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MOTIVATION

What we know about the universe 
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The Standard Model is a remarkable theory…
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� = 22.5 + 4.7 � 3.4 + 6.6 � 5.5 fb (data)
NLO QCD + EW (theory) 140 EPJC 83 (2023) 496

� = 0.55 ± 0.14 + 0.15 � 0.13 pb (data)
Sherpa 2.2.2 (theory) 79.8 PLB 798 (2019) 134913

� = 0.82 ± 0.01 ± 0.08 pb (data)
NLO QCD (theory) 139 PRL 129 (2022) 061803

� = 176 + 52 � 48 ± 24 fb (data)
HELAC-NLO (theory) 20.3 JHEP 11, 172 (2015)

� = 860 ± 40 ± 40 fb (data)
NLO + NNLL (theory) 140 ATLAS-CONF-2023-065

� = 369 + 86 � 79 ± 44 fb (data)
MCFM (theory) 20.3 JHEP 11, 172 (2015)

� = 890 ± 50 ± 70 fb (data)
NNLOQCD + NLOEW (theory) 140 ATLAS-CONF-2023-019

� = 4.8 ± 0.8 + 1.6 � 1.3 pb (data)
NLO+NNL (theory) 20.3 PLB 756 (2016) 228-246

� = 8.2 ± 0.6 + 3.4 � 2.8 pb (data)
NLO+NNL (theory) 140 JHEP 06 (2023) 191

� = 6.7 ± 0.7 + 0.5 � 0.4 pb (data)
NNLO (theory) 4.6 JHEP 03, 128 (2013)

PLB 735 (2014) 311

� = 7.3 ± 0.4 + 0.4 � 0.3 pb (data)
NNLO (theory) 20.3 JHEP 01, 099 (2017)

� = 17.3 ± 0.6 ± 0.8 pb (data)
Matrix (NNLO) & Sherpa (NLO) (theory) 36.1 PRD 97 (2018) 032005

� = 16.9 ± 0.7 ± 0.7 pb (data)
Matrix (NNLO) & Sherpa (NLO) (theory) 29.0 ATLAS-CONF-2023-062

� = 19 + 1.4 � 1.3 ± 1 pb (data)
MATRIX (NNLO) (theory) 4.6 EPJC 72 (2012) 2173

� = 24.3 ± 0.6 ± 0.9 pb (data)
MATRIX (NNLO) (theory) 20.3 PRD 93, 092004 (2016)

� = 51 ± 0.8 ± 2.3 pb (data)
MATRIX (NNLO) (theory) 36.1 EPJC 79 (2019) 535

� = 51.9 ± 2 ± 4.4 pb (data)
NNLO (theory) 4.6 PRD 87 (2013) 112001

PRL 113 (2014) 212001

� = 68.2 ± 1.2 ± 4.6 pb (data)
NNLO (theory) 20.3 PLB 763, 114 (2016)

� = 130.04 ± 1.7 ± 10.6 pb (data)
NNLO (theory) 36.1 EPJC 79 (2019) 884

� = 22.1 + 6.7 � 5.3 + 3.3 � 2.7 pb (data)
LHC-HXSWG YR4 (theory) 4.5 EPJC 76 (2016) 6

� = 27.7 ± 3 + 2.3 � 1.9 pb (data)
LHC-HXSWG YR4 (theory) 20.3 EPJC 76 (2016) 6

� = 55.5 ± 3.2 + 2.4 � 2.2 pb (data)
LHC-HXSWG YR4 (theory) 139 JHEP 05 (2023) 028

� = 58.2 ± 7.5 ± 4.5 pb (data)
LHC-HXSWG YR4 (theory) 31.4 arXiv:2306.11379

� = 16.8 ± 2.9 ± 3.9 pb (data)
NLO+NLL (theory) 2.0 PLB 716, 142-159 (2012)

� = 23 ± 1.3 + 3.4 � 3.7 pb (data)
NLO+NLL (theory) 20.3 JHEP 01, 064 (2016)

� = 94 ± 10 + 28 � 23 pb (data)
NLO+NNLL (theory) 3.2 JHEP 01 (2018) 63

� = 27.1 + 4.4 � 4.1 + 4.4 � 3.7 pb (data)
MCFM (NNLO) (theory) 0.3 arXiv:2310.01518

