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The space of plausible physics beyond the SM is vast

Peak performance via supervised-bHsed searches:
A Optimal sensitivity for specific target signals, but
A Suboptimal to no sensitivity to signals not yet thought of

Unsupervised methods offer a natural complement:
A Less sensitive then targeted searches, but
A Can reach a wider chunk of model space

*/*

'

Sensitivity

[

Assumptions on signal

In the scope of BSM searches, AD can do two thing

Agnostic searcheanake as few assumptions as
possible (usually: hunt for a narrow bump), use AD
to leverage other features

Targeted searches with large parameter spaces
compl ement oOtraditional
possible realizations of the model

Note: current results from ATLAS+CMS use AD

outlier detectionthenfit traditional variables
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A (Very brief) overview of most used techniques

A Anomaly detection in searches (offline)
A ATLAS ¥ XH

ATLASHX

ATLAS multilepton AD
ATLAEWolLaland CWolLa2
ATLAS-channel SVJ search

CMS Anomalous jets search Much of this heavily based on the excellent talks by Viliu
CMSWNAE and Louis [] at the Anomaly Detection topical meeting

Disclaimert: will focus on the techniques more than the re

I > > I D D >

A Anomaly detection in the trigger (online)
A ATLASSELATO
A CMSAXOL1T+CICADA

A Someclosing thoughts
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(in a tiny nutshell)
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neural networks tasked witbmpressing examples into
some latent space, and then reconstruct them back |

A Broadly speaking, autoencoders (AEs) are a class of <
Encoder ) ( Latent Space ) ( Decoder )
| | | |

A Trained to minimize difference between input and outy

A Core assumption for use as anomaly detectors:
anomalous examples will be reconstructed worse thar
O nor ma l(will come éak to this)

-

Training examples

Bottleneck

Examples out of (encoded data)

training distribution

Number of
examples

Input data Reconstructed
Data

Reconstruction error
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10.1007/JHEP10(2017)17¢

A What if we can make a broad assumption about the
signal (typical example: narrow resonance)?

A Use this information to split the data into a two sets
with different S and B contributions (e.g., SR, SBsS)

A Use a classifier to separate the two:

U Learning SR vs SB is ~ equivalent to learning S
vs B (how ~ depends on the purity of the SR)

U Fun fact: you can use the power of the classifier
itself as a test statistit][
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https://link.springer.com/article/10.1007/JHEP10(2017)174
https://arxiv.org/abs/2102.07679

A Normalizing flows (NFs) are learnable,
invertible transformations between two spaces

A Unsupervised: usually trained to map to a Space mference
where the training data is distributed as a T Px

multivariate gaussian 2=1@)
A Use as anomaly detectors: once trained, feed
new data, map into latent space, evaluate
probability Generation
&~ Pz
A Gives an estimate af(c]6) z=f1(z)

Flow

Experimental data® > B Gie)
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Data space X

Latent space Z
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A Look for adijet resonance, exploit AD methods to incorporate jet substructure iragootgtic way

A 5 methods used:

UnsupervisefiWeakly supervised Semisupervised

Assumptions on the signal model
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A Up to 100 constituents per jet, ordered via

Sampled

N N N y E) \'al‘“”e““ CAreclusteringind zerepadded
€ E € |k d— " N/ 2 e . — ® A Quantile regression model learns thresholc
n f f Y@ on anomaly score as a functiorof to
eliminate masscuplting
\V/\={e]=
QuastAnomalous Knowledge (QWA
A 7 NFs are trained: one on background, 6 on one benchmark signal each and then A
combined i ntld keidon glceoresi gnal
A In principle:

2D QUAK -

Space

A We guessed the true sigrfal approach sensitivity of supervised searches
A True signal completely differeit same sensitivity as fully unsupervised search
A Something in betweéh something in between

Signal Loss

on

Select

=
0.0 Background Loss
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A CWoLaperformance strongly depends on the purity of the SR (assuming the signal exists)

A Key idea: enhance the purity of the SR visbmted unsupervised taggers e.g., autoencoders trained isidebands

Anomalous?

