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» Particle physics has a long history of applying machine learning
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» Particle physics has a long history of applying machine learning

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




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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UNFOLDING
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SUMMARY AND OUTLOOK




FROM BDTS TO GNNS AND TRANSFORMERS ATLAS-PLOTS-FTAG-2023-01 5

» Great strides made to leverage rich low-level information with graph neural
networks and transformers for a variety of tasks including jet classification
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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
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|MPACT UF GNN TAGG'NG CMS-PAS-EXO-24-007 6

Data/Prediction

Small-radius jets | Large-radius jet

» Previously search for boosted Z' — gg resonances q

reconstructed as large-radius jets with substructure i
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Boosted jets: Increasing transverse momentum, p;
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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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LANDSCAPE OF BOOSTED HIGGS BOSON FINAL STATES CMS-PAS-HIG-23-012 7

» CMS ParticleNet has been
successfully deployed to
identify H=>qq vs. QCD
large-radius jets in mass-
agnostic way using a highly o N
granular multiclassifier o ) | < 7
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> 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
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GLOBAL PARTICLE TRANSFORMER Xv220203772

» 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
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GLOBAL PARTICLE TRANSFORMER Xiv220203772

» 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
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» 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
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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

0 CMS Preliminary 138 fb~! (13 TeV)
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Merged large-radius jets

» Enables a new search for boosted HH — bbVV — bb4dq
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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

- CMS Simulation Preliminary 13.6 TeV
RN E=] I e S S N O T O O O I L
7)) B i y 4
S tt event, b-jets -
51 10[- nl < 2.5 L
= Bl UParT i
QL B ParticleNet |
G
5 1.05}-
)
=
1.00[ .
0.95}- .
0.90|- ‘ i
(185_; — |

| | | | | | | | | | | | | | | |
100 200 300 400


https://cds.cern.ch/record/2904702
https://cds.cern.ch/record/2904704

UNIFIED PARTICLE TRANSFORMER SMALL-RADIUS JETS

CMS-DP-2024-066

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
used improve model robustness even when facing perturbed or

mismodeled inputs
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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
mismodeled inputs

CMS Simulation Preliminary 13.6 TeV CMS Simulation Preliminary
i s o4 ¢ % oz o8 ¢ 01 8 &2 ¥ ¥ 1 i 0§ §¢o§ ] A& i i e s SRS SIS [ [t SRt MO SUSH AN SR

3 1.15 ] 5 100 s |
= ttevent, b-jets | & i events
73 In| < 2.5 S [ pr>30GeV,|n<25
<1108 == UParT 1 B | mm UParT R-NGM on R-NGM
2, Bl ParticleNet _5 10-1 H8 UParT nominal on R-NGM v
E "g - 1 UParT R-NGM on nominal L
8 105 3= . B UParT nominal on nominal ," ,/
= G - — buvsc Y
g e b vs uds &i
1.00f 2 102} Ve ugsg |
0.95|- - g’
i ] 3 ,. / ,/’
O 1031k / /z ’
090_— H E i } , / 7 ’I/ //
it
/
- //
0.85———

| | | | | | | | | | | | | | | | I | | | , /l
—-4 | | | I | | | | | III / l/ll | | | | | | | |
100 200 300 4?()? 1050 0.2 0.4 0.6 0.8 1.0
pT [GeV] b-jet tag efficiency


https://cds.cern.ch/record/2904702
https://cds.cern.ch/record/2904704

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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» 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
can result in higher purity and efficiency than
standard methods
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|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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» 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
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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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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,

Initial dataset
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» 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
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CMS-PAS-MLG-23-005

13

» CENNT optimizes for separation, while SANNT (Ar,)
concentrates signal in bins with smaller background

uncertainty
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» Simulation is a key driver of CPU needs for the HL-LHC
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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
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» Can we replace slow Geant4-based simulation
of ATLAS calorimeter with fast generative ML?


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/SIMU-2020-04/
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» Can we replace slow Geant4-based simulation
of ATLAS calorimeter with fast generative ML?

