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The Standard Model
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Standard Model Measurements
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A Toroidal LHC ApparatuS (ATLAS)
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ATLAS Slice
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ML in High Energy Physics (HEP)
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• ML is becoming more and more popular, HEP/LHC no exception


• Better algorithms → improved performance

https://iopscience.iop.org/article/10.1088/2632-2153/abbf9a
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The Standard Model
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Beyond the Standard Model?
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Beyond the Standard Model?
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qq→Z'

95% CL exclusions

Observed

Expected

~5% < Z'M / Z'Γ

, 13 TeV-135.9 fb
 resonance, (JHEP 2019, 031)tt

~10% < Z'M / Z'Γ

, 13 TeV-135.9 fb
 (PRL 123, 231803)γBoosted dijet+

, 13 TeV-1138 fb
Boosted dijet (EXO-24-007)

, 13 TeV-118.3 fb
Dijet+ISR jet (PLB 805, 135448)

, 8 TeV-119.7 fb
Dijet b-tagged (PRL 120, 201801)

, 8 TeV-119.7 fb
Dijet scouting (PRL 117, 031802)

, 13 TeV-135.9 fb
Dijet scouting (JHEP 2018, 130)

, 13 TeV-1138 fb
Dijet (JHEP 2020, 033)

~30% < Z'M / Z'Γ

, 13 TeV-135.9 fb
Broad dijet (JHEP 2018, 130)

~100% < Z'M / Z'Γ

, 13 TeV-135.9 fb
 (EPJC 78, 789)χDijet 
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ADD GKK + g/q 0 e, µ, τ, γ 1 − 4 j Yes 139 n = 2 2102.1087411.2 TeVMD

ADD non-resonant γγ 2 γ − − 36.7 n = 3 HLZ NLO 1707.041478.6 TeVMS

ADD QBH − 2 j − 139 n = 6 1910.084479.4 TeVMth

ADD BH multijet − ≥3 j − 3.6 n = 6, MD = 3 TeV, rot BH 1512.025869.55 TeVMth

RS1 GKK → γγ 2 γ − − 139 k/MPl = 0.1 2102.134054.5 TeVGKK mass

Bulk RS GKK →WW /ZZ multi-channel 36.1 k/MPl = 1.0 1808.023802.3 TeVGKK mass

Bulk RS gKK → tt 1 e, µ ≥1 b, ≥1J/2j Yes 36.1 Γ/m = 15% 1804.108233.8 TeVgKK mass

2UED / RPP 1 e, µ ≥2 b, ≥3 j Yes 36.1 Tier (1,1), B(A(1,1) → tt) = 1 1803.096781.8 TeVKK mass

SSM Z ′ → ℓℓ 2 e, µ − − 139 1903.062485.1 TeVZ′ mass

SSM Z ′ → ττ 2 τ − − 36.1 1709.072422.42 TeVZ′ mass

Leptophobic Z ′ → bb − 2 b − 36.1 1805.092992.1 TeVZ′ mass

Leptophobic Z ′ → tt 0 e, µ ≥1 b, ≥2 J Yes 139 Γ/m = 1.2% 2005.051384.1 TeVZ′ mass

SSM W ′ → ℓν 1 e, µ − Yes 139 1906.056096.0 TeVW′ mass

SSM W ′ → τν 1 τ − Yes 139 ATLAS-CONF-2021-0255.0 TeVW′ mass

SSM W ′ → tb − ≥1 b, ≥1 J − 139 ATLAS-CONF-2021-0434.4 TeVW′ mass

HVT W ′ →WZ model B 0-2 e, µ 2 j / 1 J Yes 139 gV = 3 2004.146364.3 TeVW′ mass

HVT W ′ →WZ → ℓν ℓ′ℓ′ model C 3 e, µ 2 j (VBF) Yes 139 gV cH = 1, gf = 0 2207.03925340 GeVW′ mass