——— 80 B Wédd

0

; >

L 50 = 3 QOED :
Anomalous? Tag- N-Train

d‘mjj

Enhances the performanceaWolLa
without additional assumptions

Train a normalizing flow on the sidebands, conditioné&d on

\ >\

A Use the flow to generate a sample in the SR (a fancy
interpolation if you will)

A Inputsto flomd ,36 ,t  (,deepCSY

SR

A Train theCWoLaclassifier not on SR vs SB, but on generated vs
' ) i real events in the SR

Flow conditioned on m;;
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CMS pPreliminary 138 fb™! (13 TeV)
T T T T

. . CMS Preliminary 138 1b~" (13 TeV) . CMS Preliminary 138 fb~! (13 TeV)

= 10 T = 10 T T T T T = 10 T T T T T
8 VAE-QR + Data 8 CWola Hunting: A Signal Regions + Data 8 Tag N' Train: A Signal Regions —+— Data

10°F — ! g ) )
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2 --- 5TeVWoBtobZt | o @ \
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§ 10t 2 ol 1 S
L | ] 10°E
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. N |
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A With each of these methods, an anomaly ~

enriched region is selectdd p pof %& \%@
events), and a bump hunt is performed ¢ T S A e NP S I 1
3 g e e ——

4 N - = Ve 20‘00 30‘00 40‘00 50‘00 GE;UO ZGIIDO 25‘00 30‘00 35‘00 40‘00 45‘00 50‘00 5500 h 2000 25‘00 30‘2)0 35‘00 40‘00 4500 50‘00 5500
ATwo otraditional o m; (GeV) my (GeV) m; (GeV)

. . . GSCMSIPre/imilnary . . 138 fb~! (13 Tev) - 105CM§ Prelimi(?ary . 1‘3be" (13 TeV) o 100 CM§ Prelimflnary ‘ ‘ ‘ 1‘38 b ps TeV)
S u bJ ettl n e$d d e d fo r refe re n Ce " 8 CATHODE: A Signal Regions —+— Data 8 CATHODE-b: A Signal Regions —<}— Data 8 Generic QUAK: A Signal Regions + Data
B o 3 10‘\ — Bkg.fit { S — Bkg.fit { 8 — Bkg. fit

4 = - —

At T bo vt A6 sl el 1 3 *
s .
- ~ 18] w i

L4 2 2 il |

10 \ 4 102} \\ 4

T T
10 + d 101k

T ) W -

109)

4 4 4,
= T T T T T T = T T T T =
w i w w
. 2F i E . 2F E .ok

1o i [N 3] 19
FlE lI __l._‘_.._...- ‘ SUUR: D] N IS T . HEN
ol -2p 1 | E ol -2t E ol -2 ] 1

A 1 1 1 } 1 1 . Il 1 Il 1 . L 1 I Il Il | Il

- 2000 2500 3000 3500 4000 4500 5000 5500 4 2000 2500 3000 3500 4000 4500 5000 5500 4 2000 2500 3000 3500 4000 4500 5000 5500

m; (GeV) m; (GeV) m; (GeV)
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A A mock dataset is produced with a realistic mixture of background processes (mainly QCD) and injections of signe

with varying cross sections

A A background only sample is also used to check that none of the methods produces artificial excesses

CMS Simulation Preliminary (13 TeV) CMS Simulation Preliminary (13 TeV)
4] T T T T T T ,L;‘.'.* T I [0} T i j ’ T j T T j T T T T
= Stz 1o = S
Ig 107" s g 107"
o , Q . .
X-YY =4q \\\ W - Bt— bzt
1073}~ -=~ VAE-QR 103} -=- VAE-QR
—— CWola Hunting \ \ —+— CWolLa Hunting
—o— TNT A Ad4o —o TNT
1050 . GATHODE : 10°°F + CATHODE
—#— CATHODE-b —«— CATHODE-b
50
QUAK
17| QUAK ; \ _ 1071
4~ QUAK: Model Specific B 7 i ow Ag +~ QUAK: Model Specific QUAK trained on
10-9) ¢ 2-prong (tz1, Msp) 6l 10-9F ¢ 2-prong (21, Msp) ~_ corresponding signal mode N1
3-prong (Ts2, Msp) N; 3-prong (T2, Msp) > e
-#- Inclusive ') -®- Inclusive -
1011 j \ _ 10-11}| _
«Standardxdijet search “ 76 t mah vtt A6 25
—— r I i ..\¥""'7"'7 """" ¥ | PR P T i v,
-5 0 5 10 15 20 25 -20 0 20 40 60 80 100
Cross Section (fb) Cross Section (fb)
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No technique sticks out as better than all others across the

