeritus Prof. Computer Science, University of Toronto
Verified email at cs.toronto.edu - Homepage
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2024 Nobel prize

Neural networks using physics

- John HOpreld [physicist in search of problems]
biological system and spin system with same mathematics
paper for: physicists, computer scientists, neurobiologists

— Physics is a point of view

. Geoffrey Hinton [easily passing as a physicist]
minimal energy with noisy neurons
log-likelihood maximization

— Nobel prize in biology/medicine for thermal equilibrium?

Physics using neural networks

- applications all over experiment

- regression X — fo(x)
- classification x — fg(x) € [0,1]
- generation r~N = fy(r)

- conditional generation r ~ N — fy(r|x)
— Complexity a feature, not a problem




Formulas for theory self-respect

Encoding a particle energy
- expectation value from probability
(E)00) = [ dE E p(EIX)

- internal representation
(E)= [dEE [ do p(EI6) p(6]Euar)

- training a generalization of §-probability
[ 90 p(E1D) p(O1Evan) ~ [ 0 pLEIS) q(0)



Formulas for theory self-respect

Encoding a particle energy
- expectation value from probability
(E)00) = [ dE E p(EIX)
- internal representation 6
(E) = [dEE [ do p(EI0) p(OIErai)
- training a generalization of 6-probability
[ 96 pLEI0) pl61Ewn) ~ [ b p(EI0) a(0)
- similarity from minimal KL-divergence
q(6)
DkL[q(8), p(0|Eyain)] = | dO q(8) log ——=—
19(6). P01 Evan)] = [ a0 q(6) tog o)
Q(G) (Erain)
= [ do q(8) log
= [ @0 at0) 08 G250
~ [ 90 a(o) 08 p(Eianlo) + [ 0 a(o)iog 5+
— Ultimate simplification and more...
£ =~ [ d0.q(0) 10g p(Evaal9) + Diala(®). p(O)

— (Eo — Etrauin)2 +c(0 — 90)2




ML in experiment

Top tagging  [classification, 2016-today, qood old BOOST days with S Marzanil
‘hello world’ of LHC-ML ..
- end of QCD-taggers
- ever-improving  [Huilin Qu]
— Driving NN-architectures
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ML in experiment

- ‘hello world’ of LHC-ML .. ¢
- end of QCD-taggers .
- ever-improving  [Huiin Qu] *
— Driving NN-architectures ;

10

0

00 01 02 03 04 05 06 07 08 09
Signal efficency €5

Particle flow  [2020-today]

7
mother of jet analyses %
55
- combining detectors with different resolution "
. . 33
- optimality the key :3

— Modern jet analysis basics '

Progress towards an improved particle flow algorithm
Towards a Computer Vision Particle Flow * at CMS with machine learning
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ML in phenomenology

Parton densities  [NNPDF, 2002-today]
- pdfs without functional bias and full uncertainties
- precision and calibrated uncertainties
— Drivers of ML-theory

The Path to N°LO Parton Distributions
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ML in phenomenology

Parton densities  [NNPDF, 2002-today]
- pdfs without functional bias and full uncertainties
- precision and calibrated uncertainties
— Drivers of ML-theory

The Path to N°LO Parton Distributions
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Fast event generation  [sherpa, Madgraph, Badger...]

- loop-amplitudes expensive
- training fit or interpolation Optimising simlations for diphoton production at

hadron colliders using amplitude neural networks

— Precision NN-amplitudes
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ML in theory

Learned likelihoods (pierini, Reyes-Gonzales, Torre,...]
- O(100) physics and nuisance parameters
- learn fast likelihood
- supervised vs unsupervised |
— Similar to phase space...

The NFLikelihood: an unsupervised DNNLikelihood from

w5 m P
fitom B [

Abstract




ML in theory

Learned likelihoods [Pierini, Reyes-Gonzales, Torre,...]
- O(100) physics and nuisance parameters
- learn fast likelihood Normalizing Flows
- supervised vs unsupervised
— Similar to phase space...

Navigating string landscape  [reinforcement learning]
- searching for viable vacua
- high dimensions, unknown global structure
— Model space sampling Rt Atcomiians ot Mmoot Loaming.

Figure 1: Lefi: Cluster structure in dimensionally reduced flux samples for RL and 25 GA runs (PCA
on all samples of GA and RL). The colors indicate individual GA runs. Right: w
(input) values (N and Vs respectively) in relation t0 principal components for a PCA fit of the
individual output of GA and RL.




Regression — LHC style

Energy calibration with uncertainties [ATLAS + Vogel, 2412.04370]

- interpretable calorimeter phase space x
- learned calibration function
REW O 1 ARENN ) & E®™(x)
(x) (x) = E"'T(x)
- uncertainties:  noise in data
network expressivity
data representation ...



Regression — LHC style

Energy calibration with uncertainties [ATLAS + Vogel, 2412.04370]

- interpretable calorimeter phase space x
- learned calibration function
REW O 1 ARENN ) & E®™(x)
(x) (x) = E"T(x)
- uncertainties:  noise in data
network expressivity
data representation ...
— Understand (simulated) detector

ATLAS Simulation Internal
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Generative Al

Simulations, MadNIS, calorimeters,...