� = 68 ± 2 ± 8 pb (data)
MCFM (NNLO) (theory) 4.6 PRD 90, 112006 (2014)

� = 89.6 ± 1.7 + 7.2 � 6.4 pb (data)
MCFM (NNLO) (theory) 20.3 EPJC 77 (2017) 531

� = 221 ± 1 ± 13 pb (data)
MCFM (NNLO) (theory) 140 ATLAS-CONF-2023-026

� = 67.5 ± 0.9 ± 2.6 pb (data)
top++ NNLO+NNLL (theory) 0.3 JHEP 06 (2023) 138

� = 182.9 ± 3.1 ± 6.4 pb (data)
top++ NNLO+NNLL (theory) 4.6 EPJC 74 (2014) 3109

� = 242.9 ± 1.7 ± 8.6 pb (data)
top++ NNLO+NNLL (theory) 20.2 EPJC 74 (2014) 3109

� = 829 ± 1 ± 15.4 pb (data)
top++ NNLO+NNLL (theory) 140 JHEP 07 (2023) 141

� = 850 ± 3 ± 27 pb (data)
top++ NNLO+NNLL (theory) 29.0 arXiv:2308.09529

� = 29.53 ± 0.03 ± 0.77 nb (data)
DYNNLO+CT14 NNLO (theory) 4.6 JHEP 02 (2017) 117

� = 34.24 ± 0.03 ± 0.92 nb (data)
DYNNLO+CT14 NNLO (theory) 20.2 JHEP 02 (2017) 117

� = 58.43 ± 0.03 ± 1.66 nb (data)
DYNNLO+CT14 NNLO (theory) 3.2 JHEP 02 (2017) 117

� = 61.65 ± 0.059 ± 2.91 nb (data)
NNLO(QCD)+NLO(EW) (theory) 1.2 ATLAS-CONF-2022-070

� = 98.71 ± 0.028 ± 2.191 nb (data)
DYNNLO + CT14NNLO (theory) 4.6 EPJC 77 (2017) 367

� = 112.69 ± 3.1 nb (data)
DYNNLO + CT14NNLO (theory) 20.2 EPJC 79 (2019) 760

� = 190.1 ± 0.2 ± 6.4 nb (data)
DYNNLO + CT14NNLO (theory) 0.081 PLB 759 (2016) 601

� = 95.35 ± 0.38 ± 1.3 mb (data)
COMPETE HPR1R2 (theory) 8⇥10�8 Nucl. Phys. B (2014) 486

� = 96.07 ± 0.18 ± 0.91 mb (data)
COMPETE HPR1R2 (theory) 50⇥10�8 PLB 761 (2016) 158

� = 104.7 ± 0.22 ± 1.07 mb (data)
COMPETE HPR1R2 (theory) 34⇥10�8 EPJC 83 (2023) 441
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…with extreme predictive power!
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What we don’t know about the universe 
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In spite of the successes of the Standard 
model, we know it to be incomplete

These unexplained phenomena point to the 
existence of new, beyond Standard Model 
(BSM) physics

— Dark matter

— The hierarchy problem

— Matter-antimattery asymmetry

— Neutrino masses
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The elephant in the room
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Despite over a decade of searches at the LHC, we have yet to observe any definitive signs of BSM physics

We still have just as many reasons to expect new physics as before the LHC turned on…so why haven’t we found it yet?
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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 QBH 1 e, µ 1 j → 165 n = 6 2604.194959.4 TeVMth

ADD BH multijet → ≥3 j → 3.6 n = 6, MD = 3 TeV, rot BH 1512.025869.6 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 1-2e, µ ≥1 b, ≥1 J/4 j Yes 140 Γ/m = 30% 2512.178564.1 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 ′ → ## 2 e, µ → → 139 1903.062485.1 TeVZ′ mass
SSM Z ′ → ττ 2 τ → → 36.1 1709.072422.4 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 ′ → #ν 1 e, µ → Yes 139 1906.056096.0 TeVW′ mass
SSM W ′ → τν 1 τ → Yes 139 2402.165765.0 TeVW′ mass
SSM W ′ → tb 0-1 e, µ 0-1 b, ≥1 JYes(1#) 139 2308.085214.6 TeVW′