Best performing Greatest improvement over best
otraditionaeled fetmMmodd otraditional 660 met hod
A A
[ A\ { \
Improvements in Expected Sensitivities
Prongs Process Comparison 95% CL Limit 95% CL Limit 50 discovery
A — BC Method my =3 TeV my =5 TeV my =3 TeV
242 X =YY —4q  2-prong (ty,msp) 1.4 (CATHODE) 1.1 (CATHODE) 2.3 (QUAK)
3+3 W' Bt »bZt  3-prong (T3, mgp) 1.2 (VAE-QR) 1.3 (TNT) 2.1 (TNT)
442 Wygx = RW — 3W Inclusive 1.5 (CWoLa Hunting) 0.9 (VAE-QR) 2.6 (CWoLa Hunting)
6+6 Y - HH — 4t 3-prong (Ts,mgp) 1.5 (QUAK) 1.4 (TNT) 3.3 (TNT)
\ Y ) \ Y )

|.e., what cross
section would have
givenu , expected

Improvement in Improvement in ,,

expected upper limi discovery threshold
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AUsing an AE as anomaly detector r elwrketsetranng dsirileutioo wilf e
be reconstructed worse

A This is not always true: especially when the background distributionssweryrede.g.,boostedtops), AEs tend to

Interpolate
CMS simuiation (13 TeV)
LLI L Tttt
A : - _ _ L 1.0} AE )
A Confirmedn CMS when training an AE on top jets and trying — Background -
to flag semivisiblgets (SVJs) as anomalous Stnal 1
A The AE ovegeneralizes: signal reconstructed as well as oobe s — ]
background N —
) . _20'7? 22 — -, fiy=0.1 —- =05 ]
Aln general, where these 0bl ind/“spot sOn-@ppean] [Can be
. 0.6 ,,.J' o N
unpredictable %4 P ~
051 Nz e
(5‘ | ‘2(|)0| | ‘4(|)0‘ | ‘6(‘)0‘ | ‘8(|)0l | |10|06 | “I2‘0(‘) | ‘14;00
Epoch
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ASolution: promote AE to a probabilistic model (1

Input feature space X’

Outlier

reconstruction Input array <

in the signal \ 5 \

support SN E A q . X
P A g0 (@)

Weights of the WNAE 4—//Q‘ Reconstruction error

Training / background
support B

Outlier reconstruction

Low reconstruction
error region £

A Promote the reconstruction error to an energy function defining a Boltzmann distribution

A At training time, sample froip and enforce thafj 1 by minimizing Wass. Distance
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Codehere

A In the togiet VS SVJ case, go from no discrimination to good discrimination

= CMS_Simulation (13 TeV) 10 ¢ CMS Simulation (13 TeV) 10
@ 2 S 0o
GRRLEY 0560 0529 0503 0491 09< R 0770 0744 0713 0.696 =
- | S
= Ee

1500 0.6 1500

0.5
1000 1000
01 03 05 o071 °* 01 03 05 07 4
rin\lr rinv

A Not wunli ke a NF! Cons: heavy to train, no ogenerat.

digest arbitrary data structures
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https://gitlab.cern.ch/cms-analysis/mlg/mlg-24-002/wnae

11/11/2025 Experimental AD overviewRoberto Seidita



¢ Z *z 8z 8

A Select events with at least 1 lepton and 1 jet (reduce QCD
background)

A Target set of 9 final state§ Qo "@WJQ* )

A Consider up to 10 jets, 5 electrons, muons, and ph@tons,
U Sorted by type, then ; zero-padded

