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LHC: precision & uncertainties

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

Strengths
- fundamental questions
- huge data set
- first-principle, precision simulations
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LHC: precision & uncertainties

Classic motivation First-principle simulations

- dark matter? - start with Lagrangian

- matter vs antimatter? - calculate scattering using QF T

- origin of Higgs boson? - simulate collisions

— LHC events in virtual worlds

Strengths

- fundamental questions Searches and measurements

- huge data set - compare simulations and data

- first-principle, precision simulations - infer underlying theory [smoresm

- publish data to re-interpret
— Understand LHC data systematically
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scattering decay QCD shower detectors
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Brief ML-intro

Similar to fit
- approximate fy(x) ~ f(x)
- no function, but very many 6
- data representation 6

Applications
- regression X — fo(x)
- classification X — po(x) € [0,1]
- generation r~N — pg(r)

- conditional generation r ~ N — pg(r|x)

LHC
- x always phase space
- symmetries, locality, etc known
— Is LHC data images or language?



Network training

Learned scalar field fy(x) ~ f(x)
- maximize parameter probability given (f;, o;)

p(x10) p(9)

6 = argmax p(0|x) = argmax
gmax p(6|x) = arg o0

— Gaussian likelihood loss
1= Ry
p(x16) o< T exp ( 202

j

f— fo(x)?

= ﬁE—logp(X|0):§ ‘/2#
j ]



Network training

Learned scalar field fy(x) ~ f(x)
- maximize parameter probability given (f;, o;)

_ _ p(x19) p(6)
0 = argmax p(6|x) = argmax p(x)

— Gaussian likelihood loss
1= Ry
p(x16) o< T exp ( 202

j

f— fo(x)?

= ﬁE—logp(X|0):§ ‘/2#
j ]

Unknown uncertainties
- loss including normalization

£(x) — fo(x) 2

L=
20‘9(X)2

+logog(x)+ - -

- if needed replace with Gaussian mixture model
— Learning function and (systematic) uncertainty




ML in experiment

TOp taggi NQg [classification, 2016-today]
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- ‘hello world’ of LHC-ML ..
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ML in experiment

Top tagging (cassiication, 2016-today]

- ‘hello world’ of LHC-ML ..
end of QCD-taggers
ever-improving  [Huiiin Qu]

— Driving NN-architectures
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ML in phenomenology

Parton densities  [NNPDF, 2002-today]

- LHC-ML classic
- pdfs with uncertainties and without bias
— Driving precision

The Path to N'LO Parton Distributions

NNPDF Coll
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ML in phenomenology

Parton densities [NNPDF, 2002-today]
- LHC-ML classic
- pdfs with uncertainties and without bias
— Driving precision
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Ultra-fast simulations  [sherpa, MadNIS, MLHad]
event generation modular

- better ML-modules
— MadNIS — MadGraph7 e @130 Emmm 0 E=m
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ML in theory

Optimizing integration paths [invertible networks]

- compute Feynman integrals scivo- | -
‘Targeting multi-loop integrals with neural networks

- learn optimal integration pat’ e o e e
— To be implemented...
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ML in theory

Optimizing integration paths [invertible networks]
- compute Feynman integrals
learn optimal integration pat’
— To be implemented...

Scipost| ——

Targeting multi-loop mlcxrals with neural networks

Abstract

Lo Il
P Ps P2 " p,
s

String landscape [reinforcement learning]
- searching for viable vacua
high dimensions, unknown global structure
— Life on Mars?

Probing the Structure of String Theory Vacua with
Genetic Algorithms and Reinforcement Learning

Abstract
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Statistics and systematics

Statistical approach  (varin Gal (2016)]
- expectation value with internal representation 6
4 = [aanpax) = [ A [ do p(Ale) p(olAwn)
- training a generalization
[ 96 pA16) pl61Awan) ~ | do p(A10) q(0)


http://www.cs.ox.ac.uk/people/yarin.gal/website/

Statistics and systematics

Statistical approach  (varin Gal (2016)]

- expectation value with internal representation 6
4 = [aanpax) = [ A [ do p(Ale) p(olAwn)

- training a generalization
[ 96 pA16) pl61Awan) ~ | do p(A10) q(0)

- similarity from minimal KL-divergence

D [(0)., P(6] Awan)] = / d0 q(6) log %
_q(0)P(Avain)
= [ a0 ) 10s 5 PR
~ [ 90 a(0) tog p(Awanl0) + [ 6 q(0) |og% .

