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What is Edge AI/ML"?

Computation as close to the input data source as possible

Traditional model:

input data processing output data

Edge Al/ML model:

input data processing output data
ML

Useful for making the most out of low latency applications



What is Edge AI/ML"?

Computation as close to the input sensor as possible

Example:

Taking a picture with your
phone’s autofocus feature

Jannicke Pearkes



What is Edge Al/ML?

Computation as close to the input sensor as possible

Example: Go gle photo of a face X & @ Q
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What is Edge AI/ML"?

Computation as close to the input sensor as possible

Example:

Use your phone
to see if it picks
up the faces in
this image.

(turn on airplane mode to check if

the inference is happening directly
on your phone)
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Useful for real-time applications - like focusing on things that matter.



What is Edge AI/ML"?

Computation as close to the input sensors as possible

. TR TT— /

Example:

Self-driving car — onboard
computer making decisions

Useful for applications
where bandwidth &
network responses are a
constraint.



What is Edge Al/ML?

Computation as close to the input sensors as possible

Example:
Wearable devices

Applications where power
IS an important constraint
— often more power
efficient to do
computations locally.
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ML in particle physics:

detector

high-level data

collisions L1 trigger trigger analysis

@D -

'y

Image: CERN Courier
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> a ML widely used in offline analysis. Trends
L. towards bigger, more complex models with better

\L”  performance.



ML in particle physics:

detector
collisions

c-jet rejection
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/

ML in particle physics:

detector . high-level data
collisions L1 trigger trigger analysis

@D -

ML also deployed at HLT for reconstruction tasks
such as b-jet tagging.

Image: CERN Courier
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ML in particle physics:

detector ' high-level data
collisions L1 trigger trigger analysis

—~

Image: CERN Courier
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Intelligent: %
Growing ML applications here! « Compression @ |

* Reconstruction .
* Filtering )




A league of our own:

~1-100 ns ~5ms

Many of the edge ML industry applications in industry run on
timescales of achievable by microprocessors/GPU/CPUs.

Jannicke Pearkes
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A league of our own:

A3Da3 Institute
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https://www.itu.int/en/ITU-D/Statistics/pages/facts/default.aspx

Why are our data rates so high?

Our detectors are very granular 10% e
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Jannicke Pearkes

14



Technologies in LHC detector readout stack:

detector high-level data

collisions L1 trigger trigger analysis
~100 TBJ/s 40,000,000 ‘ 110,000 5000 ~4,000 TB/year
events/sec events/sec events/sec Image: CERN Courier
ASICs FPGAs CPU/GPUs
Latency O(10ns) Latency O(us) Latency O(100 ms)

ore flexible
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Wh at IS a n F PGA? Field Programmable Logic Gate Array
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ML Toolkit

1F TensorFlow

O PyTorch

his4ml (NN)

Quantized & Conifer

Model

Y JFINN
his 4 ml

C++/HLS
project

a8

XGBoost

Quantization and pruning:
QKeras, AutoQ (Keras)
Brevitas (Pytorch), HGQ

(BDT)

A Conifer
FW{X

XMachina

>

Jannicke Pearkes

C++ Model

FPGA RTL
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https://fastmachinelearning.org/hls4ml/index.html
https://ssummers.web.cern.ch/conifer/

Designing ML for FPGAs

Design space exploration involves more than just optimizing the architecture for best AUC

Co-design with more constraints:
Resource usage (DSP, LUT, FF, BRAM etc)
Latency & initiation interval

Power usage

!

Pruning

Accuracy v.s. LUTs
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Accuracy v.s. Latency
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https://indico.cern.ch/event/1526677/contributions/6549561/attachments/3120832/5534114/mlpmixer-ml4jets.pdf

Edge ML at the LHC in Run 3

detector
collisions

—

40,000,000
events/sec

r

L1 trigger

~

high-level
trigger

data

analysis

110,000
events/sec

5000
events/sec

L1 trigger rejects 99.75% of LHC events through selection rules.
If we don’t identify interesting events in trigger, we lose them forever!

“What if we are missing new physics by using the wrong rules?”

=

Image: CERN Courier




Anomaly Detection in the L1 trigger

May 2024 Oct 2024
Start of data taking y CICADA starts taking
with AXOL1TL . data

Q May 2025 ?

(ol d . 2025° .

ATLAS starts taking data ATLAS starts taking data
¥  with GELATO with NOMAD?