R
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 → #ν #′#′ 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 → 139 m(NR) < 1 TeV, gL = gR 2304.095536.4 TeVWR mass

CI qqqq → 2 j → 37.0 η→LL 1703.0912721.8 TeVΛ
CI ##qq 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 1811.023052.6 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 2306.00641800 GeVma

Scalar LQ 1st gen 1 e ≥1 j Yes 140,55 B(S̃1 → je) = 1, λje = 1 2507.036503.4 TeVLQ1 mass

Scalar LQ 2nd gen 1 µ ≥1 j Yes 140,55 B(S̃1 → jµ) = 1, λjµ = 2.5 2507.036503.4 TeVLQ2 mass

Scalar LQ 3rd gen 0 e, µ ≥2 j, ≥2 b Yes 139 B(LQu
3 → tν) = 1 2004.140601.2 TeVLQ3 mass

Scalar LQ 3rd gen ≥2 e, µ, ≥1 τ ≥1 j, ≥1 b → 139 B(LQd
3 → tτ) = 1 2101.115821.4 TeVLQ3 mass

Scalar LQ 3rd gen 0 e, µ, ≥1 τ 0 → 2 j, 2 b Yes 139 B(LQd
3 → bν) = 1 2101.125271.3 TeVLQ3 mass

Scalar LQ 3rd gen ≥2 e,µ,τ → → 140 B(S̃1 → bτ) = 1, λbτ = 2.5 2503.198362.1 TeVLQ3 mass
Scalar LQ mix gen 1 e ≥1 j, ≥1 j, ≥1 b → 140,55 B(S̃1 → be) = 1, λbe = 2.5 2507.036502.6 TeVLQmix mass
Vector LQ mix gen multi-channel ≥1 j, ≥1 b Yes 139 B(Ũ1 → tµ) = 1, Y-M coupl. 2306.176422.0 TeVLQ3 mass
Vector LQ mix gen 1 e, µ ≥4 j, ≥1 b Yes 139 B(Ũ1 → bµ) = 0.5, Y-M coupl. 2210.045172.0 TeVLQ3 mass

Vector LQ 3rd gen multi-channel → Yes 139 B(Ũ1 → bτ) = 0.5, λbτ = 2.5 2503.198362.5 TeVLQ3 mass
Vector LQ mix gen 1τ 1 b Yes 140 B(U1 → bτ) = 0.25, λcν = 2.5 CERN-EP-2026-1363.0 TeVLQmix mass

Vector LQ 3rd gen multi-channel ≥1 j, ≥1 b → 139 B(Ũ1 → tτ) = 1, Y-M coupl. 2401.119281.8 TeVLQ3 mass

VLQ TT → Ht/Zt + X 1e,µ ≥5 j, ≥2 b Yes 139 SU(2) doublet CERN-EP-2026-1311.6 TeVT mass
VLQ XX →Wt/Zb + X multi-channel 139 SU(2) doublet (X T) 2212.052631.5 TeVX mass
VLQ T → Ht/Zt multi-channel Yes 139 SU(2) singlet, ΓT /mT= 20% 2408.087892.0 TeVT mass
VLQ Y →Wb 1 e,µ ≥1 j, ≥1 b → 139 B(Y →Wb)= 1, ΓY /mY = 20% 2506.155152.3 TeVY mass
VLQ B → Hb 0 e,µ ≥2b, ≥1j, ≥1J → 139 SU(2) doublet, ΓB/mB= 20% 2308.025951.8 TeVB mass
VLL τ′ → Zτ/Hτ multi-channel ≥1 j Yes 139 SU(2) doublet 2303.05441898 GeVτ′ mass
VLL µ′ → Zµ/Hµ multi-channel → → 140 SU(2) doublet 2411.071431.3 TeVµ′ mass
VLL e′ → Ze/He multi-channel → → 140 SU(2) doublet 2411.071431.2 TeVe′ 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 Λ = m(b∗) 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/1 J → 139 m(WR ) = 4.8 TeV, gL = gR 2304.095533.6 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±± → ## 2,3,4 e,µ (SS) → → 139 DY production 2211.075051.1 TeVH±± mass
Multi-charged particles → → → 139 DY + γγ fusion, |q| = 6e 2303.136131.6 TeVmulti-charged particle mass
Magnetic monopoles → → → 138 γγ fusion, |g | = 1gD , spin 1/2 2308.048353.6 TeVmonopole mass

