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' Introduction

I Anomaly detection (AD) has been gaining traction in high energy physics
I Machine learning based approach to identify unusual events
I ML training performed with usual data events
I Capable of modetagnostic searches with possible access to unknown features
I Could fill in gaps of existing BSM searches
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AD In triggers

I Possibility of new physics evading conventional triggers
I Trigger algorithms tuned to save events with high energy objects or specific event
topology to keep trigger rates manageable within limited computing resources
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Trigger Trigger (HLT)

ATLAS front-end

| GELATO(Generic EventLevel Anomalous Trigger Option)
I Trigger on anomalous events using AD at both L1 and HLT
I Deployed this year, now running for actual datdaking

AD trigger efforts by CMS: AXOL1TL, CICADA
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GELATO trigger pipeline

r GELATO L1 ~\ (— GELATO HLT—\
| VAE-GAN architecture ! AE architecture
| 44 input features: (!, "#'$) ! 47 input features: (!, "#'$)
from 15 objects (6 jets, 4taus, from 16 objects (6 jets, 3
4 muons, and% %) electr%gg, 3 muons, 3 photons}
' and %)
| Model ired 4 and 500 Hz target ' 10 Hz target
! odel quantized, pruned, an : :
40 MRz 4 X unique rate I Lower!, threshold of 50 GeV | unique rate

optimized to fitin 25 ns

inference time — for jets, 30 GeV for electrons, —

muons, and photons

I Runs on FPGA on Level

Topological (L1Topo) board I Runs only on events passing

GELATO L1

I Two WPs: T (physics) and L _
(control) based on AD score ! Three WPs: T (fallback), M

threshold (physics), and L (control)
e based on AD score threshold
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HLT model design

The HLT model uses a standard autoencoder (AE) architecture

with a mean squared error (MSE) loss ., P

I MSE calculated by ignoring —>  Encoder —» —  Decoder —»
Input zero values (masked MSE)
l I = number of nonzero inputs

n

1
Reconstructed loss = ;Z(a’c‘i — x;)?

I i=1

l  AD score defined as the masked MSE

I Optimized nodesizes of the encoding layers
I "# 5 %&B W&& " $ () F "
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L1 model design

The L1 model adopts a Variational Autoencoder (VAE) Generative Adversarial Network
(GAN) architecture

I The discriminator tries to distinguish the inputs and reconstructed inputs

I The VAE tries to trick the discriminator, which strengthens the training compared to normal VAES

I VAEloss="# $ %&'( $ ) &*+, {Adversarial Ioss} Discriminator loss
For training

I AD score = Clipped KL
| Clipped KL- .'/ 0$ 1=234" |

Discriminator

=

Optimized nodesizes of the encoding layers KL divergence z
Il 556 786 096 7 ] * ]
—> Encoder 2~ N(payoo)> —> Decoder —>

n
- 1
Reconstructed loss = 52(9@- — x;)?
i=1
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L1 model design

The L1 model adopts a Variational Autoencoder (VAE) Generative Adversarial Network
(GAN) architecture

I The discriminator tries to distinguish the inputs and reconstructed inputs

I The VAE tries to trick the discriminator, which strengthens the training compared to normal VAES

I VAE loss ="# $ %&'( $ ) &*+,
. For inference
I AD score = Clipped KL

| Clipped KL- .'/ 0$ 1=234" |
xZr

Discriminato

el

I Optimized node sizes of the encoding layers KL divergence z
Il 556 786 096 7

T

—> Encoder

2~ N > —> Dec

n

1
T i=1
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Model training

Both the L1 and HLT models are trained with Enhanced Bias (EB) dataset taken in 2024

| EB dataset allows to train with nofi_1-biased events by applying dedicated weights
I Allows to populate the distribution tails to reduce uncertainties for low rate
I The 2024 dataset has the closest detector conditions to what we expected for 2025

| GELATO L1 trained with events failing the 2024 L1 triggers

| GELATO HLT trained with unbiased set of events
I Prefer to train with events passing GELATO L1 but limited statistics
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Performance evaluation: L1

The ROC curves indicate discrimination power across various signatures
| For unique rate of 1 kHz, th&alse positive rate (FPRjs ( *#+%& with corresponding
signal efficiency ranging in 570%
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https://twiki.cern.ch/twiki/bin/view/AtlasPublic/CombinedTriggerPublicResults