Events

A Buildrapidity-massmatrix, flatten and feed to 1D autoencoder

miss
€

T my(jy) my (j,) mp () my () my () comp(py)
hy () er(y) mG,jo)  ..mG,jn) mG,pu) mG, ) ..om(jy, Hy)
hp(y)  h(isJy)  6ep(y)  ...mUn.iy) mGUa, uy)  mUjo, ty)  ...m(js, i)

hyGy)  h(i.in) o0ep(n) mGin,uy) mGa, o) ..mGiy, Hy)
hy(uy)  h(uy, gy h(uysjn) o k(s i) er(py) m(uy, o) m(piys Hy)
hy(uy)  h(py,jy)  h(uy,jo) o Ao, jn)  h(Quy, o) oer(u,) m(fis, Yn)

doi.org/10.1016/j.nima.2019.04.031

hy(uy) h(un.jy) huy.ja) - hQuy.jy) Ay, p) h(py, po) oep(uy)

1011ll]llllllllllll]lIIIIIIIIITIIIIIIIIII
—— Data
10"k ATLAS tbH*(2 TeV)
10°E Vs=13TeV, 140 fb™ Wik - W ¢ (2 TeV)
sE  mme Z' - Ef(2TeV)
10 . eeseees SSMZ'| W' (2.2 TeV)
10’ e Z' (DM) (2 TeV)
10° \ — 10pb AR
10° : :  --1pbAR
10* : .
10°
10°
10
107 /7 . ~
10—21II§l.l!lllllIIllllil]llla::lgllllillll 1
-1 10 -9 -8 —7 -6 -5 —4
log (Loss)
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E E E T E| E T
E —Data10pb AR 3 3 3 F
= —Background fit ] 44 22ndt=1.07 ] 10°k ¥2/ndf=0.92
E x?/ndf=1.00 E E E
10° 3 1 1°F
2 3 E E
= 3 B F
- - 2L
o1 g E : 10 :
Y o[ ATLAS - 4 10F
E {s=13 TeV, 1401b" 3 3 E
. E E F
. . . . . . . 4 . R 4 L
A Bump hunt in 9 invariant mass distributions J# 1 Ej+bjet
t E 4F y 4
% - P EET Lo h e gy g
e . . . I 2F L 1 Ly ] 3
A Online tool released to ease reinterpretation: T ' o
. 3x10” 1 2 3 45678 3x107 1 2 3 45678 3x10°
E g E E 8 E| E g
10 x2/ndf=0.91 .; 104 L +?/ndf=0.94 .; 10* ;r ¥?/ndf=0.77
) o ] ] E
ADFilter E 1 vr
Autoencoder filter for publications N E L ]
The LHC experiments use unsupervised neural networks (autoencoder) for anomaly detection to increase sensitivity to BSM models and remove trivial Standard 3 4 I
Model backgrounds. Such neural networks are trained using a small fraction of data. This web service is designed to calculate acceptance corrections for any .WWMJI‘L‘\_.H_ ] 5 R a1 A i A
BSM or SM event records. 1 :ﬁ e I T
Compressed LHE, ProMC and ROOT files and slimmed Delphes ROOT files with the size less than 150MB are supported. These files can be downloaded from 3x107" 1 2 3 45678 3 45678 3x107" 1 2 3 45678
HepSim repository. Before upload, transform Delphes ROOT files as explained here.
E T E 3 T = E T 3
To start processing, upload input file (*.root, *.prome, *.lhe.gz) E E 3 E 3 E
1 ¥2/ndf=0.94 - 10k, ¥2/ndf=1.19 - 10*E ¥2/ndf=0.64 —
Scegli il file | Nessun file scelto E E E 3
= 5 10°g .
 Upload file - @ 3 E : E
< 3 E E
Choose autoencoder: g E E 10? E
[Single leptons pT>60 GeV CM=13 TeV (ATLAS, Phys. Rev. Lett. (2024) 132, 081801) v| L E ] F
E E 10 E
Output Results: 'é 1%’ "
e ROOT file with reconstructed objects (and RMM) for TensorFlow input E E E
« ROOT file with events, cutflow and invariant masses in the anomaly region. 4 F T 4
* Log file with all steps =l 'l.l L u.H Hu' e l.l | 3 W N P PO P I 3 N T L
k=) fz’ 7‘2) Lal L B L) L LLa 72 ol I | Bl Ll L)
n 4k = -4 E . 4 .
3x107" 1 2 3 45678 3x10™ 1 2 3 45678 310" 1 2 3 45678
m[TeV] m [TeV] m [TeV]
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X/H Candidate Large-R Jet Selection