HVT Z ′ →WW model B 1 e, µ 2 j / 1 J Yes 139 gV = 3 2004.146363.9 TeVZ′ mass
LRSM WR → µNR 2 µ 1 J − 80 m(NR) = 0.5 TeV, gL = gR 1904.126795.0 TeVWR mass

CI qqqq − 2 j − 37.0 η−LL 1703.0912721.8 TeVΛ
CI ℓℓqq 2 e, µ − − 139 η−LL 2006.1294635.8 TeVΛ
CI eebs 2 e 1 b − 139 g∗ = 1 2105.138471.8 TeVΛ
CI µµbs 2 µ 1 b − 139 g∗ = 1 2105.138472.0 TeVΛ
CI tttt ≥1 e,µ ≥1 b, ≥1 j Yes 36.1 |C4t | = 4π 1811.023052.57 TeVΛ

Axial-vector med. (Dirac DM) − 2 j − 139 gq=0.25, gχ=1, m(χ)=10 TeV ATL-PHYS-PUB-2022-0363.8 TeVmmed

Pseudo-scalar med. (Dirac DM) 0 e,µ, τ, γ 1 − 4 j Yes 139 gq=1, gχ=1, m(χ)=1 GeV 2102.10874376 GeVmmed

Vector med. Z ′-2HDM (Dirac DM) 0 e, µ 2 b Yes 139 tan β=1, gZ =0.8, m(χ)=100 GeV 2108.133913.0 TeVmZ′

Pseudo-scalar med. 2HDM+a multi-channel 139 tan β=1, gχ=1, m(χ)=10 GeV ATLAS-CONF-2021-036800 GeVma

Scalar LQ 1st gen 2 e ≥2 j Yes 139 β = 1 2006.058721.8 TeVLQ mass

Scalar LQ 2nd gen 2 µ ≥2 j Yes 139 β = 1 2006.058721.7 TeVLQ mass

Scalar LQ 3rd gen 1 τ 2 b Yes 139 B(LQu
3 → bτ) = 1 2303.012941.49 TeVLQu

3
mass

Scalar LQ 3rd gen 0 e, µ ≥2 j, ≥2 b Yes 139 B(LQu
3 → tν) = 1 2004.140601.24 TeVLQu

3
mass

Scalar LQ 3rd gen ≥2 e, µ, ≥1 τ ≥1 j, ≥1 b − 139 B(LQd
3 → tτ) = 1 2101.115821.43 TeVLQd

3
mass

Scalar LQ 3rd gen 0 e, µ, ≥1 τ 0 − 2 j, 2 b Yes 139 B(LQd
3 → bν) = 1 2101.125271.26 TeVLQd

3
mass

Vector LQ mix gen multi-channel ≥1 j, ≥1 b Yes 139 B(Ũ1 → tµ) = 1, Y-M coupl. ATLAS-CONF-2022-0522.0 TeVLQV
3

mass

Vector LQ 3rd gen 2 e,µ, τ ≥1 b Yes 139 B(LQV
3 → bτ) = 1, Y-M coupl. 2303.012941.96 TeVLQV

3
mass

VLQ TT → Zt + X 2e/2µ/≥3e,µ ≥1 b, ≥1 j − 139 SU(2) doublet 2210.154131.46 TeVT mass

VLQ BB →Wt/Zb + X multi-channel 36.1 SU(2) doublet 1808.023431.34 TeVB mass
VLQ T5/3T5/3 |T5/3 →Wt + X 2(SS)/≥3 e,µ ≥1 b, ≥1 j Yes 36.1 B(T5/3 →Wt)= 1, c(T5/3Wt)= 1 1807.118831.64 TeVT5/3 mass

VLQ T → Ht/Zt 1 e, µ ≥1 b, ≥3 j Yes 139 SU(2) singlet, κT = 0.5 ATLAS-CONF-2021-0401.8 TeVT mass

VLQ Y →Wb 1 e, µ ≥1 b, ≥1 j Yes 36.1 B(Y →Wb)= 1, cR (Wb)= 1 1812.073431.85 TeVY mass

