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PARTICLE PHYSICS -+ MACHINE LEARNING ot 5602100182

» Particle physics has a long history of applying machine learning

» From the early days in the 1980s a
applying neural networks to tracking

» To the Higgs boson discovery in 2012
applying boosted decision trees to
identity H — 77
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INTRODUCTION & OUTLINE 3

» ML has changed the way we do physics searches and measurements

» Itis an essential and versatile tool that we use to improve existing
approaches

» It enables fundamentally new approaches

» How are LHC experiments applying novel ML techniques?

» Improved classification, calibration, & uncertainties
» Faster simulation

» Unfolding

» Anomaly detection

» Summary and outlook
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FROM BDTS TO GNNS AND TRANSFORMERS

» Great strides made to leverage rich low-level information with graph neural
networks and transformers for a variety of tasks including jet classification

ATLAS-PLOTS-FTAG-2023-01 5

» Major improvements demonstrated

C-jet rejection
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
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IMPACT OF GNN TAGGING CMS-PAS-EXO-24-007 6

Small-radius jets | Large-radius jet

» Previously search for boosted Z' — gg resonances q

reconstructed as large-radius jets with substructure i

» Now signal distinguished from the backgrounds using ,
ParticleNet GNN discriminants " .

Boosted jets: Increasing transverse momentum, p;

» Stringent limits on universal g, coupling
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https://cms-results.web.cern.ch/cms-results/public-results/publications/EXO-16-030/
https://cds.cern.ch/record/2904945?ln=en

LANDSCAPE OF BOOSTED HIGGS BOSON FINAL STATES CMS-PAS-HIG-23-012 7

> CMS ParticleNet has been

CC

successfully deployed to fbadon)  ww
identify H=gq vs. QCD o ‘:t‘:‘: Z
large-radius jets in mass- somideptonio) o 2
agnostic way using a highly - o :
granular multiclassifier o qq(gild)
» Extend this same approach to o o |
a large array of final states, o e
including H—=VV, all-hadronic — j
(3- or 4-prong), and semi- ot - " :
leptonic modes " b 1
QCD be 1

others (light)


https://cds.cern.ch/record/2904879

arXiv:2202.03772

GLOBAL PARTICLE TRANSFORMER TX220203772

» Global Particle Transformer algorithm uses learned “attention” (and pairwise
features) to give more weight to certain particles, and disregard others _

in order to infer the origin of jets

» Challenge to calibrate these taggers
when there is no SM analogue for the

signal we can isolate

» New technique uses Lund jet plane
for calibration

» Effectively measure scale factors per

quark subjet/_\

_— >

Measure tagger P
eﬁiCiency pet’-quark .............................

| — y\—/
\

Product of per-quark data / sim. differences
= SF + uncertainty on HVV(4q) tagging

T —



https://arxiv.org/abs/2202.03772
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CMS BOOSTED HADRONIC HHBBVV SEARCH CMS-PAS-HIG-23-012 9

Merged large-radius jets

» Enables a new search for boosted HH — bbVV — bb4dq
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https://cds.cern.ch/record/2904879

CMS-DP-2024-066

UNIFIED PARTICLE TRANSFORMER SMALL-RADIUS JETS CMS-DP-2024-064 10

» Unified approach using same architecture to tag heavy flavor, tag hadronic
taus, regress jet energy, and estimate jet energy resolution

» Rectified normed gradient method (R-NGM) adversarial training
on nominal

used improve model robustness even when facing perturbed or
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PARTICLE ID WITH TRANSFORMER

arXiv:2403.17436
arXiv:2401.01905 11

» Transformer for particle ID in ALICE

» Use domain adversarial neural networks

InputSet

can result in higher purity and efficiency than

standard methods

to mitigate data-simulation differences

Embedding

>

Y Transformer
Encoder

Self-
Attention

Transformer

Classifier

Prediction
Softmax ”S —» = >
|I
Proton PID Results
Model Precision Recall Fq
Standard 99.40 £+ 0.01 59.72 £+ 0.03 74.61 &+ 1.88
Ensemble 97.16 == 0.46 93.74 4+ 0.30 95.42 + 0.12
Mean 97.85 4+ 0.41 93.34 4 0.32 95.54 4 0.06
Proposed 97.80 4 0.44 93.86 = 0.27 95.79 + 0.07
Regression  97.38 4 0.40 93.67 = 0.38 95.49 £ 0.15
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https://arxiv.org/abs/2403.17436
https://arxiv.org/pdf/2401.01905

SYSTEMATIC-AWARE LEARNING CMS-PAS-MLG-23-005 12

» Standard classifier training (CENNT) optimizes for signal vs. background
discrimination without considering systematics and other effects that affect the
ultimate figure: uncertainty Ar, on a physics parameter r,

» By implementing the analysis chain (including systematics) in a differentiable
way, we can directly optimize for min. Ar, in the neural network training!