X

/
NOMAE\

Jannicke Pearkes
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https://indico.cern.ch/event/1526677/contributions/6549560/

Anomaly Detection with Autoencoders

Train on randomly
sampled data

Bottleneck:
autoencoder learns to
compress high
dimensional inputs into
low dimensional latent
space

Unsupervised
learning:

X — X represents
degree of abnormality

21



Anomaly Detection with Autoencoders

Train on randomly
sampled data

Bottleneck:
autoencoder learns to
compress high
dimensional inputs into
low dimensional latent
space

Unsupervised
learning:

x — X represents
degree of abnormality
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Anomaly Detection with Autoencoders

Different anomaly score thresholds are
used to target different trigger rates

Counts
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https://cds.cern.ch/record/2876546
https://cds.cern.ch/record/2876546
https://cds.cern.ch/record/2876546
https://cds.cern.ch/record/2876546
https://cds.cern.ch/record/2876546
https://cds.cern.ch/record/2876546
https://cds.cern.ch/record/2876546

What are the inputs?
AXOL1TL CICADA

CICADA image by L. Gerlach

Sillicon ==

Electromagnet
Calorimeter

Calorimeter Superconducting
Solenoid

lron return yoke interspe
with muen chambers

D
Solenoid Iren return yoke interspersed
with muen chambers

L1 trigger objects are inputs:

MET - (pr. ¢) L1 calorimeter towers are inputs:
Up to 10 jets - (pt, N, 9) 252 E+ deposits corresponding
Up to 4 muons - (pr, N, 9) to 14x18 towers in Nx¢

Up to 4 electrons / photons - (pr, N, ¢)

96 input variables total

@) ><
\GELATO/

NOMAD on ATLAS uses only muon inputs NofA

nergy d
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AXOL1TL Implementation

* Only deploy encoder half of the network,

compute degree of abnormality directly from
latent space

« Halves the network size and latency

i |
i |
a a4
O : N Z
L
- [

AXOL1TL

- MP7 payload
«— MP?7 infrastructure

— p?term
used for
anomaly
score

IIIII

Implemented on Xilinx Virtex-7 FPGA :
50ns latency and resource requirements met hls 4 /ml
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Knowledge Distillation

The smaller student model learns from the larger teacher model.

The teacher model

The student model

=
1

3
252
In

ﬂﬂ_>_@ Inference latency ~ 100 ns
2% Dense on Virtex-7 FPGA

Dense

Jannicke Pearkes
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https://indico.global/event/8004/contributions/72149/attachments/35393/65962/2024-10-14-PPC2024-VS.pdf
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884

What might we be sensitive to?

Nice separation between Zero Bias data and
BSM signatures such as SUEPs and H—>SS
— 4b (ct = 900mm)

Important caveat: Domain shift between data
(training) and MC (evaluation)

Developing techniques for studying trigger

efficiencies in data and evaluating on
standard candles.

Jannicke Pearkes
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https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884

Uniquely triggered events

Events

0.527 fo~!, 2024 (13.6 TeV)

CMS Preliminary
I | I 1 ‘ I I I | [ I | I I I

Run 380470

1 All Scouting
AXO Nominal
... AXO Pure

| A H R |

ST T T R R T TN T S T T T A BT B e 1 L
0 500 1000 1500 2000 2500

Emulated AXO Score

Large fraction of unique events
recorded that would otherwise
be rejected

High anomaly score events,
also triggered by existing L1
trigger

Jannicke Pearkes 28


https://cds.cern.ch/record/2904695?ln=en
https://cds.cern.ch/record/2904695?ln=en
https://cds.cern.ch/record/2904695?ln=en
https://cds.cern.ch/record/2904695?ln=en
https://cds.cern.ch/record/2904695?ln=en
https://cds.cern.ch/record/2904695?ln=en
https://cds.cern.ch/record/2904695?ln=en

Short-term Outlook:

Anomaly detection triggers are currently taking
data at L1 in both CMS and ATLAS! First time
unsupervised ML models are running in the trigger.

Possible developments for ML@LA1T in Run 3:
« \Wasserstein normalized autoencoders?

* Anomaly detection in other subsystems?

* (Semi)-Supervised L1 triggers?

« ML in L1 object reconstruction?

2026 is last year for gaining real experience with
ML at L1T in preparation for HL-LHC — we should
try out as many new ideas as possible.
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https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884
https://cds.cern.ch/record/2917884

High-Luminosity LHC Upgrades:

Pile-up will go from ~63 to ~200 ...