Mass scale [TeV]10→1 1 10

√
s = 13 TeV

partial data

√
s = 13 TeV
full data

√
s = 13.6 TeV

partial data

√
s = 13, 13.6 TeV

combined data

ATLAS Heavy Particle Searches* - 95% CL Upper Exclusion Limits
Status: Spring 2026

ATLAS Preliminary∫
L dt = (3.6 – 195) fb→1

√
s = 13, 13.6 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).
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How to search for new physics
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The “traditional” approach to search for new physics signals at the LHC is as follows:

1 Pick a signal model (e.g. new heavy boson ). Simulate the signal and study its detector signature. 
Understand the SM backgrounds.  

Z′￼

2
Design a set of selections which isolate your signal model and remove as much background as possible (the “signal region”)
— E.g. training a binary classification algorithm to separate signal from background and cutting on the output score 

3 Estimate the amount of SM background that will enter your signal region. Look at the data in your signal region and 
check for consistency with your background prediction. Set exclusion limits on your signal model if no excess observed

PROS

— Maximal sensitivity to that particular signal model

CONS

— Sees only the signal it was designed for. Need a 
dedicated search for each model
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An alternative approach
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Problem: We don't know what the new physics looks like! There are far more plausible theories than 
we could ever build dedicated searches for.

An alternative, model-agnostic approach:

1 Learn what "normal" (Standard Model) events look like. Assign a score to each event which 
quantifies how “anomalous” it looks. Beyond Standard Model signals should have high score.

PROS

— One selection is broadly sensitive to many signals 
at once. Leave no stone unturned.

CONS

— Less sensitive to any one particular signal model than 
a dedicated search

2 Estimate how many background events will pass the selection on the anomaly score

3 Compare the data to your background prediction. An excess of data indicates something anomalous!



INTERMEZZO

The likelihood ratio
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The optimal classifier is the likelihood ratio

Neyman-Pearson lemma

LS/B(X) =
Ps(X)
Pb(X)

Prob. distribution of signal

Prob. distribution of background

In anomaly detection we do not know . So how can we approximate the likelihood ratio then?Ps

Outlier Detection : Learn , take anomaly score as  

Over Densities : Leverage localization of signal to learn  from data

Pb 1/Pb

LS/B

—

—



ANOMALY DETECTION

How to quantify “anomalous”

08Anomaly Detection & Unsupervised Learning at the LHC

Figures curtesy of A. Badea

In practice, anomaly detection (AD) generally uses machine learning based methods to quantify anomaly score

ML-based AD searches rely on two tasks:

1 Isolate anomalous events

2 Estimate the background



ANOMALY DETECTION
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Figures curtesy of A. Badea

In practice, anomaly detection (AD) general uses machine learning based methods to quantify anomaly score

ML-based AD searches rely on two tasks:

2 Estimate the background

1 Isolate anomalous events

How to quantify “anomalous”
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Figures curtesy of A. Badea

The two axes measure how much a method depends on a model — of the signal (horizontal) and of the background (vertical).

Supervised

Train on labelled signal (S) vs. background (B), both from simulation. 

Maximum power — but it sits in the high-model-dependence corner, 

sensitive only to the signal you assumed.

Anomaly Detection & Unsupervised Learning at the LHC

The conventional approach —  supervised searches
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11

Unsupervised

No labels at all. The method sees only unlabelled data and learns its 

structure — no prior knowledge of what signal or background look like.

Lowest model dependence, broadest reach. Home of autoencoders, 

VAEs and normalizing flows — best at finding outliers.

Figures curtesy of A. Badea

Anomaly Detection & Unsupervised Learning at the LHC

The opposite corner: unsupervised
The two axes measure how much a method depends on a model — of the signal (horizontal) and of the background (vertical).



THE METHOD SPACE 3 / 4

In between: semi-supervised

12

Semi-supervised

Use a sample known to be background — typically simulation — 

alongside unlabelled data. Learn "normal" from the trusted sample, 

then flag data that departs from it.

