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https://towardsdatascience.com/how-big-are-big-data-in-2021-6dc09aff5ced
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10’ = FCC-hh vertex detector readout ~1 PB/s
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This readout technology doesn’t (yet)
exist!

Ultimate precision at future colliders
could be bottlenecked by our data
acquisition systems




Data readout bottleneck
Gbps bottleneck

Read Out Integrated Circuit (ROIC) as an ASIC

‘ >—> Shaper B Digitizer [N PrzlcgelzasL)r

@mpllfler

Sensor

Example vertex detector inner layer from before (#241 FCC-ee):

32 bits pixel data in inner layer @ 200 MHz/cm?

* 24.4 Gbit/s

Current technology 3.2 - 6.4 Gbit/s




We have two options:

Reduce on
ASIC frontend

before
transmission

Sensor

‘ >—> Shaper [™=8 Digitizer

@mpllfler

Read Out Integrated Circuit (ROIQ) as an ASIC

Digital
Processor

—+ML on ASIC/FPGA

Trigger
Processor

Reduce on
FPGA
backend via
triggering
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ML inference at low latency

HEP Tools and Communities

Model

(quantized/pruned)

HEP quantization libraries:

€ QONNX

HGQ
QFERAS

( Collaboration with AMD:

Brevitas for PyTorch)

HEP hardware ML libraries:

‘e

e

/ Co-processing kernel
(Xilinx accelerators/SoCs)

FPGA custom designs

(eqg trigger algorithms)
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https://indico.cern.ch/event/1439855/contributions/6461466/attachments/3045838/5381762/hep-eppsu-software.pdf
https://indico.cern.ch/event/1439855/contributions/6461528/attachments/3045901/5381842/ESPPU_Background_JENA_Computing_Initiative_2025_submit.pdf

Frontend (QAT) Backend (compiler)
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Intelligent frontends

Signal Background

Reduce on-detector - J

- Subtle data patterns within — e | ol
single (pixel) layer! ML on ASIC | «pr=196Gev ; x| pr=135 MeV ;
on-detector : . | =l |5 :;H
o filtering, and/Or 6 : - x[plil)(()els] . 20 0 Chalrlge[ke] L 6 : x[plil)(()els] . 0 0 c:aige[ke] g

» featurizing

 Challenges

Metric Simulation Target
Power 48 mW <[00 mW
Enerqy / inference 12 n) N/A
Area 288 mm? <4 mm?
Gates 780k N/A
Latency 50 ns <100 ns

e Radiation hardness

10
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Smart Pixels
Pixel readout ASIC with ML

* frontend filtering:
discard low-prt tracks

* feature extraction:
particle position+angle]
Mixture Density Model



https://indico.cern.ch/event/1439855/contributions/6461413/attachments/3045779/5381683/Fermilab-EOI-HF-FCC-March2025.pdf
https://indico.cern.ch/event/1439855/contributions/6461493/attachments/3045866/5381793/FCC_PED_ESPPU_DetectorEoI_Backup.pdf
https://indico.cern.ch/event/1439855/contributions/6461658/attachments/3046037/5382018/#247_FCC_FinalReport_Vol2-02042025-EPPSU-FCChh.pdf
https://indico.cern.ch/event/1439855/contributions/6461636/attachments/3046014/5381987/#233_FCC_FinalReport_Vol2-02042025-EPPSU-FCCee.pdf
https://indico.cern.ch/event/1439855/contributions/6461497/attachments/3045870/5381798/EPPSU_Instrumentation_CPAD.pdf
https://indico.cern.ch/event/1439855/contributions/6461614/attachments/3045992/5381959/ALLEGRO_Full_Detector_Concept_EoI-ESU-Mar27-2025.pdf
https://indico.cern.ch/event/1439855/contributions/6461662/attachments/3046042/5382026/European_Strategy_Input_2024-3.pdf
http://www.apple.com/uk
https://nips.cc/media/PosterPDFs/NeurIPS%202023/76175.png
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Smart Pixels eFPGAs