VLQ B → Hb 0 e,µ ≥2b, ≥1j, ≥1J − 139 SU(2) doublet, κB= 0.3 ATLAS-CONF-2021-0182.0 TeVB mass

VLL τ′ → Zτ/Hτ multi-channel ≥1 j Yes 139 SU(2) doublet 2303.05441898 GeVτ′ mass

Excited quark q∗ → qg − 2 j − 139 only u∗ and d∗, Λ = m(q∗) 1910.084476.7 TeVq∗ mass

Excited quark q∗ → qγ 1 γ 1 j − 36.7 only u∗ and d∗, Λ = m(q∗) 1709.104405.3 TeVq∗ mass

Excited quark b∗ → bg − 1 b, 1 j − 139 1910.084473.2 TeVb∗ mass
Excited lepton τ∗ 2 τ ≥2 j − 139 Λ = 4.6 TeV 2303.094444.6 TeVτ∗ mass

Type III Seesaw 2,3,4 e, µ ≥2 j Yes 139 2202.02039910 GeVN0 mass
LRSM Majorana ν 2 µ 2 j − 36.1 m(WR ) = 4.1 TeV, gL = gR 1809.111053.2 TeVNR mass

Higgs triplet H±± →W ±W ± 2,3,4 e,µ (SS) various Yes 139 DY production 2101.11961350 GeVH±± mass
Higgs triplet H±± → ℓℓ 2,3,4 e,µ (SS) − − 139 DY production 2211.075051.08 TeVH±± mass
Multi-charged particles − − − 139 DY production, |q| = 5e ATLAS-CONF-2022-0341.59 TeVmulti-charged particle mass

Magnetic monopoles − − − 34.4 DY production, |g | = 1gD , spin 1/2 1905.101302.37 TeVmonopole mass

Mass scale [TeV]10−1 1 10

√
s = 13 TeV

partial data

√
s = 13 TeV
full data

ATLAS Heavy Particle Searches* - 95% CL Upper Exclusion Limits
Status: March 2023

ATLAS Preliminary∫
L dt = (3.6 – 139) fb−1

√
s = 13 TeV

*Only a selection of the available mass limits on new states or phenomena is shown.

†Small-radius (large-radius) jets are denoted by the letter j (J).

Searches have yet to 
find new particles…



Standard LHC Searches
• Most searches have 

similar basic strategy


• Search for new particle decaying  
to specific particles (  )


• Select set of events that match this (eg. have  )


• Define some variable based on this 
(  )


• Compare the # of events we expect to find based on Standard Model 
(simulation) to the # of events we actually measure (data) (   +    +    vs.   )

H → 4ℓ

4ℓ

f(ℓ1, ℓ2, ℓ3, ℓ4) ∼ Eℓ1
+ Eℓ2

+ Eℓ3
+ Eℓ4

16

ℓℓ
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• What if we don’t know exactly what we are looking for?


• Select set of events that match what? 

• Define what variable? 

• ML offers unique solution to this challenge  
(no traditional alternative)


• Broad field of anomaly detection (AD)

Anomaly Detection

17



Unsupervised Learning
• What if we don’t have/can’t use labels?  “Unsupervised learning” or “self-

supervised learning”


• Autoencoder (AE): 

• Loss = 


• AE is just simplest form of  
unsupervised learning

→

1
N

N

∑
i=1

(xi − ̂xi)2

18

mean squared error

(MSE)



Anomaly Detection
• Train AE using known Standard Model processes


• Events with new particles may not reconstruct well


• Select set of events that don’t reconstruct well 

• f(b1, b2,?) ∼ Eb1
+ Eb2

+ E?1

19arXiv:2306.03637
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https://arxiv.org/abs/2306.03637
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Anomaly Detection
• Train AE using known Standard Model processes


• Events with new particles may not reconstruct well


• Select set of events that don’t reconstruct well 

• f({j, b}1, {j, b, e, γ, μ}2) ∼ E{j,b}1
+ E{j,b,e,γ,μ}2

21

arXiv:2307.01612
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Anomaly Detection
• Train AE using known Standard Model processes
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Anomaly Detection
• General AD can be much worse than a dedicated search 