Figures curtesy of A. Badea

Anomaly Detection & Unsupervised Learning at the LHC

The two axes measure how much a method depends on a model — of the signal (horizontal) and of the background (vertical).
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Weakly supervised

Across the map, fewer label assumptions → more generality

13

Weakly supervised

Noisy / mixed labels. Neither sample is pure — e.g. a signal region vs. a 

sideband — but they differ in signal content. Best for over-densities

Figures curtesy of A. Badea

Anomaly Detection & Unsupervised Learning at the LHC

The two axes measure how much a method depends on a model — of the signal (horizontal) and of the background (vertical).
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Unsupervised methods



AUTOENCODERS STEP 1 / 3

① Encode: compress into a latent code

15

Encoder z = g(x) squeezes the event into a handful of numbers 

The bottleneck is too narrow to memorise the input — so it must capture the common structure of the data.

Anomaly Detection & Unsupervised Learning at the LHC



AUTOENCODERS STEP 2 / 3

② Reconstruct from the code

16

Decoder x̂ = f(z) rebuilds the event from the code.  

Trained only on background, the network learns to reconstruct typical events — and nothing else.

Anomaly Detection & Unsupervised Learning at the LHC



AUTOENCODERS STEP 3 / 3

③ Score by reconstruction error

17

ℒ(x) = ∥x − ̂x∥2

The reconstruction error is the anomaly score. 

Small for typical events the network rebuilds well — large for events it never learned to compress

Anomaly Detection & Unsupervised Learning at the LHC



AUTOENCODERS

The reconstruction loss

18

Training adjusts the encoder and decoder weights to make the reconstruction x̂ as close as possible to the input x. 

The standard measure is the mean squared error:

ℒ(x) = ∥x − ̂x∥2 = ∑
i

(xi − ̂xi)2

summed over the i = 1 … D features of the event 
Training minimises its average over all events

READING THE FORMULA

 — the event, as a vector of measured quantities (masses, momenta, angles).x

 — what the autoencoder rebuilds after the bottleneck.̂x = f(g(x))
 small → the event fits the learned “normal" 
 large → the network struggled → candidate anomaly.

ℒ
ℒ

Anomaly Detection & Unsupervised Learning at the LHC

— The network is trained only on background-like data , so it learns to reconstruct 

background well and nothing else.

— Other choices exist: binary cross-entropy for probabilities, or per-feature 

weighting when features have different scales.

— The same , evaluated event-by-event at test time, is the anomaly score.ℒ(x)



AUTOENCODERS · IN PRACTICE

A generic two-body resonance search with an autoencoder

ATLAS Phys. Rev. Lett. 132 (2024) 081801 · arXiv:2307.01612

19

— An autoencoder is trained directly on data (events with ≥1 electron or muon). 
The decoder's reconstruction loss is the anomaly score.

— Signals concentrate at high loss. Define anomalous-region (AR) thresholds

— Inside the anomalous region, nine two-body mass spectra are 
built. Each spectrum is fit with a smooth background function. 
A resonance would appear as a localised bump on top.

No significant excess is found. Limits are set on 

generic Gaussian signals of various widths.

Anomaly Detection & Unsupervised Learning at the LHC



AUTOENCODERS

Common pitfalls

20

⚠ LATENT DIMENSION

Too wide → the network copies the input through. Every event reconstructs perfectly and nothing looks anomalous.

Too narrow → even background reconstructs badly and the loss becomes noise. The sweet spot forces genuine compression of common structure.

⚠ THE COMPLEXITY-BIAS TRAP

More ‘complex’ data (higher intrinsic dim) harder to compress, seen as 

more anomalous

Anomaly Detection & Unsupervised Learning at the LHC

⚠ OVER GENERALIZATION 

AE can reconstruct things well even outside training phase space 

because no penalty to do this



VARIATIONAL AUTOENCODERS

From a point to a distribution

PLAIN AUTOENCODER

z is a single point
VARIATIONAL AUTOENCODER

z is drawn from a distribution

21Anomaly Detection & Unsupervised Learning at the LHC

The encoder outputs a mean µ and spread σ . A prior pulls all these Gaussians toward 𝒩(0,1), filling the space smoothly so it is continuous and generative.