- regularized likelihood loss

£ =~ [ d6.q6) tog p(Ausal9) + Diala(®). p(O)
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Statistics and systematics

Statistical approach  (varin Gal (2016)]
- expectation value with internal representation 6
4 = [aanpax) = [ A [ do p(Ale) p(olAwn)
- training a generalization
[ 96 pA16) pl61Awan) ~ | do p(A10) q(0)

- similarity from minimal KL-divergence

D [(0)., P(6] Awan)] = / d0 q(6) log %
_q(0)P(Avain)
= [ a0 ) 10s 5 PR
~ [ 90 a(0) tog p(Awanl0) + [ 6 q(0) |og% .

- regularized likelihood loss
L=— / d6 q(8) log p(Awain|®) + Di[q(8), p(6)]
— Variance

o2 = /dA/d9 ) P(Al0) q(0) = Usyst +Ustat
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- systematics: artificial noise
- statistics plateau

Amplitudes with calibrated uncertainties

Loop amplitude gg — vvg(g) over phase space
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Amplitudes with calibrated uncertainties

Loop amplitude gg — vvg(g) over phase space

- systematics: artificial noise
- statistics plateau
- accuracy over phase space

_ AnN(X) — Aurue(X)

A(x) =
Atrue(X)
4 8
Fomear =10% — BWN Fomear = 5% — BNN
3 — RE 6 — RE
— Det —— Det
= E
<2 <4
1 2
0 0
-04 -0.2 0.0 0.2 0.4 —-0.2 —-0.1 0.0 0.1 0.2



Amplitudes with calibrated uncertainties

Loop amplitude gg — vvg(g) over phase space

- systematics: artificial noise
- statistics plateau

- accuracy over phase space
_ Aw (X) = Awue(X)

A(x) =
( ) Atrue(X)
- pull over phase space
Ann(X) — Are(x)
foyst(X) = ————————
sys( ) Usys1(x)
0.4
fomear = 5% — BNN
0.3 ~ RE
— Det
Jo2 — #(0,1)
0.1
0.0

T—50 —25 0.0 2.5 5.0
t,

syst




Amplitudes with calibrated uncertainties

Loop amplitude gg — vvg(g) over phase space
- systematics: artificial noise
- statistics plateau

- accuracy over phase space

_ AnN(X) — Aurue(X)
A(X) - Atrue(X)

- pull over phase space

A — A

tysi(X) = 7NN(2W(X1) ue(X)

Towards zero noise x1078

- scaling o BNN e

2 2 2
Osyst — Tsyst,0 = Ttrain -~

-8
O train x10




Amplitudes with calibrated uncertainties

Loop amplitude gg — vvg(g) over phase space

- systematics: artificial noise
- statistics plateau
- accuracy over phase space

- pull over phase space

Towards zero noise
- scaling
2 2 .~ 2
Osyst — Tsyst,0 ~ Otrain
- plateau (osyst/A) ~ 0.4%
— Limiting factor??