• Some methods try to use some concept of signal, 
still remain insensitive to details


• “Semi-supervised” techniques


• f( j?1, j?2) ∼ Ej?1
+ Ej?2

23CMS-PAS-EXO-22-026

proton
proton?

j?2

j?1

https://cds.cern.ch/record/2892677/files/EXO-22-026-pas.pdf


• Semi-supervised method [arXiv:1708.02949]


• Requires only  

• If ? is localized in , can train supervised 
classifier based on mixed samples


• In the limit this will approach normal 
supervised performance: classifier learns  
find whats different about sample 1 and 2 
(S vs. B)

f( j?1, j?2) ∼ Ej?1
+ Ej?2

f( ⋅ )

Classification Without Labels (CWoLa)

24
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• Semi-supervised method [arXiv:1708.02949]
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• What if you has some general idea of what signals might 
look like, but you aren’t sure?


• Also possible to set some criteria on roughly what signal should 
look like, what features it might have


• Want to point AD in the right direction


• Ideally want method that doesn’t break down if the hypothesis turns out to be 
wrong (like supervised classifiers typically do)

Quasi-Anomalous Knowledge: [2011.03550]

27
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https://arxiv.org/abs/2011.03550


• Train an AE for background


• Train an AE for hypothetical signal(s)


• Construct N-dimension QUAK space from losses

QUAK

28
Background Loss (MSE)

Background 
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• Train an AE for background


• Train an AE for hypothetical signal(s)


• Construct N-dimension QUAK space from losses

QUAK
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• Train an AE for background


• Train an AE for hypothetical signal(s)


• Construct N-dimension QUAK space from losses

QUAK
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Background 

• Train an AE for background


• Train an AE for hypothetical signal(s)


• Construct N-dimension QUAK space from losses
Signal 

Hypothesis 
#2

QUAK
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• QUAK can perform similarly to 
supervised methods when given 
correct signal


• QUAK greatly outperforms 
supervised methods when signal 
hypothesis is wrong

QUAK
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Conclusions
• I hope you learned a little bit about LHC research and anomaly detection


• Many more AD methods I didn’t have time to mention


• TNT, CATHODE, SALAD, CURTAINS, …


• Very active area of research at the LHC!


• Recent AD sessions at ML4Jets2024 conference give a nice flavor of cutting 
edge ideas [1][2]

34
[1] https://indico.cern.ch/event/1386125/timetable/?view=standard#b-587345-anomaly-detection

[2] https://indico.cern.ch/event/1386125/timetable/?view=standard#b-587346-anomaly-detection  

https://indico.cern.ch/event/1386125/timetable/?view=standard#b-587345-anomaly-detection
https://indico.cern.ch/event/1386125/timetable/?view=standard#b-587346-anomaly-detection
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ATLAS Slice
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Neutrino: missing 
transverse energy (MET)



ATLAS Slice
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Neutrino: missing 
transverse energy (MET)

p4 = (pT, η, φ, E)

η = 0

η = 1.5

η = 3

φ

pT



L1 Trigger AD
• Depending on anomaly, we could have none left in recorded data


• Low-latency ML is the only option! (eg. autoencoders)

38



L1 Trigger AD

39

• CMS has already deployed multiple AD algorithms in trigger


• AXOL1TL [CMS DP-2023/079, CMS DP-2024/059] & CICADA [CMS 
DP-2023/086] (see Noah’s talk later [1])


• Currently collecting interesting events that would have been missed


• Network preferentially identifies large multiplicity events, potentially 
large gains in new physics acceptance


• Development ongoing in ATLAS as well

[1] https://indico.cern.ch/event/1387540/timetable/?view=standard#66-realtime-anomaly-detection 

https://indico.cern.ch/event/1387540/timetable/?view=standard#66-realtime-anomaly-detection