VARIATIONAL AUTOENCODERS

The training objective: the ELBO

22

The true likelihood  is intractable. We maximise the Evidence Lower BOund (ELBO) instead:log p(x) = log∫ p(x |z) p(z) dz

log p(x) ≥ ℒELBO = 𝔼q(z|x)[log p(x |z)] − KL(q(z |x) ∥ p(z))

① Reconstruction — want high

Expected log-likelihood of rebuilding x from a sampled z.  

In practice, the (negative) mean-squared or cross-entropy error, same 
as the autoencoder loss.

② KL divergence — want small

How far the encoded distribution strays from the prior 𝒩(0,1).  

Acts as a regulariser that keeps the latent space continuous and 
prevents memorisation.

For diagonal Gaussian priors, the KL term is closed-form

KL = −
1
2 ∑

j

(1 + log σ2
j − μ2

j − σ2
j )

Anomaly Detection & Unsupervised Learning at the LHC



VARIATIONAL AUTOENCODERS

The reparameterization trick

✗ NAÏVE SAMPLING — gradient blocked ✓ REPARAMETERIZED — gradient flows

z = µ + σ ⊙ ε, ε ~ 𝒩(0, I)

23

To train the encoder we need gradients through the sampling step — but you can't back-propagate through a random draw.  

The fix: move the randomness into a parameter-free noise variable.

Anomaly Detection & Unsupervised Learning at the LHC



VAE · IN PRACTICE

A fully-unsupervised jet tagger for Y → XH

ATLAS Phys. Rev. D 108 (2023) 052009 · arXiv:2306.03637

24Anomaly Detection & Unsupervised Learning at the LHC

— Search for Y → X H, H → bb̄, fully hadronic

— Train a fully unsupervised variational recurrent neural network (VRNN), a VAE 
whose latent space is updated at each step of an RNN reading the jet constituents.

— It outputs a jet-level anomaly score , built from the VAE reconstruction loss plus its KL term.



NORMALIZING FLOWS

Learning the exact likelihood

25Anomaly Detection & Unsupervised Learning at the LHC

A normalizing flow learns  by transforming a simple distribution into the complicated one with an invertible function.p(x)

—

Learn an invertible, differentiable function   that maps . Its inverse  maps your data  back to  ("normalizing" the data 
into the Gaussian — hence the name).

f z → x f −1 x z—

Because  is invertible, every data point  corresponds to exactly one , and you can move freely in both directions.f x z—

Start with a "base" random variable  drawn from something trivial you know exactly:  a unit Gaussian, z z ∼ N(0,I)

—

We know from the Neyman-Pearson lemma that the likelihood ratio test is the most powerful, so why not try to learn it?

This is the idea behind normalizing flows

The methods discussed so far do not attempt to learn the exact likelihood function 

Autoencoder: MSE loss encodes no information about the true probability distribution of the background events —

Variational Autoencoder: ELBO gives us a lower bound on the log-likelihood, but still approximate —



NORMALIZING FLOWS

Change of variables
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pX(x) = pz( f(x)) ⋅ |det Jf(x) |

log pX(x) = log pz( f(x)) + log |det Jf(x) |

Given an observed data variable  , a simple prior probability 

distribution  on a latent variable , and a bijection , 

the change of variable formula defines a model distribution on  by

x ∈ X
pz z ∈ Z f : X → Z

X

arxiv:1605.08803 

The Jacobian is key component

The determinant measures the local volume change of the 
transformation. So the density of any data point is:  

(how likely its z is under the Gaussian)  

× (how much the map locally rescales volume)

Two requirements

① Invertible  — so we can map both ways. 

② Cheap det J — a general D×D determinant costs 𝒪(D³), 
need architectures where it's 𝒪(D).

f
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NORMALIZING FLOWS

Stacking invertible transformations
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One simple map isn't enough. We compose many — the composition is the “flow"

log pX(x) = log pz( f(x)) + ∑
k

log |det Jk(x) |

 Invertible both ways: flow to the base to score, flow from the base to generate.

Determinants multiply, so the log-Jacobian is a simple sum over layers.

