=y

hE EEHET
a5

:
T
N e

jgastohs
TUSEE LATSEED
B

B Tiate ™
W A
3 FE" Ja
T €1 R,
-

»

77 g

L
NSRRGSR
7 Ay TR B MR

R -n}-‘.l'}‘“-_}ju‘{ ,.-‘.l

o
o T3S ol g

a
VP A B

NIRRT gy TR SRR A TN

laeboe Aarrestad

Ao Al o s

TRICCEDRI

- (ETHZirich)



Clissa et al. 10.3389/fdata.2023.1271639

2
10M Big Data sizes
O
2
140 M hours/day
M of streaming (1 GB)
5
2
100k 71k B e-mai

2020/10 - 2021/

s
Al
|
S
GN) 500 EB
7] (total)
g 100 T objects stored
= 51.1k PBIy A in S3 up to 2021 (5 MB)
60 GB/s WLCG ::
5.4k PBIy 60k B spam 1.9k PBly transfers in 2018 o;&x
1000 e-mails(5 KB)
£ 23 YouTube 30+ B web pages
D 733pgly 2021 (2.15 MB)
2
300 PBly 98.83 M new users
100 =53 BRIy +1.17 M paid subs in 2020 ~7
. (1.5 GB and 500 GB, respectively)
720k hours/day
of video uploaded (1 GB) 62 PBly
2
10
Streaming Storage

data sources

240K pics/min. '
shared in 2021 data expected i 2026

1200 PB/

LHC real
data in 2018

HL-LHC Monte Carlo
data expected in 2026

hat we can afford to k

65k pics/min. LHC Monte Carlo
shared in 2021 data in 2018
(2 MB) © Luca Clissa (2023)

Production
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ices (average

HL-LHC
140)

200 vert

.I.

raY al\ViE adaY 2l aaVaYal

Need to upgrade detectors and algorithms to
maintain physics performance in challenging

LHC
/8 vertices
(average 60)




Tracker -~
.

Electromagnetic
Calorimeter

Input: 2 Tb/s — 63 Tb/s
Latency: 4 us — 12 us
Output: 100kHz—750 kHz

Hadron
Calorimeter ~ Supe
7 returp yoke interspersed
with Muon chambers

‘ \
Xilinx Ultrascale+ FPGAs

CALORIMETRY- TRACKING
370 FPGAs 174 FPGAs iloNe

*54 for HGCAL only! s 96 FPGAs 5 [VES

FLOW:
66 FPGAs




OFF-DETECTOR ML ON
FPGASs

LSt
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©
_FE 1012_ _|
Fast Machine Learning 3
(@)]
-
for HEP 'E 1010} -
g ——— LHC trigger
n 4D TEM
Our tasks not well- 10°FLEDM -
. B NN
represented by industry- {HEGIY [
. . +
driven benchmarks iy ClEmEn ek i
Must develop our own tools, il |
datasets and data challenges
1 2 | | | | | |
qO‘g 1077 107° 1073 101 101 103 10°

Reference latency [s]




ML inference at low latency
HEP Tools and Communities

Co-processing kernel
(Xilinx accelerators/SoCs)

(HEP hardware ML libraries:
FPGA custom designs
tri Igorithm

o — ) __, | h |s \ [ | . eovossabrinms

(quantized/pruned) sl e ie = 3

HEP quantization libraries: /\ CO N |fe r ~ e
€ QONNX J

HGQ
Q¥ERAS




(“Decisions are design time”

Tailored hardware for a mod
Each layer is separate comp

unit

Data flow architecture
Stay on-chip
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K E R A S from tensorflow.keras. layers import Input, Activation
from qgkeras import quantized_bits

from qkeras import QDense, QActivation
from gkeras import QBatchNormalization

x = Input((16))
x = QDense(64,
kernel quantizer = quantized_bits(6,0,alpha=1),
bias_quantizer = quantized bits(6,0,alpha=1))(x)
x = QBatchNormalization()(x)
x = QActivation(’quantized relu(6,0)’) (x)
x = QDense(32,
kernel quantizer = quantized _bits(6,0,alpha=1),
bias_quantizer = quantized bits(6,0,alpha=1))(x)
x = QBatchNormalization()(x)
x = QActivation(’quantized relu(6,0)’) (x)
x = QDense(32,
kernel quantizer = quantized _bits(6,0,alpha=1),
bias_quantizer = quantized bits(6,0,alpha=1))(x)
x = QBatchNormalization()(x)
x = QActivation(’quantized relu(6,0)’) (x)
x = QDense(5,
kernel quantizer = quantized _bits(6,0,alpha=1),
bias_quantizer = quantized bits(6,0,alpha=1))(x)
x = Activation(’softmax’)(x)

