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First principle,
quantum theoretical
model




The CERN accelerator complex

-
Complexe des accélérateurs du CERN

it a =1 Colliders with
-o= = 40 million events/second,

detectors with
100 million read-outs,

and massive theory-driven
simulation codes




The CERN accelerator complex
Complexe des accélérateurs du CERN

Complex reconstruction
chain to turn

low-level read-outs into
high-level physics objects




The CERN accelerator complex
Complexe des accélérateurs du CERN
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The CERN accelerator complex
Complexe des accélérateurs du CERN

Experiment
DeS|gn

Inference / SBI
Triggers &

AI s.mulatlon

Tagging
Reconstruction ¢

Unfolding

Al models are studied Anomaly Detection

for all aspects of
modern

19.7 fb" (8 TeV) + 5.1 fo™' (7 TeV)

fundamental physics 1oL oms

S4B fits (weighted sum)

S/(S+B) weighted events / GeV

Di-Photon invariant mass



Setting the stage

Date of paper / \

On the way to 200+
papers in 2024

2002 2024




Setting the stage

Date of paper

2002 2024

Use of ML is rapidly rising in fundamental
physics

Fundamental ML developments inspired by
physical systems

John J. Hopfield Geoffrey Hinton




Setting the stage

Date of paper

2002 2024

Use of ML is rapidly rising in fundamental
physics

Fundamental ML developments inspired by
physical systems

What next?

John J. Hopfield Geoffrey Hinton
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Run: 282712
Event: 474587238
2015-10-21 06:26:57 CEST

Ajetisa
collimated shower of particles in the detector



light quark
jet?

gluon jet?

bottom
quark jet?

{top
;::r.xt?si;ﬁa?z% quark jet?

2015-10-21 06:26:57 CEST

We want to know
which particle produced a jet



light quark
jet?

gluon jet?

bottom
quark jet?

{top
;::r.xt?si;ﬁa?z% quark jet?

2015-10-21 06:26:57 CEST

Why?
® Discover new particles
e Measure the Standard Model



light quark
jet?

gluon jet?

bottom
quark jet?

{top
;::r.xt?si;ﬁa?z% quark jet?

2015-10-21 06:26:57 CEST

Let’s focus on top quarks
(Modern taggers are multi-class)



light quark
jet?

gluon jet?

bottom
quark jet?

ATLAS . .. -

EXPERIMENT Event: 474587238 quark Jet’7

2015-10-21 06:26:57 CEST

How to build ML algorithms for complex, heterogenous data?



light quark

Data most naturally viewed iet?

as point cloud:

Each input (e.g. jet, event, ..)
Is a set of k-dimensional vectors
(individual particles, hits, ..)

Particle-ID amd~charge :
isElectron, isMuon, —

Kinematics : /
o 1l ¢ electron muon

charged hadron

Example
per-particle
features

n: 282712
ent: 474587238
15-10-21 06:26:57 CEST

\ Trajectory displacement :
do : closest approach to PV in xy-plane

d, : z position where d) is evaluated

Komiske, Metodiev, Thaler 1810.05165; Birk, GK, et al 2312.00123;

bottom
quark jet?

o

quark jet?
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Top Quark Tagging
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Abstract

Based on the established task of identifying boosted, hadronically decaying top
quarks, we compare a wide range of modern machine learning approaches. Unlike
most established methods they rely on low-level input, for instance calorimeter
output. While their network architectures are vastly different, their performance
is comparatively similar. In general, we find that these new approaches are ex-
tremely powerful and great fun.

* techniques are also
applied to collider data



Top Quark Tagging
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(*Subset of methods, graph from
V Breso at ML4Jets)



Top Quark Tagging

View data as
graph based on geometry
& Use message passing 3000+
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Top Quark Tagging

View data as

Learn relations from data
graph based on geometry

. using attention
& use message passing  3000-
/\% DELICAN
a LorentzNet L-Go4r
S 2000 _\ - Multi-H;:ad Attention
Il
) Linear
) ParticleNet @ T
1500 -
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w
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~ [
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PFN o R
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\ \Y pt time of publication
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Edge block Node block Global block