Anomaly Detection & Unsupervised Learning at the LHC



NORMALIZING FLOWS

Coupling layers make it tractable — RealNVP

28

To make the determinant tractable, we design the layers so that each Jacobian is triangular. The determinant is then just 
the product of the diagonal.

The workhorse is the coupling layer: 

Split the input vector into two halves,   and .x1 x2
—

Pass half  through unchanged.x1
—

Transform half  using parameters computed from :  

 

where  and  are ordinary neural networks.

x2 x1

y2 = y1 ⋅ exp(s(x1)) + t(x1)

s t

—

Alternate which half is frozen across layers, so every dimension is eventually transformed.

Invertible by construction:  — no need to invert the networks themselves.x2 = (y2 − t(x1)) ⋅ exp(−s(x1))

Anomaly Detection & Unsupervised Learning at the LHC



NORMALIZING FLOWS

Training, and density as an anomaly score

29Anomaly Detection & Unsupervised Learning at the LHC

Because the score is the likelihood, flows are naturally tuned to out-of-distribution events — the sparsely populated tails of phase 
space — rather than over-densities. 

A practical note: like any density model, a flow is only as trustworthy as the sample it was trained on. Careful validation of the 
background model is essential.

Why flows suit outlier detection

Fit the flow to a background sample — data or SM simulation 

— so it learns the Standard Model density p(x).

① Train by maximum likelihood

max ∑
events

log p(x) ⟺ min NLL

Mapped to [0,1]. Typical events near 0, rare low-density 

events near 1 . Cut high to select outliers.

s(x) = log p(x) − log pmax

② Score by density



NORMALIZING FLOWS · IN PRACTICE

Outlier detection in multilepton events

ATLAS Eur. Phys. J. C 86 (2026) 247 · arXiv:2508.19778

30

— The first AD search in multilepton final states (≥ 4 light leptons)

— A RealNVP flow is trained on SM background simulation to evaluate 
its density 

 is the anomaly score.s(x) = log p − log pmax

— Tightening the score cut (90% → 99% → 99.9% rejection) pushes 
selected events to high mT — the flow isolates the extreme tails.

— No excess. Model-independent limits set across ten discovery 
regions, plus limits on vector-like leptons and other benchmarks.

Anomaly Detection & Unsupervised Learning at the LHC
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WEAKLY SUPERVISED AD

Classification Without Labels (CWoLa)

32

Figures curtesy of A. Badea

Train a classifier to separate two mixed samples that differ only in their signal fraction yields

arxiv:1708.02949 

The CWoLa theorem: The optimal CWoLa classifier is also the optimal fully supervised classifier

In practice, requires sufficient events and mixed samples with different compositions—

Anomaly Detection & Unsupervised Learning at the LHC
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WEAKLY SUPERVISED AD

The bump hunt meets CWoLa

33

Figures curtesy of A. Badea

The two samples come for free from the mass spectrum:

A signal-region window (enriched if a resonance exists) vs. 
its sidebands (nearly pure background).

—

If there is no signal:
SR and SB look identical → the classifier does nothing → no fake bump. —

If there is signal:

The classifier learns to enrich it → the bump grows in significance.—

CWoLa requires the training of many binary classifiers — (at least) one per signal mass window hypothesis

In practice

Care must taken to avoid sculpting the invariant mass distribution with the NN cuts

Anomaly Detection & Unsupervised Learning at the LHC



WEAKLY SUPERVISED AD · IN PRACTICE

A weakly-supervised dijet resonance search

ATLAS Phys. Rev. Lett. 125 (2020) 131801 · arXiv:2005.02983
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CWoLa applied to ATLAS dijet resonance search for A → BC
—  ,  jet masses the only ML featuresm1 m2

If signal is present, the network learns to tag it and enhances a bump
If absent, the tagging is random and the  spectrum stays smooth.mJJ—

Signal vs. sideband regions defined in mJJ
A classifier is trained to separate it from its two neighboring sideband regions—

No significant excess found
Limits up to 10× more sensitive than the inclusive dijet search.—

Decorrelation guards against fake bumps
Jet masses are remapped to uniform via their empirical CDF and 
sidebands equally weighted

—



WEAKLY SUPERVISED AD

The correlation problem
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If a feature is correlated with mass, the classifier takes the 
shortcut: it learns "am I in the SR window?" instead of 
"am I signal-like?"