» Key choosing gradients for histogram operationy — H(Y)

Initial dataset Classification Histogram POls

Dx CR™¥ | x = §(x,w) | Dy C R y o H(E) |Duc N*t ' min (— log (£)),] s & Ars

U



SYSTEMATIC-AWARE LEARNING

CMS-PAS-MLG-23-005 13
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TOWARD HL-LHC

CERN-LHCC-2022-005 15
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» Simulation is a key driver of CPU needs for the HL-LHC

» ML can be used to “short cut” simu
evaluating systematic uncertainties or higher order corrections

lation needs, e.g. additional samples for


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/UPGRADE/CERN-LHCC-2022-005/

FASTCALOGAN CSBS 8, 7 (2024) 16
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» GAN/VAEs trained to parametrize the detector
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/SIMU-2020-04/

NEURAL NETWORK REWEIGHTING CMS-PAS-MLG-24-001 17

dN/dx — w(x) X dN/dx

dN/dx Sample 1
need w(x) = py(x)/p;(x) sgmglz 2

» Likelihood ratio trick: a neural network classifier f(x)
trained to distinguish the two samples approximates

this ratio: f(x)/(1 — f(x)) = py(x)/p;(x)
» CMS use cases for top quark physics

» To reweight sample from p,(x) to sample from p,(x)

» Reweight MC for evaluation of systematic uncertainties

» Reweight MC to higher-order theory predictions

oY
’ WE
| . . C



https://cds.cern.ch/record/2904938?ln=en

HIGHER ORDER REWEIGHTING RESULTS

CMS-PAS-MLG-24-001 18

» Parton level information input to the
Particle Flow Network:

» 4-vector (pp,n, ¢, m) and PID of [1, ¢, t1]
system of the showered events
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» Method closes within ~2% of target
NNLO distribution
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MEASUREMENTS & UNFOLDING WITH OMNIFOLD arXiv:2405.20041 20

» Omnifold used to unfold 24 Z+jets kinematic observables in ATLAS

» Detector-level MC corrected by w(x,) to match data

» Particle-level MC corrected by v(x,) to match w(x,)-adjusted MC
» Method repeated four more times

» Final measurement is v(x )-weighted MC events

. . OmniFold
el Particle-level MC Particle-level MC  measurement

- v o(X,)-adjusted |
T MC Final iteration
Lo eI DN -
’/(xp) ...... I/(Xp)
A
> g

Ap Ap

.....
---------------------------------------------------------------------------------------------------------------------------------------------------------------

Repeat X 4

Detector-level MC '



https://arxiv.org/abs/2405.20041

MEASUREMENTS & UNFOLDING WITH OMNIFOLD arXiv:2405.20041 21

» Unbinned results provided as 24-dim. dataset on Zenodo and code on GitLab

» Enables measurement of new observables not presented in original paper!
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LANDSCAPE OF BSM SEARCHES https://indico.cern.ch/event/1188153/ 23

» Supervised = full label information

» Semi-supervised = partial labels
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ANOMALY DETECTION: OBJECT PAIRS

» Autoencoder applied to physics-informed

representation (rapidity-mass matrix)

» Anomaly score selection corresponding to 10 pb

» Model-independent limits placed in 9 final states:
j*j, j+b, b+b, j+e, b+e, j+Y, j+u, b+, and b+y
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for the level-1 trigger based on a
variational autoencoder

AXOL1TTL rates and score distributions for 2024
data taking
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» Autoencoders can be too good at reconstructing signal, meaning signal is not
flagged as anomalous (high reconstruction error)

» Normalized autoencoder approach designed to mitigate this issue—align low
reconstruction error phase space with background phase space

LA L L D L e
1'_ LLHCDb Simulatiog

f

Arbitrary units

0.1
0.01 {

1073 3

-1.0 -0.5 0.0 0.5 1.0 1.5
logi10(MSE)



https://cds.cern.ch/record/2899695?ln=en
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» Model data as py(x) x exp [—MSE (x, AEH(x))] and minimize —In py(x)

» In practice, approximately minimize this through clever reframing
» Sample “negative” samples from py(x) using MCMC

» Sample “positive” samples from

3L LN B S B I B N B
- LHCDb Simulation

pdata(x) §

o o ° o . EP 1 = e ® ° o =
» Minimize difference in expected E : :
R _
MSE between negative and positive < [ 00.9% bike e] -
; Train, bkg -

samples _ Test, sig
) ) . o i Test, bkg _
» With this change in training, can MOl E :
capture more signal as anomalous! sl * -
RSN

-2 -1 0 1

logi10(MSE)


https://cds.cern.ch/record/2899695?ln=en

IMPROVED JAGGERS
FASTER SIMULATION
UNFOLDING

ANOMALY DETECTION




SUMMARY AND OUTLOOK 30

» Dizzying array of ML opportunities, innovations, and
applications in LHC experiments, which directly impact
physics results

» New ideas re-thinking what is the best way to apply ML

» Not only concerned with performance but also
robustness, interpretability, and insensitivity to 2 RN
modeling uncertainties... \MXHRN/

» Use cases beyond classification including "
unfolding, anomaly detection, and more...

» ML enables new searches and measurements that were
impossible before
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ANOMALY DETECTION: 5 COMPLEMENTARY METHODS
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» Weakly supervise
» CWola Huntin

» Tag N’ Train (TN

» Classitying anomalies through outer
density estimation (CATHODE

» Unsupervised

» Variational autoencoder with
quantile regression (VAE-QR)

Encoder

» Hybrid: encode “signal prior”
based on expected signals
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GNN4ITK
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» GNINA4ITK track reconstruction approaching standard CKF approach
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