P a N P a N
¢ 2 9 ? 8 ( A A mr’n(DHM(Jl, J5)) ma_r(DHm(Jl, 1))

X-Tagging | H-Tagging & Background Estimation

----------- Dy, 4 Higgs mass window
:‘ Anomaly :I -------- >
Look for jets with anomalo T prong morge -+ N - |
/' substructure on the X sicl (gl ORI N ol S SN =
:‘Two—prong (reso\ved):l --------- »
50 75 I 145 200

Y
> _ O EE —| 02
< s 1 1 Z ¢ = " ..
b il b A Variational Recurre™N used as
L —] anomaly detector
AME T - A Input: 4momenta ofQ -ordered
” o & jet constituents
Use’0° w wo tag the event _ = |
——| & ' ' =} = 4 N . 7
= /15| |AOTI me stepo ru
= L [ until entire jet is processed
% h(t-1)

~J
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A Bump hunti®a in windows ofx

p>X

Analysidenchmarked ot © 1y rsignals + darkets

>\

Dedicated tweprong o

Cm »

ATLAS .

95% CL Limit on Cross Section [pb]

boosted/resolved analyses typically o ECbe
outperform the ARpproach 0.2

0.18
0.16
0.14
0.12

%
0.08
0.06
0.04
0.02

—— Y-XH (m, = 3.4 TeV, m, = 110 GeV)
— Y-XH (m, = 5.0 TeV, m, = 2500 GeV)

A ADbetter thanO on dark jets,
whi ¢ h d o npfohg sthuatwree a

Normalized to Unity

— Y->XH (my =2.0 TeV, m =300 GeV) E =13 TeV, 139 fb-1

T
ATLAS

PRI R Tl A A R B
0—1 -08-06-04-02 0 02 04 0.
J, Anomaly Score
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| ]
O o ! ]
'S |
v | 3
] ] V l l l ]
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)
2 2 % 2 Y, e s,
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VD \)’ \5\ 6\ 99 6 /\
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L L , &P
PN A 7
o Fo Y, 0N
A A v)d\ 70
> Yo, V9, ©
%Q, &, %, %L,
@@ @6 e ~
024 T T R B o N S I
022EF [ ]pata ATLAS I
E ___ Dark Jets Vs=13TeV, 139 for! 3
0.2~ m,=30Tev E
-'E' 0.18  A-BC-qqgaqq —
S gAqGE (M= 30TeV.m, =200 GV, m, =400 Gev) 3
o 7 CF  A-BGbbbb 3
o 0.14 57 (m, =3.0TeVv, m, =200 GeV, m_ = 400 GeV) =
N 0.12F 3
© — —
£ 0.1E E
S 0.08 =
0.06 & =
0.04 F =
0.02 3
ool Ly g ol il T R A B L1
Q1 -08 06-04-02 0 02 04 06 08 1
J,, Anomaly Score
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> S U L L e [ e [ ] (L [ =
8 - ATLAS Simulation —— Score < 90%
pd - V§=13TeV,140fb™" Score > 90% -
Ql ~ 1Z0b2SFOS = Score > 99%
o 107 E
c - =
o — —
s [ i
A Targets three final state®/b/b/bh/b/b/b/bh v /b 5 108 N
c = =
e - .
A NF is trained on background MC to learn the joint pdf of s T
5(+10) eventlevel variables depending on the category L g0 =
Training variable Description i i
_ _ -5 | I T T Su T TP U T SN
_ Inputt04£Q = 0,4¢ 0 = 22, and 2 5¢ 1Z 1070200 200 600 800 1000 1200 1400
HTp Sum of transverse momenta of leptons lep
HJ; h Sum of transverse momenta of jets HT [GeV]
E%mss Missing transverse energy
Niets Number of jets 4 . . .
pr(Z) Transverse momentum of lepton pair closest to Z boson A Anomaly score bU||t by runnlng the N F In the
Input to 4£ 0 = O and 42 Q = +2 normalizing direction and calculating
pr(€f) Transverse momentum of lepton pair second-closest to Z boson
m(Z) Invariant mass of lepton pair closest to Z boson S ey s < e
m(£f) Invariant mass of lepton pair second-closest to Z boson . | | n@)) | | r‘;
mhigh(3¢) Largest invariant mass of lepton pair closest to Z boson and another lepton | (Q)) 0 0
mlo¥(3¢) Smallest invariant mass of lepton pair closest to Z boson and another lepton | | F]C; | | F]C;
m(4¢) Invariant mass of four-lepton system
mr (4L, E?iss) Transverse mass of four leptons and EIT’rliSS - L. . .
mr(Z, E%niASS) Transverse mass of lepton pair closest to Z boson and Efr”i“ A A Most sensitive InputS fOU nd by cuttl ng on
mT(j{;i, ET™) Transverse mass of l.epton pair sec‘ond-closest to Z boson and E7 anomaly score and CaICU Iat| ng energy d iStance
2, peb; Sum of pseudo-continuous h-tagging score