A(x) =

fsyst(X) =

_ AnN(X) — Aurue(X)

Atrue (X )

Ann(X) — Arrue(X)

Usys1(x)
L BNN
W - RE
,-/'/ - Det
0 2 4 6 8 10

fomear [%]




Amplitudes with calibrated uncertainties

Loop amplitude gg — vvg(g) over phase space

- systematics: artificial noise
- statistics plateau

- accuracy over phase space
_ Aw (X) = Awue(X)

A =
(x) Arue (X)
- pull over phase space
Ann (%) — Aurue(X)
Data pre-processing 0.08 Det-DSI

BNN-DSI

Det-1

Det GELU
Det ReLU

- amplitude from invariants
- learn Minkowski metric

- Deep-sets-invariant network 2 0.04
L-GATr transformer

0.06

0.02

1076 1074 1072 10° 10%
|A]




Amplitudes with calibrated uncertainties

Loop amplitude gg — vvg(g) over phase space
- systematics: artificial noise
- statistics plateau

- accuracy over phase space
Ann(X) — Aurue(X)

A(x) =
( ) Alrue(x)
- pull over phase space
Ann(X) = Are(X)
lyst(X) = ——————
syst( ) Usysl(x)
Data pre-processing
- amplitude from invariants 0.4 — Det-DSI
. . . —— BNN-DSI
- learn Minkowski metric et
. . 03
- Deep-sets-invariant network ) — Det GELU
L-GATr transformer 2 02 —— Det ReLU

— Calibrated systematics A4(0,1)




ATLAS calibration

Energy calibration with uncertainties [ATLAS + Heidelberg]

- interpretable calorimeter phase space x

- learned calibration function
EobS(X)

RNN(X) + ARNN(X) ~ EdT(X)

- systematics: noise in data
network expressivity
data representation ...



ATLAS calibration

Energy calibration with uncertainties [ATLAS + Heidelberg]

- interpretable calorimeter phase space x
- learned calibration function
- EobS(X)
RNN(X) + ARNN(X) ~ EdT(X)
- systematics: noise in data
network expressivity
data representation ...
— Understand (simulated) detector

ATLAS Simulation Internal

. . . & = 13TeV anik R = 0.4 EMTopo jets Topo-clusters with
(55 oo, S <. £50 & o
- ATLAS Simulation Internal _ ag0p SEZ RO <EEL w0y 85 < o < 120
5 10 V& = 13TeV antikr R = 0.4 EMTopo jets 3 E > 108 8
o JES > 20 Gev, [y/ES| < 2, E%® > 300MeV E A =
2 2 e ATl <2 B = B £
F10°E ERE A e
° < 3000 i H
10 i ; H / 10t
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ot ! ! 7
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109 F : : E 7
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Generative Al

Simulations, MadNIS, calorimeters,...
- learn phase space density

fast sampling Gaussian — phase space e B N o wp
Bayesian generative network — uncertainties b Transformer
- Variational Autoencoder ] T
— low-dimensional physics
- Generative Adversarial Network
— generator trained by classifier
- Normalizing Flow/Diffusion
— (bijective) mapping

- JetGPT, ViT
— non-local structures 05

0.8 ¥ =
L )

0.74

Neural classifier AUC

0.6

- Equivariant L-GATr Number of training samples
— Lorentz symmetry for efficiency

— Equivariant transformer CFM...

forward

Y

scattering decay QCD shower
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Controlling generative Al

Compare generated with training data

- generation: unsupervised density
- classify training vs generated events D(x)
learned density ratio  (Neyman-Pearson]

w(x;) = D(x;) _ Pdata(Xi)

1- D(Xi) B pmodel(xl)
— Test ratio over phase space



Controlling generative Al

Compare generated with training data

- generation: unsupervised density

- classify training vs generated events D(x)
learned density ratio [Neyman-Pearson]

w(x;) = D(x;) _ Pdata (Xi)

11— D(Xi) a pmodel(xi)
— Test ratio over phase space
Testing NN-generators

- accuracy from width of weight distribution
- tails indicating failure mode

—— Part
. 101{ —— Gen
— Systematic performance test

100

Normalized
=
<

VLD
CFM
TraCFM




Transforming LHC physics

Number of searches

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

Optimal analyses
- theory limiting many analyses
- include predictions not in event generators

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 detectors
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ML-Unfolding

View as generative inference [sthe etal, Macke etal]

- four phase space distributions

unfolded inference,
Psim(Xpart) ——————  Punfold (Xpart)
p(xreco |Xpar1)J L’(Xpart IXreco)
forward inference
Psim (Xreco) Paata(Xreco)