Nature Machine Intelligence 3 (2021)


https://www.nature.com/articles/s42256-021-00356-5

Nature Machine Intelligen 2021

AutoQKeras Dense (64)
{4,0)

Dense (32) Dense (32)

(2.1)

Dense (5)
w: Binary b: {8.3)

Model  Accuracy (%) Precision o B
Dense RelU Dense RelU Dense RelU Dense Softmax
QE 723 (4,0) (4,2) Ternary (3,1 (2,1) (4,2) w: Stoc. bin. b: (16, 6) 0.27 0.18
X (8,3)




High Granularity
Quantization

from tensorflow.keras.layers import Input
from HGQ import HQuantize, HDense

inp =
out
out
out
out
out

Input((16,))

= HQuantize(name=‘inp_q’, beta=beta) (out)

= HDense (64, activation=‘relu’, beta=beta) (out)

= HDense (32, activation=‘relu’, beta=beta) (out)

= HDense (32, activation=‘relu’, beta=beta) (out)

= HDense(5, activation=‘linear’, beta=beta) (out)

hgq_model = Model (inp, out)

arxiv:2405.00645



https://arxiv.org/abs/2405.00645

High Granularity
Quantization

from tensorflow.keras.layers import Input
from HGQ import HQuantize, HDense

inp =
out
out
out
out
out

Input((16,))

= HQuantize(name=‘inp_q’, beta=beta) (out)

= HDense (64, activation=‘relu’, beta=beta) (o
= HDense (32, activation=‘relu’, beta=beta) (o
= HDense (32, activation=‘relu’, beta=beta) (o
= HDense(5, activation=‘linear’, beta=beta) (

hgq_model = Model (inp, out)

arxiv:2405.00645

Ezﬁbase"'B'E

)

Accuracy (%

-.\I
-\J

-‘\I
a1

-\J
;M

HGQ-1 BP-DSP-RF=2

®
HGQ-c1
HGQ-2 MetaML-ciq = 1%
L

HGQ-3
BP
O

HGQ-c2
@
HGQ-4

MetaML-cig = 4%
+

QE
Il

.OB LogicNets JSC-L

SymbolNet LogicNets JSC-M

| i e | il
1k 10k 100k
Resource (LUT +55 - DSP)



https://arxiv.org/abs/2405.00645

his4ml + AMD Research Labs: QONNX

Frontend (QAT) Backend (compiler)

QK

Brevitas

Marius Koppel
A. Pappalardo et al. (2022)



Standard industry tools couldn’t reach the specs that
we require

his 4 ml

(V XILINX Vitis Al
A '
Al

Ratio / Vitis Al : - ZCU102
(Zynq Ultrascale+ 9)

ACAT, S. Summers



https://indico.cern.ch/event/1488410/contributions/6606734/attachments/3133753/5559880/edge_spaice_acat_sps.pdf

2024: Neural hardware triggers

CMS:

- Anomaly detection in 50 ns

- - LOST DATA
B SELECTED DATA
- - POSSIBLE NP SIGNAL

hils 4 ml

Reconstruction error

AD threshold

CMS DP2023 079

ATLAS:
- BDT selecting candidate
T events in <100ns

o
N

I 1 |
- ATLAS Preliminary /\ E
© (5-136TeV ~ Conifer | 3

— L1Calo eFEX tau algorithm =

o
S w
w_ o

Fraction of Events

[~ = Signal MC ¥t
) Background data

b
o
o0

0.053

ok M.} |
800 820 840 860 880 900 920

L1CaloTriaaerPublicResults

Belle-2:
 Neural track trigger
since April 2021

Reject |z| # 0cm tracks |

track rate [Hz]
=
un
(=)

100
50 -
0 ; . - _
-150 -100 -50 I © 50 100
z [em]
arxiv:2402.1496
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2024: Neural hardware triggers
making decisions in LHC experiments!