- learn phase space density

[Milano: Winterhalder]

fast sampling Gaussian — phase space

- Variational Autoencoder
— low-dimensional physics
- Generative Adversarial Network
— generator trained by classifier
- Normalizing Flow/Diffusion
— (bijective) mapping [ask R Torre]
- JetGPT, ViT
— non-local structures

- Equivariant L-GATr
— Lorentz symmetry for efficiency

— Combinations: equivariant transformer CFM...

Neural classifier AUC
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Generative Al — LHC-style

Compare generated with training data  [cf Refereeing the Referees]

- regression accuracy A = (Egata — Eo)/Egata

- harder for generation, unsupervised density
classify training vs generated events D(x)
learned density ratio [Neyman-Pearson)
D(Xi) pdata(xi)

w(xi) = T=D(x)  Pmoel(X)

— Test ratio over phase space



Generative Al — LHC-style

Compare generated with training data  [cf Refereeing the Referees]

- regression accuracy A = (Egata — Eo)/Edata

- harder for generation, unsupervised density
classify training vs generated events D(x)
learned density ratio [Neyman-Pearson)

W(X,') — D(Xi) _ pdata(xi)

1= D(X))  Pmodel(X:)
— Test ratio over phase space

Progress in NN-generators

- any generative Al task o - 2‘“; — (\;ﬁ
- compare different architectures — TraCFM
- accuracy from width of weight distribution g i
- tails indicating failure mode [
— Systematic performance test "




Transforming LHC physics

Number of searches

- optimal inference: signal and background simulations
- CPU-limitation for many signals?

Optimal analyses

- theory limiting many analyses, but continuous progress
- allow for analyses to be updated?

Public LHC data
- common lore:
LHC data too complicated for amateurs

- in truth:
hard scattering and decay simulations public
BSM physics not in hadronization and detector

— Unfold to suitable level

forward

N
>

scattering decay QCD shower i detectors

<
<

inverse




ML-Unfolding

Basic structure
- four phase space distributions

unfolding inference

Psim (Xpart) Punfoid (Xpart)
p(xreco | Xpart )J Tﬁ(xpan [xreco)
forward inference
Psim (Xreco) Pata(Xreco)

- two conditional probabilities

Psim (Xpart)

p(X art|Xreco) = p(Xreco|X art) X
P P Psim (Xreco)
- forward and inverse generation symmetric (stochastic]

- learnable from paired events (Xpart, Xreco)

— ML for unbinned and high-dimensional unfolding?




ML-Unfolding

Basic structure
- four phase space distributions

unfolding inference
Psim (Xparl) <  Punfold (Xpan)
p(xreco | Xpart )J L’("parl Ixreco)
forward inference
Psim (Xreco ) Pdata (Xreco )

— ML for unbinned and high-dimensional unfolding?

OmniFold [Andreassen, Komiske, Metodiev, Nachman, Thaler + ATLAS]

- learn Psim(Xreco) <> pdata(xre(:O) [Neyman-Pearson]

. I’eweight Psim (Xpart) — Punfold (Xpart) £ | arras V=13 TeV, 130 b
= 0 75 s, P> 200 GeV
4 Anticky R = 0.4, p} > 5GeV
= -
classifier weights —E ,' .
Psim (Xpart) Punfold (Xpart) 10° g
r —-
pull/push weights g L]
— _—
classifier weights -
Psim (Xreco) Paata(Xreco) z 15
S LR b -
- Z+jetsin 24D (atLag) =05
o1 2 3 1 5 6
AR, jr)

— Driven by (now) established ML-classification




Unfolding by generation

Targeting conditional probability winterhalder]
- just like forward ML-generation
- learn inverse conditional probability from (Xpart, Xreco)

Psim (Xpart) Punfold (Xpart)

paired datal Tﬂmoda()(pan | Xreco)

correspondence

Psim(Xreco) ¢ Pdata(Xreco)

Improvements crucial

1 likelihood loss to generate posterior — cINN
2 make networks more precise — TraCFM
3 remove training prior

— Driven by generative networks



Unfolding top decays

A challenge [Favaro, Kogler, Paasch, Palacios Schweitzer, TP, Schwarz]

- first measure m; in unfolded data
then unfold full kinematics

- model dependence: simulation ms vs data my

Psim (Xpart | Ms) Punfoid (Xpart| Ms, My)

p(xreco |Xpan)J Tpmodel (Xpart |Xreco » Ms)

correspondence

Psim (Xreco| Ms) Pdata(Xreco| M)



Unfolding top decays

A challenge [Favaro, Kogler, Paasch, Palacios Schweitzer, TP, Schwarz]

- first measure m; in unfolded data
then unfold full kinematics

. complete 1raining bias Mg — Ms [too bad to reweight]
Psim (Xpart| Ms) Puntold (Xpart| Ms, 174