Qu, Gouskos 1902.08570; Qu et al 2202.03772; Gong et al 2201.08187; Shlomi et al 2007.13681;
Bogatskiy et al 2211.00454;



Top Quark Tagging

Constrain functions to be
equivariant under the Lorentz

group BW\
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Explicitly injecting
physics knowledge
yields more efficient
learning
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Qu, Gouskos 1902.08570; Qu et al 2202.03772; Gong et al 2201.08187; Shlomi et al 2007.13681;

Bogatskiy et al 2211.00454; Brehmer et al 2411.00446



Top Quark Tagging

3000 - +L-GATr-f,t, Fine tuning:
ParT-Lt. T Pre-train on one dataset
MIPgrT-f. .
2500 pméx t and recycle weights
o LorentzNgt L-GATr A
2 oo TParT for training on new data
IL W ParticleNet-f.t. _ _
= egq | ParticleNet ParT Yields substantial
¥ boost in performance
1000 - preeNiN Non-equivariant (for transformer-based
LoLa Equivariant
500 - Pretrained M mOdeIS)
TopoDNN Equivariant+Pretrained 4 Can combine with

2016 2018 2020 2022 2024 2026 2028 equivariance
time of publication



Top Quark Tagging

Usefulness of open 30001
benchmark data

2500 -
Good representation 4
of data pays off e
Transformers + = 12097
physics rules 000 -
Boost by fine-tuning

500 A

across datsets

+ L-GATr-f.t.
ParT-f.t. +
MIPgrT-f.t
PELI
LorentzNet L-GATr
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Pretrained M
TopoDNN Equivariant+Pretrained 4

2016 2018 2020 2022 2024 2026 2028

time of publication

Important issues on
application side

¢ Domain shift
e Calibrateable

e Compute cost



Foundation models

High Energy Physics Workflow
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Foundation Model Workflow

x— | x Backbone e || Tt [ [Zoretex

Backbon e Head

Foundation models extend finetuning
broadly and centralise and re-use training

Qu et al 2202.03772; Vigl et al 2401.13536

Output
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| Softmax |
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Input Output
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(shifted right)

Largely based on autoregressive
transformer architecture




Foundation models

O F |
P s0f- .
Omnijet-a transfer learning c>t<s :
0.9 - 40~ |
30| -

Accuracy
o
(0]
|

—e— Fine-tuning i
Fine-tuning 20+

0.7 A i (backbone fixed)

I —e— From scratch _
LR | ! LR | ! LR | ! LI | ! LR | ! ! 10— —]
102 103 104 105 106 : Idealized (low level) PRD 109, 055015 :
Number of training jets | — K ) 70 105,50
. . § . 0 - 1 L o —. Idealilzed OmnliLearn (IcTw Ievel)1 ]
Pre-training on “cheap” unlabelled 2000 4000 6000 8000 10000
examples improves Supervised Injected Signal Events (nbkg = 100000)
100-1000x multiple tasks including anomaly

detection shown

Birk, Hallin, GK 2403.05618; Mikuni, Nachman 2404.16091
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The surrogate
revolution




Generative Image Models

Massive progress in the
generation of artificial images



Generative Image Models

Massive progress in the
generation of artificial images

Main driver: Normalising flows
and diffusion

CaloCloud, time stamp: tgq

Example: surrogate . ... . EyMev)

model for particle interaction -
in high granularity detector. = N
é | 2 g |
Similar approaches for e.g. ::
surrogates for cosmic 0:4
airshowers. Relevent 0
Y X

whenever simulation is
expensive.



Generative Image Models

CMS 138fb~1 (13 TeV)
— : L1 0°F 3 TeV resonances E
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L § 104E ----Inclusive, 95% CL exp. upper limit +m TNT .
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CMS-EXO-22-026 o f 2-prong (tz1, Msp) + = CATHODE-b
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Model-agnostic search for dijet resonances with anomalous 10%} . - I 7
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Signal model

Currently explored in
anomaly detection,
but wider potential?




Generative Image Models

Generative process based on
learning transport equation
between noise and data.