Performance evaluation: HLT

HLT ROC curves made with events passing L1 with FPR(¢#+%& (1 kHz unique rate)

Il HLT model also presents discrimination power across a wide variety of signatures

| For target unique rate of 10 Hz, the FPR,is +%&! with corresponding signal efficiency
ranging in 3 30%
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https://twiki.cern.ch/twiki/bin/view/AtlasPublic/CombinedTriggerPublicResults

Implementation, simulation, and validation

I Implementation
' GELATO L1 converted to HLS usingis4ml, synthesized using AMD Vitis

Il GELATO HLT model converted to ONNX model for implementation into

ATLAS framework (Athena)
I The whole GELATO trigger constructed by the combination of above two

with dedicated object preselections and seeding algorithms

| Simulation and validation

| GELATO L1
| Agreement between firmware and Athena simulation achieved,

up to sorting ambiguities in objects with equal

| GELATO HLT
| Agreement between Athena implementation and offline score calculations

successfully verified
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https://fastmachinelearning.org/hls4ml/

Commissioning strategy and status

Gradual commissioning steps in progress for safe deploymeré#:

| Early LHC rampup: (April-Early May)
I GELATO L1 rate at ATLAS Central Trigger monitored for stability checks
but not actually enabled for trigger decision

| First stable beamsi4 (Mid-May)
Il GELATO L1 enabled with ~1 Harescaledrate to check the L1 triggered events,
but GELATO HLT not activated

I With stable detector/trigger conditions:t4 (Mid-June)
| GELATO HLT activated at ~0.1 Hprescaledrate to check the events triggered by
the entire GELATO and the CPU cost of GELATO HLT (0186 of full farm)
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GELATO L1: rate monitoring

Stable rate performance for GELATO L1
(L1 ADVAEL) observed at ATLAS Central Trigger

Rate Before Prescale [kHZz]

Rate consistent with LHC luminosity and rates
of other primary triggers such as single muon
(L1 MU14FCH) and 4-jet (L1 4jJ40) triggers

Total rate of 9.5 kHz observed for GELATO L1,
roughly consistent with our predictions
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https://twiki.cern.ch/twiki/bin/view/AtlasPublic/CombinedTriggerPublicResults

2025 data: first look

ATLAS

EXPERIMENT

| Event triggered by GELATO L1, [ttty
having the highest GELATO
HLT AD score (calculated offline)
In a certaintime period

I Four jets with.y / -&@A23, three
electrons and a muon with
.y 1 (8123, and4y™ of )%-123

ATLAS Public Combined Trigger Plots
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https://twiki.cern.ch/twiki/bin/view/AtlasPublic/CombinedTriggerPublicResults

Summary and plans

I First Anomaly Detection Trigger in ATLAS now running!
| GELATO: VAEGAN-based L1 + AEbased HLT
I Various studies and validations performed for successful deployment

' Upcoming plans
| Enable the GELATO with full capacity at target rates
| Strategies for calibration and physics analysis under consideration
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Level-1 Topological board

I L1Topo boards process triggers
based on event topology

_ _ _ Topo1A Topo2A Topo3A
(e.g.angular separation, invariant eEM. eTAU, Muons, eEM. eTAU,
gJ, gLJ, gXE/TE eTAU, jTAU, JEM, jTAU,
Mmass, etC') jJ, JXE/TE, JEM jJ, JXE/TE
I Three L1Topo ATCA boards, eac I_EL% % TT(:M
: - e N : eEM, JEM, uons,
with two Xilinx Ultrascale FPGAS, jJ, JXE/TE, JEM, iJ, JXE/TE, jTAU eEM. eTAU,
receiving different physics objectsf] 9. 9tJ. 9XE/TE B L OREITE
I Topo2A selectedas a result of @
resource availability and
performance evaluation [ ATLAS Central Trigger Processor}

Aug 27th, 2025 Kaito Sugizaki (UPenn)P 2025 in Madison



Enhanced Bias dataset

I Trigger stream used for modelling minimum bias interactions

I Overweighted in hight. y events likely to be selected by the trigger
but the selection is designed to be invertible
I Onecan apply appropriate weights to the events to get an effective
minimum bias sample

Aug 27th, 2025 Kaito Sugizaki (UPenn)P 2025 in Madison