CMS Tracker: 16x more channels CMS Calorimeter: 72x more channels
Run 3 ~ 135,000,000 channels Run3 < 90,000 readout channels
HL-LHC > 2,200,000,000 channels HL-LHC > 6,500,000 readout channels

Bunch spacing stays at 25ns (40 MHz)
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https://www.royalholloway.ac.uk/research-and-education/departments-and-schools/physics/physics-events/2022-11-16-particle-physics-seminar-reconstructing-the-hgcal-data-in-real-time-at-the-cms-level-1-trigger/
https://www.royalholloway.ac.uk/research-and-education/departments-and-schools/physics/physics-events/2022-11-16-particle-physics-seminar-reconstructing-the-hgcal-data-in-real-time-at-the-cms-level-1-trigger/
https://www.royalholloway.ac.uk/research-and-education/departments-and-schools/physics/physics-events/2022-11-16-particle-physics-seminar-reconstructing-the-hgcal-data-in-real-time-at-the-cms-level-1-trigger/

HL-LHC Upgrades to the CMS L1 Trigger

* Machine Learning heavily incorporated into upgraded L1 trigger design
* Anticipate 25 billion inferences/s from ML models at L1
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Examples of ML@L1T at CMS in HL-LHC

Primary Vertex Reconstruction Electron ID

Track features m
HGCal HGCal
A Backend Backend

¥y
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=z D) P sy
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And many, many more!
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MLOps Challenges Ahead:

TRACK FINDER ]

* Making models robust to
inefficiencies or detector
components not working

TRACKING

« Retraining models to adjust to
changing conditions such as
detector aging (continual learning)

CALORIMETRY

« Cascaded ML models in the trigger

« Automating retraining pipelines
« Keeping track of deployed models =

If 1% of data isn’t triggered, 1% of physics is lost!

Jannicke Pearkes

MUONS
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ML even closer to the detector

r

detector
collisions

~

. high-level data
L1 trigger trigger analysis
- —
40J000,000 110,000 5000
e}nts/sec events/sec events/sec Image: M. Pierini

Can we use edge ML to build even more powerful readout systems?
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Applications

Data rate reduction through:
» Early compression with autoencoders
« Calorimeter data concentrator
¢ Sparsepixels
 Early filtering with neural networks
« Smartpixels , ,

Challenges

Lower latencies
» Radiation hardness
* Power consumption
« Higher costs & specialized skills for ASIC design and fabrication
* Accurate simulation, inference and retraining campaigns

Jannicke Pearkes
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https://arxiv.org/pdf/2105.01683
https://arxiv.org/abs/2411.01118
https://arxiv.org/abs/2310.02474
https://arxiv.org/abs/2312.11676
https://arxiv.org/abs/2406.14860

Technologies:

1F TensorFlow
O PyTorch

h I s 1 I C++ Model |

2 Quantized Vivado/Vitis

his4ml + Catapulit Al

Catapult

« Collaboration between hlsdml community Al HLS

and Siemens Catapult Al industry partner

e Customized hls4ml back-end

» ASICs can target even faster applications

O(10ns) in high radiation environments

36



ECON-T Calorimeter Data Concentrator

Compress the data coming from the 6 million high-granularity calorimeter channels with auto-encoder

Encode on detector

Decode off detector

Transmit latent space
vector to L1 trigger

v

Image adapted from: J. Ngadiuba
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https://arxiv.org/pdf/2105.01683

ECON-T Calorimeter Data Concentrator

Compress the data coming from the 6 million high-granularity calorimeter channels with auto-encoder

Encode on detector

Decode off detector

Transmit latent space
vector to L1 trigger

v
< '.~:‘ e
R

g ' Image adapted from: J. Ngadiuba
\\\\\\\\\\\\\\\ W p.

\ N NI ;l NV '_ v/
\ pe——— 7 -
- i

=
B =

Implemented in ECON-T 65nm CMOS ASIC

Fixed NN architecture with re-programmable weights and biases through 12C
Weights and biases triplicated for radiation tolerance

Low power (must stay at -30°C), 75-100mW, 1.5us latency

See today!