between distributions above and below the cut
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(2]
Model-independent & ATLAS ¢ Data Wzz+LF W Zz+HF
i Vs =13 TeV, 140 b mvvw B aMisID Wtt+X
. 24l WLFe OHFe EHFu
Control regions — Discovery regions Post-Fit @ Conv. [DMultifakes [ Other

/, Uncertainty

4£,Q =0, 42,Q =
HFe HFu 0Z, 0SFOS, 1Z, 1SFOS,
< 50% < 90%

0z L1z
2SFOS

1z
2SFOS

Discovery

2Z 1 Q=%2 >5l
signal bin #1 : H

oo  HQ=0 |l n each od
_ e 1Z,2SFOS, .
A B <o selection on the anomaly scc

L defines the

4¢,Q =

44,Q = 5107 . : = — T
Conversions [MUVAZRITL <2926% 2 15 i 5 5 i+ ?5
< 90% & ,lé/,,« _ /‘ﬂ.-v-vv--’ ysa/‘;q-w-/-}//1//-o-~v~-o—-+/-ﬁ ,-. O < g Rl Yo s il
0b =1b g ‘ ¢ I ;
8 05
; ] : . :
40,0 =42, >56>1Z CR 5ol 505! SHAQOCH 905 29057 CHVQOS/HAQW 9557 0b Ssﬁoi’ ;soy 5057 Ags%‘;l]b %ﬁﬁw ;ag,,s AR o5 SR 590 RUZCR;,ZFA,ZASOO
< 90% < 90%
= 10°— , : : : : S— : : : : : —
Each layer fitt tely. £ . ) .
ach layer fitted separately = . ATLAS p— Nisig — Obes. limit ]
s VS =13 TeV, 140 fb~' vis = £ Exps. imit 1
- Al limits at 95% GL mm ilo
B +*20 7]
Each discovery bin fit togeth
. 10-"
with all CRs and leanomaly - i
. .
score odisco | -
1072 =
L0z 0z 0Z 1Z 1Z 2Z Q=42 > 5l .
- 0SFOS  1SFOS 2SFOS 1SFOS 2SFOS .

550% >90% >90% »99% >99.9% »90% >99% >90% >99% >99.9% >90% »99% >99.9% >90%  0Z  >90%
Model-independent signal bin
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A ATLAS performed two iterations o€C&\VolLasearch

Caveat:dijet search with AK4

A FirstCWoLaenhancedlijet search at LHC, using the two jet masses as features jets, this search with AK10 jets
0 = — 40 -
S. 500_| LI I L L L B B I BN T T 1 _10 m Ee :l | ! ! ! ! : ATLAS .
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Z 8

V -

Zz8 M2 MzWB+(Zz8

Perparticle embedding learned togethe
with supervised classifier (deep set

Antelope: unsupervised model on
latent space of supervised one

A First step: peparticle
embedding + classifier trained
on SVJ + QCD MC

A Second step: train VAE with
frozen embeddings on data at
preselection level

11/11/2025

Step 1

Learned per-particle set representation ®

QO
e

Step 2

Variational Auto-encoder (G,

VAV, Uy
a = «{Pu\Pri> Ni» Pp £ A, 2 ‘WQ ‘v‘ve "'
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Performance of ATELOPE
significantly stronger for signals n
used in supervised classifier train