- learn conditional probabilities from (Xpart, Xreco)  lforward-inverse symmetric]
— Unbinned and high-dimensional unfolding



ML-Unfolding

View as generative inference [ksthe etal, Macke etal]

- four phase space distributions

Psim (Xpan)

unfolding inference
—

p(xreco |Xpar1)Jv

Psim (Xreco)

forward inference

Puntold (Xpart)

IP(Xpan | Xreco

Pdata (Xreco)

)

- learn conditional probabilities from (Xpal'ta Xreco) [forward-inverse symmetric]
— Unbinned and high-dimensional unfolding

OmniFold

- learn psim(Xreco) < Poata(Xreco)
- reweight Pgim (Xpart) — Punfold (Xpart)

Psim (Xpart)

pull/push weights[

Psim (Xreco)

— Z+jetsin 24D (atLas)

classifier weights
Punfold (Xpart)

classifier weights
Pdata (Xreco)

=, ATLAS V5 =13 TeV, 139 B!
= Z 5 i, i > 200 GeV
q Anticke R = 0.4, i} > 5GeV
= .
z o
S 5o
B P
. =
* =
102 -
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215
é 1.0 v 5
=05

0 1 2



Unfolding top decays

Top mass as high school project [Heidelberg + CMs]

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

- simulation ms VS data My [too bad to reweight]

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

p(xreco |Xpan)J ]‘Fmodel (Xpart | Xreco ;Ms)

correspondence

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

— train on ms-range
include batch-wise Mj; € Xreco




Unfolding top decays

Top mass as high school project (Heidelberg + CMs]

- first  measure m; in unfolded data
then unfold full kinematics
- simulation ms VS data My [too bad to reweight]

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

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

correspondence

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

— train on ms-range
include batch-wise Mj; € Xreco

- . 0.06 m, =171.5 GeV _
Preliminary unfolding results [racrm ' gen
_?31 0.04 —— unfolded
- 4D for m;-measurement = rec
uncluding myy-calibration §
. Z
- 12D published data
— CMS data next gt
075
—10.0 .
St T e T ]
S o1 LTI
120 140 160 180 200 220




ML for LHC Theory

Developing ML for the best science

1 just another numerical tool for a numerical field
2 completely transformative new language
- driven by money from data science and medical research
- physics should be leading scientific Al
10000 Einsteins...

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

— Complexity your friend

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, German
 LPNHE, Sorbonne Université, Université Paris Cité, CNRS/IN2P3, Paris, France
“ HEPHY, Austrian Academy of Sciences. Vienna, Austria
4 CP3, Université catholique de Louvain, Louvain-la-Neuve, Belgium

March 19, 2024

Abstract

bullying s way into: For young

P . e
fange of LHC tudents with basic knowledge of p

enthusiasm for machine learning (o relevant ap They start with an LHC-specific motivation and a non-standard
d th ion, i d

are well-defined Toss functions and uncertainty-aware networks.
As part of the applications, the notes include some aspects of theoretical LHC physics. All examples are chosen from
particle physics publications of the last few years.

problems. Two themes defining much of the i

12211.01421v2 [hep-ph] 17 Mar 2024


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

Generative Al with uncertainties

Bayesian generative networks

- encoding phase space probabilities
- events with error bars on weights

- learned density & uncertainty
reflecting network learning

— Generative networks like fitted densities




Generative Al with uncertainties

Bayesian generative networks
- encoding phase space probabilities
- events with error bars on weights

- learned density & uncertainty
reflecting network learning

— Generative networks like fitted densities

Z + 1 jet exclusive

—— Reweighted

Z+jets events

- per-cent accuracy on density
- statistical uncertainty from BNN

- systematics in training data

. —15 GeV 2
w=1+a <7PT’“ )

100 GeV

- training with condition a
sampling including a

— Precision and uncertainty control 1

0 50 100 150
P [GeV]
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