Pixel readout ASIC with ML Fully reconfigurable logic in ASIC design

frontend filtering:
discard low-prt tracks

* The pathwa to put ML on-detector!

feature extraction: |
particle position+angle]
Mixture Density Model
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BDT classifier In
28nm CMOS ASIC
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https://indico.cern.ch/event/1439855/contributions/6461413/attachments/3045779/5381683/Fermilab-EOI-HF-FCC-March2025.pdf
https://indico.cern.ch/event/1439855/contributions/6461493/attachments/3045866/5381793/FCC_PED_ESPPU_DetectorEoI_Backup.pdf
https://indico.cern.ch/event/1439855/contributions/6461658/attachments/3046037/5382018/#247_FCC_FinalReport_Vol2-02042025-EPPSU-FCChh.pdf
https://indico.cern.ch/event/1439855/contributions/6461636/attachments/3046014/5381987/#233_FCC_FinalReport_Vol2-02042025-EPPSU-FCCee.pdf
https://indico.cern.ch/event/1439855/contributions/6461497/attachments/3045870/5381798/EPPSU_Instrumentation_CPAD.pdf
https://indico.cern.ch/event/1439855/contributions/6461614/attachments/3045992/5381959/ALLEGRO_Full_Detector_Concept_EoI-ESU-Mar27-2025.pdf
https://indico.cern.ch/event/1439855/contributions/6461662/attachments/3046042/5382026/European_Strategy_Input_2024-3.pdf
https://indico.cern.ch/event/1439855/contributions/6461493/attachments/3045866/5381793/FCC_PED_ESPPU_DetectorEoI_Backup.pdf
https://fastmachinelearning.org/smart-pixels/
https://nips.cc/media/PosterPDFs/NeurIPS%202023/76175.png
https://arxiv.org/abs/2404.17701
https://arxiv.org/abs/2404.17701
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Smart Pixels eFPGAs -

Pixel readout ASIC with ML Fully reconfigurable logic in ASIC design

* frontend filtering:
discard low-prt tracks

* The pathway to put ML on-detector!
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e feature extraction:

particle position+angle
Mixture Density Model
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§ ' BDT classifier in
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10k ECONS with ML inside in CMS HL-LHC
On ASIC On FPGA

'ﬁV@.ﬂk -
a9 Transmit encoded data!

Encoded data 13 Encoded data


https://indico.cern.ch/event/1439855/contributions/6461413/attachments/3045779/5381683/Fermilab-EOI-HF-FCC-March2025.pdf
https://indico.cern.ch/event/1439855/contributions/6461493/attachments/3045866/5381793/FCC_PED_ESPPU_DetectorEoI_Backup.pdf
https://indico.cern.ch/event/1439855/contributions/6461658/attachments/3046037/5382018/#247_FCC_FinalReport_Vol2-02042025-EPPSU-FCChh.pdf
https://indico.cern.ch/event/1439855/contributions/6461636/attachments/3046014/5381987/#233_FCC_FinalReport_Vol2-02042025-EPPSU-FCCee.pdf
https://indico.cern.ch/event/1439855/contributions/6461497/attachments/3045870/5381798/EPPSU_Instrumentation_CPAD.pdf
https://indico.cern.ch/event/1439855/contributions/6461614/attachments/3045992/5381959/ALLEGRO_Full_Detector_Concept_EoI-ESU-Mar27-2025.pdf
https://indico.cern.ch/event/1439855/contributions/6461662/attachments/3046042/5382026/European_Strategy_Input_2024-3.pdf
https://indico.cern.ch/event/1439855/contributions/6461493/attachments/3045866/5381793/FCC_PED_ESPPU_DetectorEoI_Backup.pdf
http://www.apple.com/uk
https://nips.cc/media/PosterPDFs/NeurIPS%202023/76175.png
https://indico.cern.ch/event/1439855/contributions/6461413/attachments/3045779/5381683/Fermilab-EOI-HF-FCC-March2025.pdf
https://indico.cern.ch/event/1255624/contributions/5443789/
https://arxiv.org/abs/2404.17701
https://arxiv.org/abs/2404.17701