P(Xreco |Xpan)J Tpmodel (Xpart | Xreco ;Ms)

correspondence
Psim (Xreco | Ms) Pdata(Xreco |Mq)
1 weaken bias by training on ms-range

2 strengthen data by including batch-wise my ~ Mj; € Xreco




Unfolding top decays

A challenge [Favaro, Kogler, Paasch, Palacios Schweitzer, TP, Schwarz]

- first  measure m; in unfolded data
then unfold full kinematics

- complete training bias my — Ms  too bad to reweight]
Psim (Xpart | Ms) Punfold (Xpart| Ms a%)
p(xreco |Xpar1)Jv ]pmodel (Xpart | Xreco »Ms)
correspondence
Psim(Xreco|Ms) <~ Pdata(Xreco|Mq)

1 weaken bias by training on ms-range

2 strengthen data by including batch-wise my ~ Mj; € Xreco

Preliminary unfolding results [racrv

0.06 m, =171.5 GeV
- 4D for calibrated mass measurement

gen

—— unfolded
rec




Unfolding top decays

A challenge [Favaro, Kogler, Paasch, Palacios Schweitzer, TP, Schwarz]

- first  measure m; in unfolded data
then unfold full kinematics
- complete training bias my — Ms  too bad to reweight]

Psim (Xpart | Ms) Punfold (Xpart| Ms a%)

p(xreco |Xpar1)Jv ]pmodel (Xpart | Xreco »Ms)

correspondence

Psim (Xreco | Ms) Pdata(Xreco |Mq)

1 weaken bias by training on ms-range
2 strengthen data by including batch-wise my ~ Mj; € Xreco

Preliminary unfolding results [racrv = 003 m, =171.5 GeV gen
- 4D for calibrated mass measurement %m ::cfddEd
. 12D published data Eon
— CMS data next 0.00
©1.25
2099
SR e i
w’ o LTI TR TSI T T
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ML for LHC Theory

Developing ML for the best science

- just another numerical tool for a numerical field

- transformative new language

- driven by money from data science and medical research
- 1000 Einsteins...

...improving established tools
...developing new tools for established tasks
...transforming through new ideas

— You can be the golden generation!

Modern Machine Learning for LHC Physicists

Tilman Plehn®; Anja Butter"”, Barry Dillon®,
Theo Heimel”, Claudius Krause*, and Ramon Winterhalder?

“ Institut fiir Theoretische Physik, Universitit Heidelberg, Germany
¥ LPNHE, Sorbonne Université, Université Paris Cité, CNRS/IN2P3, Paris, France
© HEPHY, Austrian Academy of Sciences. Vienna, Austria
“ CP3, Université catholique de Louvain, Louvain-la-Neuve, Belgium

March 19, 2024

Abstract

bullying s way into our numerical ool box. For young.

rescarchers it s crucial P

range of LHC Th

enthusiasm for machine learning to relevant applications. They start with an LHC-specific motivation and a non-standard
fcation, d

problems. Two themes defining much of the discussion are well-defined loss functions and uncertainty-aware networks.

As part of the applications, the notes include some aspects of theoretical LHC physics. All examples are chosen from

‘paricle physics publications of the lastfew years."

2211.01421v2 [hep-ph] 17 Mar 2024



http://www.thphys.uni-heidelberg.de/~plehn/pics/modern_ml.pdf

Anomaly searches

1@40x40  10@40x40  10@20x20 5@20x20 400100 100 400 5@20x20 5@40x40 10@40x40 1@40x40

Non-resonant searches

- key: bottleneck
training on background
minimize reconstruction-MSE
unknown signal from bad MSE

- reconstruct QCD jets — top jets hard to describe
- reconstruct top jets — QCD jets just simple top-like jet
— Symmetric performance S + B?




Anomaly searches Loibuto 0mioui0 1002000 se2020 400100 1040 56200 5040x80 106400 1040ni0

Non-resonant searches

- key: bottleneck
training on background
minimize reconstruction-MSE
unknown signal from bad MSE

- reconstruct QCD jets — top jets hard to describe
- reconstruct top jets — QCD jets just simple top-like jet
— Symmetric performance S <+ B?

Missing and anomalous features

- compact latent space: sphere
- energy-based model

normalized Boltzmann mapping (&, =msg]
e Eo®)

Zy

L= —< |ogp9(X)> = <E9(X) + |ong>

- inducing background metric
- Zy from Markov Chain

Po(x) =
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Non-resonant searches

- key: bottleneck
training on background
minimize reconstruction-MSE
unknown signal from bad MSE

- reconstruct QCD jets — top jets hard to describe
- reconstruct top jets — QCD jets just simple top-like jet
— Symmetric performance S «» B? —

Missing and anomalous features

- compact latent space: sphere

15 Qep

- energy-based model 10
normalized Boltzmann mapping (&, =msg]
CEy0 -
e 0 10
po(x) =
Zg QCD tagging
£ =—(logpe(x)) = (Ea(x) + log Zp) 2

- inducing background metric
- Zy from Markov Chain
— Proper anomaly search, at last...

Lo Qcn

10°°
MSE
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