-

S é —
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https://arxiv.org/pdf/2105.01683
https://indico.cern.ch/event/1526677/contributions/6549559/

Track Reconstruction Challenges

AN

CMS Experimentat LHC, CERN ' %
= Data recorded: Mon Sep 23 00:09:16 202
3 \Byp/E\yent: 386071-/.315301770

N

4 CEST

-
\h

Jannicke Pearkes

High pile-up
— large amount of combinatorics

1.6

141 Only 5% of tracks have
pr > 2 GeV

1.2

Frequency
o© =
[e.] o

o
o
1

0.4 1

0.2 1

0.0 -

3
pT (GeV)

Momentum distribution of tracks reconstructed by the CMS
detector during Run 2 data taking
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https://arxiv.org/abs/2310.02474

Momentum filtering in outer tracker

CMS double layer design choice in outer tracker allows for early
filtering of low momentum tracks. high transverse

momentum

programmable
search window

top sensor

1.6-4.0 mm
le——>]

Key to CMS L1 track trigger!

E®
_-T-m?-m-_l bottom sensor
low transverse
stub momentum
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4

—_— \ / / / % - - 16

g 1200 -

E1000 - || Il || || || 18

H —_
Outer Tracker 800 | | | | | | | | | | 20
(PS vs 25 modules) . - L I ) I 22
=> used at L1 B UNSNARNNY LY S NN :: :: g | ! ,.3.2

400{_______\\\\\\ AN U U \ \ :I :I I: I: I: %8 ) ) )

A1x2 v 2X2 chip S R N S A | - Can we do a similar thing
modules) 0_}: ER .. | |' ! ! .' 4,-10 in a single layer of silicon?
=>not used in L1 0 500 1000 1500 2000 2500  z [mm]
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Concept behind smartpixels

Charged particle path perpendicular to sensor: Charged particle path at angle to sensor:
Regular charge cluster shape Smeared charge cluster shape

« Use cluster shape to extract incident angle of particle traversing pixel sensors
« By filtering on track momentum, reduce the data volume at the source,
lowering both rates and power consumption

Jannicke Pearkes
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Concept behind smartpixels

‘ B-field
Low p; (negative) High p+ Low pr (positive)
0.30 4 [ Low pr (pos)
 Can use a neural network in sensor readout | | = (o r(neo
to distinguish low p; from high pycharged 2 |
particles
« Lorentz drift shifts cluster charge
distribution " oos-

0.00 f

42 y [pixels]


https://arxiv.org/abs/2310.02474

How well does it work?

Simple neural network quite effective

(1 layer - 128 neurons, 2,307 parameters)

Can reduce data rate by 54.4% - 75.4%

Expected power consumption 300 pW/cm?

Expected latency 3.9 ns

Used his4dml + Catapult Al to place momentum filtering
NN on ASIC with programmable weights

Developing more sophisticated architectures for
regression too!

An example of ML not just in the trigger, but
embedded directly on sensor readout

fraction classified as > abs (0.2GeV)

=
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=
o
I

o=
=Y
I

=
W8]
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flat efficiency for track pr > 2 GeV
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https://arxiv.org/abs/2310.02474
https://arxiv.org/abs/2310.02474
https://arxiv.org/abs/2310.02474
https://arxiv.org/abs/2310.02474

Chip tape-out and testing: ..

Prototype 1.5mm? ASIC with momentum
filtering NN in 28nm CMOS has been e e e
fabricated*
Tests of the bare chip are currently in progress

Next steps after testing the prototype:

Build a bigger chip to bump bond to sensor &
test in a testbeam

*for characterizations of radiation hardness of 28nm, see



https://indico.cern.ch/event/1255624/contributions/5443894/
https://indico.cern.ch/event/1255624/contributions/5443894/
https://indico.cern.ch/event/1255624/contributions/5443894/
https://indico.cern.ch/event/1255624/contributions/5443894/
https://arxiv.org/abs/2406.14860

Next steps

Continued model development for momentum regression

Studies examining technical feasibility and physics outcomes
of integrating within CMS L1 track trigger for Phase Il
(~2035)

Applications in future colliders, e.g. rejecting beam-induced-
backgrounds at muon colliders.

Pixel layers currently unused
in CMS L1 track trigger
upgrade

Jannicke Pearkes
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https://fastmachinelearning.org/smart-pixels
https://fastmachinelearning.org/smart-pixels
https://fastmachinelearning.org/smart-pixels

Conclusions

« LHC experiments have high data rates
and strict latency requirements

« ML applications on FPGAs & ASICs
are rapidly growing at the LHC

* ML is currently being deployed within
the CMS & ATLAS L1 trigger systems

* On-sensor ML has applications for the
HL-LHC and future colliders

* These new technologies are
expanding our potential for future
discoveries
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