Use only decorrelated features.  

Safe, but it reduces the number of usable features — and 
therefore the sensitivity — of the search.

The workaround

Cutting on that classifier then sculpts a fake bump out 
of pure background: a spurious signal.

CWoLa only works if the classifier's features are nearly 
independent of the variable that defines the regions.



WEAKLY SUPERVISED AD

Fixing CWoLa's correlation problem: CATHODE, SALAD, CURTAINs

CATHODE
A normalizing flow learns the sideband density, 

is interpolated to the SR mass, and sampled to 

make the template.

CURTAINs
A flow morphs sideband data directly into the SR — 

a "flows-for-flows" transport. Entirely data-driven.

SALAD
Reweights simulation to match data in the 

sidebands, then applies the weights in the SR. 

Uses a simulated prior.

36Anomaly Detection & Unsupervised Learning at the LHC

Limitations of CWoLA: 

Three related methods address these limitations with different approaches in the highlighted step:

Model the background
and extrapolate it into the SR

Sidebands
real data, m outside SR

SR background template
synthetic reference sample

Classify
real SR data vs template

Needs features independent of . Need a background estimate in the SR that survives correlated features.m

Does not tell us anything about the background template itself

—

—



WEAKLY SUPERVISED AD · IN PRACTICE

A dijet search with a learned background

37Anomaly Detection & Unsupervised Learning at the LHC

ATLAS Phys. Rev. D 112 (2025) 072009 · arXiv:2502.09770

A weakly-supervised search for a narrow resonance A → BC in the dijet final state.

Upgrades the previous search by learning the background inside each signal region instead of borrowing the raw sidebands.—

1 Scan signal-region windows in the dijet mass mJJ

2 Build a background-only reference sample for the SR 
with either SALAD or CURTAINs

3 Both correct the   correlation — so the classifier can now 
add jet substructure ( ) on top of the two jet masses.

mJJ
τ21, τ32

4 Train the CWoLa classifier to separate SR data from the 
reference, cut on its output, and look for a bump in  .mJJ

A learned background removes the correlation problem, unlocking more features and reaching a broader range of signals than the raw-sideband approach.

The payoff



Which method is right for you?

CMS Rep. Prog. Phys. 88 (2025) 067802 · arXiv:2412.03747
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CMS employed AD in recent search for dijet resonances

Anomaly tag substructure of the jets—

Compared multiple different anomaly methods

Plot shows “What xsec do I need for  of signal?”3/5 σ—

Up to factor of 7 gain in discovery sensitivity!—

No one universal, ‘best’ method!

The Lesson

Trying multiple approaches leads to broader sensitivity

Anomaly Detection & Unsupervised Learning at the LHC

WEAKLY SUPERVISED AD · IN PRACTICE



Summary

Method What it learns Anomaly score Best at ATLAS example

Autoencoder Compressed reconstruction of 
"normal"

‖x − x̂‖² Outliers Two-body resonance search 
PRL 2024

VAE A probabilistic latent space recon · KL · −ELBO Outliers Y→XH jet tagger PRD 2023

Normalizing flow The exact density p(x) log p(x) Outliers Multilepton search EPJC 2026

Weak · CWoLa The difference between two 
data samples

classifier output Over-densities Dijet search PRL 2020
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PUTTING IT ALL TOGETHER

Anomaly Detection & Unsupervised Learning at the LHC



SUMMARY

What to take away
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Unsupervised learning is a powerful tool to improve the sensitivity of our search program without sacrificing generality

Anomaly Detection & Unsupervised Learning at the LHC

The examples given today are only a small subset of how 
unsupervised learning is being applied to LHC physics

Anomaly detection in the trigger system to identify 
unusual events in real time: ATLAS Trigger public plots 

—

Anomaly detection for data quality monitoring to automate 
identifying detector issues: ATL-DAPR-PUB-2024-002/  

—

There is no “one size fits all” solution for anomaly detection! Must 
try several approaches to maximize sensitivity to BSM physics 

We are currently experiencing an AD revolution — expect 
many more results to come in the near future!

https://twiki.cern.ch/twiki/bin/view/AtlasPublic/CombinedTriggerPublicResults
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-DAPR-PUB-2024-002/
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