Also relevant for in-situ
learning:

Can use generative
models to produce
high-dimensional
background
predictions directly
from data

a.u.4

—
W;
>

SB

Pdata(z|m € SB)
= phg(z|m € SB)

SR | SB m

pdata($|m € SB)

ata(r|m € SR
Paata (7| ) = ppg(z|m € SB)

Currently explored in
anomaly detection,
but wider potential?




Generative Image Models

(Some) generative models directly
learn likelihood of data p(x)

Bijective, easy-to-calculate
Jacobian determinant

__

p
Flow-based models: Flow z |l Inl/frse X
Invertible transform of f(x) = [ (z)
distributions //
/

Gaussian latent space

Can use to build likelihood ratios
or build likelihood function for
measurements

Potential gains from thinking of
data not as individual samples but
as density function p(x)?

\

Can evaluate f(x) as
likelihood

Currently explored in
anomaly detection,
but wider potential?




Generative Image Models

Generative process based on
learning transport equation
between noise and data.

diffusion electrostatics wave Helmholtz Yukawa Schrodinger / Dirac

®

Physics

Room for| | @ @ ® @ @ ®
i MpoO rt | N more G ti Diffusion Poisson N A
p g le\jllszaellsv ’ Models Flow n a a n ......

physics knowledge.

2304.02637



P

(Al

AT LF%% + h ©

g kP +he
+ R -V (@)

The CERN accelerator complex
Complexe des accélérateurs du CERN

ALICE LHCb

7 AWAKE
=

Differentiable versions B =g

of all steps in the | o= o
processing chain

19.7 fb" (8 TeV) + 5.1 fo™' (7 TeV)

a5- CMS S/(S+B) weighted sum

¢ Data

S4B fits (weighted sum)

N

o

]

o
2]

AR AR RS SRR R R

Al ad ol Lo oo laa g

Di-Photon invariant mass

S/(S+B) weighted events / GeV
o




Differentiable versions
of all steps in the
processing chain

Either as ML-based
(surrogate) models

or via e.g. differentiable
programming

Heinrich, Kagan 2308.16680

The CERN accelerator ¢ I
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Differentiable versions
of all steps in the
processing chain

Either as ML-based
(surrogate) models

or via e.g. differentiable
programming

What can we do with this?

The CERN accelerator complex

Complexe des accélérateurs du CERN
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S/(S+B) weighted events / GeV

19.7 fb" (8 TeV) + 5.1 fo™' (7 TeV)

S/(S+B) weighted sum

Di-Photon invariant mass




End-to-end learning

Nature

o)))” I Recon- Reconstr. Event
I struction particles = EElEIad(ely

Detector

Scattering _) MC Shhaog\;gr Detector Recon- Reconstr.§§ Event Discoveries &
amplitudes ~ BT )] sim. sim struction particles | = EIICIadl] N measurements

One big Al model

Discoveries &
measurements




End-to-end learning

K

Nature

One big Al model

Discoveries &
measurements

Some thoughts:

 Sensitivity gain (optimise low-level
reconstruction parameters for specific
measurment)




End-to-end learning

K

Nature

One big Al model

Discoveries &
measurements

Some thoughts:

» Sensitivity gain

- Compute cost (execution might be
cheaper, training depends on re-usability)




End-to-end learning

K

Nature

One big Al model

Discoveries &
measurements

Some thoughts:
» Sensitivity gain
- Compute cost
- Interpretability (ultimate black-box)
- Weak learning signal (scaffolding?)

Direct correspondence e.qg.
between hard partons and jets.

Similar correspondences/learning
targers to train/understand very
deep models




Inference

Goal: Learn parameters of theory
(e.g. couplings) directly from high-
dimensional data

B ujl)%s¢*‘f\.<.
+ R V(@)

Inference

x1U1: -
3 fMS S/(S+B) weighted sum
E -y é

S/(S+B) weighted events / GeV

Likelihood Likelihood
T Learning ratio trick Integration (e.g.
(e.g. flows or (e.g. CARL, MadMiner)
Summary INNs) f)
Statistics CIVINS SWYy

Cranmer, Brehmer, Louppe 1911.01429; Cranmer, Brehmer 2010.06439



Inference

Goal: Learn parameters of theory
(e.g. couplings) directly from high-
dimensional data

ik >A( k{)(ﬂé;%« T‘/\.c_
+Rg V(@)