» GAN/VAEs trained to parametrize the detector
response to photons, electrons, and pions
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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) 322.'3.2 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)

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

CMS Simulation Preliminary
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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

Detector-level MC
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» 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
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» 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

Particle-level MC ~ ,
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» 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
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» Unbinned results provided as 24-dim. dataset on Zenodo and code on GitLab
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» 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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» Autoencoder applied to physics-informed
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» 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

1011II|IIII|IIIIIIIIIIII|IIII|IIIIIIII
——— Data =
10"k ATLAS tbH* (2 TeV)
10°E Vs=13TeV, 140 b Wige ~ W gTeV)
s mmee Z - (2 TeV)
10 P oM Z' | W' (2.2 TeV)
10~ 7 Z' (DM) (2 TeV)
6
10 —10 pb AR
105 mena ] pb AR

ATLAS

Vs=13 TeV, 140 fb’

—— Data
—— Background fit
v?/ndf=1.10

1073

o x Ax Ex B[pb]

10~

o T IIIIIIII I IIIIIIII I IIIIIIII I IIIIIIII I IIIIIIII I IIIIIIII I IIIIIIII [ LI

10°°

(epss me(j)  me(ja)  omr(y) omr(m)  omr(ps)  omp(aw)
hr(71)  er(s1) m(1,72) -..-m(1,98) m, p1) m(, p2) - ..m(j1, pn)
hi(32) h(j1,72) der(jz) -..m(j2,98) m(j2, p1) m(J2, p2) .. .m(J2, in)
hr(in) h(ji, Jn) der(in) mQin, pr) mQin, p2) - m(jn, pin)
hi(pa) h(pn, i) h(pasja) o h(ua,gn)  er(pn)  mun, pe)  mp, pn)

hL(M2) h(:u27jl) h(p, jo2) ---hIMz,jN) h(M1>M2) oer(piz) m(,uza/JN)

\ho(uw) b i) (. ga) - (i) Bl ) Bl pe)  der(un) )

PRL 132 (2024) 081801 25

III|IIII|IIII|IIII|IIII|IIII|IIII

ATLAS 95% CL Upper Limits
/m, = 0 Obs.
s=13 TeV, 140 fb™ XMy S

[ 1 1111l

—a— o,/m, = 0.15 Obs.
------ O‘X/mx = 015 EXp

0..
L4
' L4
L4
4

5
e,
5
°
5
Lo

- [

1 2 3 4 5 6

L LTl

~


https://link.aps.org/doi/10.1103/PhysRevLett.132.081801

Rate [Hz]

CMS-DP-2023-079
CMS-DP-2024-XXX 26

CMS Preliminary 0.767 fb~1, 2024 (13.6 TeV)
E Rate Monitoring

10° Fill 9707
| —— L1 Physics Rate

105-5 —— Single Muon Trigger

| —— AXO Very Tight
1] _—
10 Lt W oy s i ey o
] VALY )
10°: "
1071

J HT Trigger ‘
10 i — AXO Very Loose — . — e A et
33 —— AXO Loose
10-° : N
; AXO Nominal ~

ANOMALY DETECTION @ LEVEL-1 TRIGGER

» AXOL1TL anomaly detection algorithms
for the level-1 trigger based on a o
variational autoencoder

» AXOL1TL rates and score distributions for 2024
data taking

| —— AXO Tight A

|

NN 0SB M AL ol
A0 o0 O 10'90 ’L\:‘QQ ’ﬂ;‘QQ 7:5‘00 0@90 0\:90 0’2;90 03"00 0&.‘00 0‘)"00 06‘00 sl .‘00 & 90 09'90 o' 00 \:\ \"L Q0 > 00
Time [UTC]



https://cds.cern.ch/record/2876546?ln=en
https://twiki.cern.ch/twiki/bin/view/CMS/AXOL1TL2024

Rate [HZ]

ANOMALY DETECTION @ LEVEL-1 TRIGGER

CMS-DP-2023-079

CMS-DP-2024-XXX 26

=
o
(o)}

104

102

101

AN

» AXOL1TL anomaly detection algorithm

for the level-1 trigger based on a

variational autoencoder
» AXOL1TTL rates and score distributions for 2024

data taking

» Pure contribution shows AXOLT1TL selects

unique events relative to existing level-1 trigger

_CMS Preliminary

0.767 fb~1, 2024 (13.6 TeV)

7 —— Single Muon Trigger
| —— HT Trigger

i —— AXO Very Loose

| —— AXO Loose

3]
10 | —— AXO Nominal —

| —— AXO Tight
{ —— AXO Very Tight \//

1071

Rate Monitoring
Fill 9707

—— L1 Physics Rate

o \fb"o '\9"0 ,-LQ‘.Q fi\«"g "L’L.‘Q ’1:5"0 00"0

0
0\?'0

0
A

o

QX

QL o© 06"00 0690 sl “00 0%"00 Q0 \’0..00 Q Q Q

WO 0
Time [UTC]