L B e e L s B S B B S B N

1 02 ATLAS Emerging jets 3
VS=13TeV, 140"t mx =1000 GeV, T,, =1 ns ]
10 Gluino R-hadron .
¢ Data ™ ms=2000GeV, ;=0.03ns
of mz = 2500 GeV, Riny = 0.2 Gluino R-hadron ]
10 - Mz =4000GeV,Riny=06 —— m;=3000GeV, T4=0.03ns 7§
107 F | * 2eevags
D 2f
L 107 F -
< S
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107 e
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ANTELOPE score
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Uncertainty

over supervised searc
for nonrSVJ signals

Note: supervised searc
specifically targets SVJ
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StolenfromSabrinaGi o r oskdeat RasiMl Layer 1

Calorimeter
);‘;‘ Trigger

(calorimeter energy

deposits)

Two algorithms running with very low latency on L1 FPGAs l l l i l l

AXOLI1TL: VAE trained on L1 reconstructed obje€® (jets,% ) Layer 2
Global Muon Calorimeter

.................................................................... S Trigger Trigger
o aEﬂHaz ' o (muons) (e/y, jets, T,

energy sums)

210504906 Step 1: Embedding Layer Training

E"’Hi 1./

SAnunlaly = MSE’(X: X~) a % Z{:‘Bl - "Ei)z

Step 3: Deployment

11/11/2025 Experimental AD overviewRoberto Seidita 30


https://indico.cern.ch/event/1496673/contributions/6637931/attachments/3128122/5548733/axol1tl_fastml25.pdf
https://indico.cern.ch/event/1496673/contributions/6637931/attachments/3128122/5548733/axol1tl_fastml25.pdf
https://indico.cern.ch/event/1496673/contributions/6637931/attachments/3128122/5548733/axol1tl_fastml25.pdf
https://indico.cern.ch/event/1496673/contributions/6637931/attachments/3128122/5548733/axol1tl_fastml25.pdf
https://indico.cern.ch/event/1496673/contributions/6637931/attachments/3128122/5548733/axol1tl_fastml25.pdf

Two algorithms running with very low latency on L1 FPGAS

AXOLI1TL: VAE trained on L1 reconstructed obje€® (

jets,% )

CICADA: convolutional AE + surrogate model for fast

inference, trained on calorimeter deposits

~300k params

CMS Calorimeter (Schematic)

Unrolled Input

Energy deposit

~4Kk params

11/11/2025

.........

SSSSS
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Layer 1
Calorimeter

Trigger
(calorimeter energy
deposits)
Layer 2
Global Muon Calorimeter
Trigger Trigger
(muons) le/y, jets, s,

energy sums)

L1 Accept

Exefitl \Eveug Wi
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Sensitivity to wide range of benchmark signals

Efficiency
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CMS Simulation Preliminary (13.6 TeV)
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Slightly different philosophy:-&ep AD at L1 and HLT

40 MHz

-

GELATO L1

{ . Variational Autoencoder -

Generative Adversarial
Network (VAE-GAN)
architecture with encoder-only
architecture on firmware

+ 44 input features: (pr,n, @)
from 15 objects (6 jets, 4 taus,
4 muons, and MET)

+ Model quantized to fit in 25
ns inference time (completely
combinatoriall)

* Runs on FPGA on Level-1
Topological board (L1Topo)

+  Two WPs: T for physics

score threshold

and L for control based on

11/11/2025

0.5 kHz
target unique
rate

—

* AE architecture

* 47 input features:

(pr.,m, ¢) from 16 objects (6
jets, 3 electrons, 3 muons, 3
photons, and MET)

* Lower py threshold of 50
GeV for jets, 30 GeV for
electrons, muons, and
photons

* Runs only on events
passing GELATO L1

+  Three WPs: T (fallback),
M(physics), and L(control)
based on AD score threshold

\_

GELATO HLT '\

J

10 Hz target
unique rate
—

StolenfromKennyJ i

slidest FastML

Reconstruction error

Encoder

Prior distribution p(Z)

Kullback—Leibler divergence

Discriminator loss

Discriminator

Generator loss

Reconstruction error

Encoder

Decoder
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https://cds.cern.ch/record/2942187/files/ATL-DAQ-SLIDE-2025-466.pdf
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Sensitivity to wide range of benchmark signals

True Positive Rate
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