No exact likelihood, but forward
simulations available: likelihood-free /
simulation based inference

Inference

x1U1: -
a5t fMS S/(S+B) weighted sum
E -y é

S/(S+B) weighted events / GeV

Likelihood Likelihood
T Learning ratio trick Integration (e.g.
(e.g. flows or (e.g. CARL, MadMiner)
Summary INNs) f
Statistics CIVINS SWYy

Cranmer, Brehmer, Louppe 1911.01429; Cranmer, Brehmer 2010.06439



Inference

Reconstructing axion-like particles from ‘d“
beam dumps using cINN approach "'

SHiP

Search for Hidden Particles

w

($17y17E17917¢1)

Infer axion mass
from measurement

B— Ka
(1:23 Y2, E27 92’ ¢2)
Inference . .
Zmin Zmax
cINN performance my, performance
for my;=1GeV for my=1GeV
| 1 |
1 I 1
300{ | Ll 1 I I detector on-axis
1 1 1 1 1 1
. . op: 0.1cm, og/E: 0.01,
€ 200+ : ! ! : Og,¢:1mrad
% : I | on: 0.1lcm, og/E: 0.01,
: | i i i 0Op,¢:5mrad
1007 |! Al 1! ! : Op:  0.1cm, og/E: 0.01,
| &L i ! : 0Op,4:10mrad
|
1 1 1 1

0 1 SRR LS . 1 . . :
0.00 0.02 0.04 0.06 0.08 0.00 0.02 0.04 0.06 0.08
o(logiom,[GeV]) o(logiom,[GeV])

More stable vs resolution than
traditional approach

Morandini, Ferber, Kahlhoefer 2308.01353: See also recent ATLAS result: 2412.01600



Experiment Design

Automatically learn to arrange
sensors given a physics target

The CERN accelerator complex
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Experiment Design

Automatically learn to arrange
sensors given a physics target

Comploe ds sy b i Exam ple tuni ng positions of
detectors for a gamma ray
- observatory
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https://mode-collaboration.github.io/'; Dorigo et al 2310.01857
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Large Language Models

: : . Open Al 2020
Most impressive growth: 175 billion .

Large language models 15
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Impact for physics?
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Large Language Models

Focus of Al in Physics on data analysis:

Most impressive growth:

Large language models Better algorithms to handle numerical data
—Fuels discovery and insight

Impact for physics? —Much more to do
—But generally not ideal for language models
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Large Language Models

Focus of Al in Physics on data analysis:
Most impressive growth:
Large language models Better algorithms to handle numerical data

Impact for physics? What about symbolic problems instead?
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Large Language Models

Focus of Al in Physics on data analysis:
Most impressive growth:

Large language models Better algorithms to handle numerical data
Impact for physics? What about symbolic problems instead?
Example:

Generalised Polylogarithms g
S[F(L)] — Z Cflil,...,liQL lil R+ ® l?:zL

l’il 7777 7 \
Symbols

Integer coeflicients (functions of momenta)

EBgFF — {CL, b7 C, d7 €, f}

2405.06107



Large Language Models

Focus of Al in Physics on data analysis:
Most impressive growth:

Large language models Better algorithms to handle numerical data

Impact for physics? What about symbolic problems instead?

Example:

Generalised Polylogarithms S[.Fgél).-F] = (-2) [b®d+c®e+a®f+b®f+c®d+a®e] ;
S[Fis] =8[b®d®dR®d+cR®e®e®@e+aRfRf® f

S[I(L)] — Z Clz'l,...,lz'zL lil R R lizL [

+b®f®f®f+c®d®d®d+a®e®e®4
l' ..... l EEm
1 2L \ +16[b®b®b®d+c®c®c®e+a®a®a®f
+b®b®b®f+C®C®c®d+a®a®a®e].
Symbols

Integer coefficients (functions of momenta) 3-gluon form factor at 1-

and 2-loop
E — ) b7 y d’ ) ilh
sgre = 10,b,¢,d, €, f} (Billions at 8-loop)

2405.06107



Large Language Models

Focus of Al in Physics on data analysis:

Most impressive growth:
Large language models Better algorithms to handle numerical data

Impact for physics? What about symbolic problems instead?