Events

CMS Experiment at the LHC, CERN
Data recorded: 2023-May-24 01:42:17.826112 GMT
Run / Event/LS: 367883 /374187302 / 159

CMS Preliminary 0.527 b1, 2024 (13.6 TeV)
I I | I | I | I I | I | I | | | I I | I |

Run 380470

[ All Scouting
AXO Nominal
2.7 AXO Pure

IR 1|

| L | l | L | | : L L | L L FErL| :'I | Lat L
0 500 1000 1500 2000 25

00
Emulated AXO Score

Selected by AXOL1TL,
but not other L1



https://cds.cern.ch/record/2876546?ln=en
https://twiki.cern.ch/twiki/bin/view/CMS/AXOL1TL2024

Rate [HZ]

CMS-DP-2023-079

ANOMALY DETECTION @ LEVEL-1 TRIGGER CMS-DP-2024-XXX 26

[
(@)
(o))

104

103:

102

101

1071

AN

4

CMS Experiment at the LHC, CERN Selected by AXOL1TL,
AXOL1TL anomaly detection algorith ms e e raatam o e O but not other L1

for the level-1 trigger based on a
variational autoencoder

AXOL1TTL rates and score distributions for 2024
data taking

Pure contribution shows AXOLT1TL selects
unique events relative to existing level-1 trigger

Preference for high multiplicity events

. . _1
CMS Prellmlnary 0.767 fb , 2024 (1 3.6 TeV) CMS Preliminary 0.527 fb!, 2024 (13.6 TeV) CMS Preliminary o 527 fb 1 2024 (13 6 TeV)
. . (D ! | I | | | I | I | 1 ! | I | I | I | | | I | I | U) = T T T T | T T T | -
Rate Monitoring Y= 106 - L - §
5 Fill 9707 s Run 380470 ; S 1071 Run 380470 ’
| —— L1 Physics Rate \ o, [ 1 All Scouting . |_|>_| - — JetHT ;
i Singl.e Muon Trigger 10 _ AXO Nominal _ 1065_ —— Double Muon -
| :)T(Jr\'/ggerl_ I 2"t AXO Pure ] ; — AXO Nominal -
| — ery Loose 104k | 105 o . -
| —— AXO Loose : - AXO Tight
| —— AXO Nominal — i 104k i
| —— AXO Tight =~ 103 . :
| —— AXO Very Tight 103k _:
10%E E i
: i 102k E
| o ==
| | C §
: 0 . Q : 0 . O . Q . O . Q . Q . O i Q . Q . Q . Q . Q ] Q : Q i Q . Q . Q . Q . Q SHNTRR R S R ST R ST N SEN SR E Rt L S L 3 I L T T T TN S SN T N 1 I S T T N
ST 807 400 0 T ™ T @ T ¥ @ Y 9 (8 10 8 @° 00 o 0 0 500 1000 1500 2000 2500 0 10 20 30 40

Time [UTC] Emulated AXO Score L1 Object Multiplicity


https://cds.cern.ch/record/2876546?ln=en
https://twiki.cern.ch/twiki/bin/view/CMS/AXOL1TL2024

NORMALIZED AUTOENCODER | HCB-FIGURE-2024-015 27

» 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
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» Model data as py(x) x exp [—MSE (x, AEH(x))] and minimize —In py(x)
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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
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» ML enables new searches and measurements that were
impossible before
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ANOMALY DETECTION: 5 COMPLEMENTARY METHODS CMS-PAS-EXQ-22-026 32

» Weakly supervised
» CWola Hunting
» Tag N’ Train (TNT)

» Classitying anomalies through outer
density estimation (CATHODE)

Classifier
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ANOMALY DETECTION: 5 COMPLEMENTARY METHODS

CMS-PAS-EXO-22-026 32

» Weakly supervise
» CWola Huntin

» Tag N’ Train (TN

» Classitying anomalies through outer
density estimation (CATHODE

» Unsupervised

» Variational autoencoder with
quantile regression (VAE-QR)
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» Hybrid: encode “signal prior”
based on expected signals
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GNN4ITK

ATLAS-IDTR-2023-06 33

» GNINA4ITK track reconstruction approaching standard CKF approach
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