Intelligent back-ends

/ Read Out Integrated Circuit (ROIC) as an ASIC

Digital

e Digitizer
Processor

Sensor

Trigger
Processor

Fast
reconstruction
14 and filtering



Intelllgent baCkendS 2024: Neural hardware triggers

making decisions in LHC experiments!

| CMS: ATLAS:
* Trigger-less for future e*e- | . Anomaly detection in 50 ns - BDT selecting candidate t
not guaranteed » 300 events/second lepton events in <100 ns

» FPGA-based inference
for improved triggering

- - LOST DATA
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https://twiki.cern.ch/twiki/bin/view/AtlasPublic/L1CaloTriggerPublicResults#ATLAS_Level_1_calorimeter_eFEX_t
https://twiki.cern.ch/twiki/bin/view/AtlasPublic/L1CaloTriggerPublicResults#ATLAS_Level_1_calorimeter_eFEX_t
https://cds.cern.ch/record/2876546/files/DP2023_079.pdf

Object tagging for Phase-2 CMS

ML inference on FPGA

16 x PUPPI Candidates
pr sorted

ConviD ConviD
10 channels 10 channels
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8 - Jet

® % - Classification

ScCores

Lower-level information like tracks and particles in hardware triggers has lead to
increased usage of set-based and graph-based architectures, like 250 ns
DeepSet flavour tagging!



https://twiki.cern.ch/twiki/bin/view/CMSPublic/L1TNGJetDPSNote2025

Real-time tracking
BELLE-II

arxiv:411.13596

100
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Vertexfinding |
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‘Belle-2 uses ML for GNN-based offline tracking!

y (cm)

*\WWork ongoing on bringing this to the hardware trigger

—100-

Il Simulation

background = gt 0
e o signal

GNN prediction

*Graph building non-trivial (arxiv:2307.0728)

—100 —50 0 50 100
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Already use neural track hardware trigger for vertex-reconstruction, and azimuthal and

polar angles of single particle track .



https://arxiv.org/pdf/2411.13596
https://arxiv.org/abs/2307.07289

Well-established:
MLPs, CNNs, DeepSets,
GNNs, RNNs, symbolic
regression, (variational)
autoencoders, BDTs,
|IsolationTrees

Experimental:
Transformers, large
distributed CNNSs
(ResNet, VGG)

Quantised Interaction
Networks and Deep Sets
In <160 ns

Interaction Network IN

\ ¥ Pr .- /);' 'Q-Q . .
—ly ),l r]“" — —p — ; — > » .
ot ... PN ® O
T (quark, gluon, W, Z, top)

P. Odagiu et al. 2024
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Fully on-chip
transformers in 90 ns
(500k flops, 9k param)]

\

|IEEE ICFTP 2022
arxiv:409.05207



https://indico.cern.ch/event/1283970/contributions/5550630/
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ESPP proposal: Al R&D collaborations

EuCAIF proposal for scalable, robust Al through cross-domain collaboration

- Al for Detector and Accelerator Control: Accelerator performance,
calibration, system monitoring.

» Al for Detector Optimization: Differentiable programming, reinforcement
learning to maximize detector performance

» Al for Event Reconstruction: Tracking, calorimetry, end-to-end
foundation models.

- Al for Data Processing: Front-end electronics, trigger

in close collaboration with the Fast Machine L earning Lab , CERN NGT,
DRD-7 and EuCAIF AI-RDs

19


https://fastmachinelearning.org/
https://nextgentriggers.web.cern.ch/
https://drd7.web.cern.ch/
https://eucaif.org/
https://indico.cern.ch/event/1439855/contributions/6461566/attachments/3045939/5381892/AI_DRD_initiativepaper.pdf

Conclusion

ML is essential to address unique data and processing challenges in HEP
 Custom workflows and tools developed for extreme constraints
* Al/ML is ubiquitous in upcoming and future high-luminosity experiments

* |ntelligent processing near sensors needed to manage data from granular
detectors

* Cross-experiment collaboration (e.g. DRDs, Al-RDs) is key to future success!

20