ExampI?' _ N 73M 7™M 6M  5M  4M  3M  2M 1M
Generalised POIylogarltth 8 layers, d = 1024 98.8% 98.7% 98.2% 97.5% 96.7% 94.8% 90.8% 78.2%
8 layers, d = 512 96.2% 97.4% 98.4% 96.6% 95.3% 93.8% 88.5% 36.7%

S[ }'(L)] — E (livsoliap | R QL 6 layers, d = 1024 98.6% 98.9% 98.0% 97.9% 96.7% 94.8% 90.3% 58.5%
— 11 12L 6 layers, d = 512 952% 96.6% 96.9% 95.8% 94.4% 94.5% 87.9% 34.8%
dlayers, d = 1024 99.1% 98.9% 98.3% 97.9% 96.6% 94.9% 89.9% 39.1%

lilr-wlizLe['m 4 layers, d = 512 48.5% 96.0% 94.1% 48.3% 94.6% 81.7% 55.3% 33.9%

ML task: Predict
coefficients (and
understand learned rules)

Symbols
(functions of momenta)

EBgFF — {CL, b7 C, d7 €, f}

Integer coefficients

2405.06107



Large Language Models

Most impressive growth:
Large language models

Impact for physics:
Numerics
Symbolic

What else?



Large Language Models

Most impressive growth:
Large language models

Impact for physics:
Numerics
Symbolic

What else?

Virtual lab powered by ‘Al scientists’
super-charges biomedical research

Could human-Al collaborations be the future of interdisciplinary studies?

By Helena Kudiabor




Large Language Models

Most impressive growth:
Large language models

Impact for physics:
Numerics
Symbolic

Include agent-based
models as collaborators?

i8¢%'
XA

Human User

Immunologist
Title, Expertise, Goal, Role

Principal Investigator
Title, Expertise, Goal, Role

Machine Learning Specialist
Title, Expertise, Goal, Role

Computational Biologist
Title, Expertise, Goal, Role

D | Scientific Critic

Title, Expertise, Goal, Role
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do °P—p
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Synthesis & Questions
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Summary
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Critique
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https://www.biorxiv.org/content/10.1101/2024.11.11.623004v1







Tools

Frequent statement: Isn’t machine
learning just a tool?
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Tools

Frequent statement: Isn’t machine
learning just a tool?

Yes, but so is e.g. the CMS pixel
detector or a telescope
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Tools

Frequent statement: Isn’t machine
learning just a tool?

Yes, but so is e.g. the CMS pixel
detector or a telescope

Simple architectures are like hammers: .
Easy to apply (and potentially automate)

output layer
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Tools

Frequent statement: Isn’t machine e MobelFrize in Fhysics 2024
learning just a tool?

Yes, but so is e.g. the CMS pixel :
detector or a telescope o otts Gotteyrnten

3000 A + L-GATr-f.t.
ParT-f.t.+ +
| MIParT-f.t.
2500 PELICAN
~ LorentzNet L-GATr

™

Simple architectures are like hammers:

W ParticleNet-f.t.

Easy to apply (and potentially automate)

TopoDNN Equivariant+Pretrained ¢

2016 2018 2020 2022 2024 2026 2028

time of publication

High Energy Physics Workflow

. | S SDEEEmnE-
Complex learning setups or architectures -

_ _ . == =[] ] A ]
encoding physics are needed to maximise |
potential of big data = DL

More like a small experiment - *
p 59 Do:g;m %i| Backbone HZH Head |




Conclusions

Best performance reached by compute
(e.g. attention mechanism) combined
with large-data pre-training & physics
insight

Generative models/likelihood learning as
flexible approach for many components
of data analysis and far beyond

Foundation models have the potential for
synergies between problems/
experiments/communities

Large language models offer new
directions e.g. for symbolic approaches
or collabiration with Al agents

Thank you

ML4Jets in Hamburg in 2023

Look forward to ACAT 2025
https://indico.cern.ch/e/acat2025

Rebuilding the Scientific Process: Al at the Heart of Theory, Experiment, and
Computation in High-Energy and Nuclear Physics