CMS Experiment:
- Anomaly detection in 50 ns
- 300 events/second

- - LOST DATA
B SELECTED DATA
- - POSSIBLE NP SIGNAL

his 4 ml

Reconstruction error
AD threshold

MS DP2023 079

ATLAS Experiment:
- BDT selecting candidate

lepton events in <100 ns

TRACKING

2031: ~20 billion inferences/s during HL-LHC

[ HF ] [ ECAL ] HCAL [HGOAL] [ TRACK FINDER ]
TMUX=1 | |TMUX=1 TMUX=1 T
» RS = 36 RS = 108 RS =18 HHHH 54
E 0 PGA=36 | [FPGAs =216 FPGAs = 18 %5:55;5 6/ ~
° RS = 36 ? 14
 oe—— | < EE
5 0 ,'-b/ /b/
© | | TMUX=18 TMUX=18
w 0. RS = 6 (phi) =9 (phi)
FPGAs PGAs = 162
1 . I o o | A
FPGAsEi)] " e EEEEE . 6
0.1 @Ql:'?a
. ¥
TM'J.'._-‘b' -
0. FPSC:.Aﬁs:SG/'Wi.
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o
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Trigger

ar;cept/reject

MUONS




HL-LHC CMS will run with

FPGA track finding, particle flow, jet
clustering and flavour tagging in <
12 us

- Reco. ets; sort the const ; compute input variables;
; per-jet NN part; sort jets by pn

Component

ooy || e | o | s
0.10 6% 4% 1% 0.6%

0.19 T%

5% 14% 1%
0.74 9%

T 5% 0%

25% 19%

299 960
AAA AAA

-::_'
AAAAAA
e W
——

his 4 ml

o |

| =e
| |
+



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

On-detector:
compression on
ASICs




Must compress ON DETECTOR
* High radiation
* Cooled to -30 — low power
1.5 s latency




T ?

Input Data Encoded Data Reconstructed Data

Variational Autoencoder



« 75-100 mW
- Triplicated w/b for radiation safety
Reprogrammable w/b over IC2!

Encoded data Encoded data




https://newsroom.sw.siemens.com/en-US/siemens-catapult-ai-nn/

SIEMENS Digital Industries Software Q

Software & Products Solutions & Services Industries Training & Support

Siemens Digital Industries Software Newsroom Overview All news Blogs

—a

PRESS RELEASE

Siemens simplifies development of Al accelerators for
advanced system-on-chip designs with Catapult Al NN

May 21, 2024

Plano, Texas

#
-
-
-
-
-
-
-
-
-
-
-
-

Catapult Al NN brings together his4ml, an open-source package for machine learning hardware acceleration, and
Siemens' Catapult™ HLS software for High-Level Synthesis. Developed in close collaboration with Fermilab, a U.S.
Department of Energy Laboratory, and other leading contributors to hls4ml, Catapult Al NN addresses the unique
requirements of machine learning accelerator design for power, performance, and area on custom silicon.



Data readout bottleneck
Gbps bottleneck

Read Out Integrated Circuit (ROIC) as an ASIC \

Digital
q
Sensor ‘ ’ Shaper [=N Dijgitizer [ Processor

Ampllfler )

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

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

+ 24.4 Gbit/s

2.2 Tb/s for Layer 1 (x10 less in Layer 2)




Reduce on
frontend
before
transmission

Two options:

Can we do streaming —

readout?
Read Out Integrated Circuit (ROI{) as an ASIC N

Sensor "—» Shaper M Digitizer

Ampllfler

Digital
Processor

Trigger
Processor

Reduce on
backend via
triggering




QKeras + hls 4 ml
Smart Pixels

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

* Reduce silicon data via in-pixel intelligence

» frontend filtering: discard low-pr track
data (< 2 GeV)

» feature extraction: Extract particle |
position and angle in pixel front-end CIL ]
ASICs from charge in single pixel layer

High
Level
Trigger

Level 1

 Bandwidth savings of 57-75%! Trigger

Rest of 22 MMz | MHz

CMS l [
40 MH: 1 MHz
. > Buffer M

credit: J. Dickinson




Reconfigurable logic in ASIC design

The Embedded FPGA framework

28nm CMOS ASIC (1x1 mm)
- ~ \5\\\HHW/

« Pathway to implementing ML "at source”
 Fully reconfigurable logic on detector frontend

* Open source (FABulous, OpenFPGA)

« potential to apply to variety of subsystems/
fields (SuperKEKB, FCC-ee, DUNE, free-
electron lasers)

x Gonski et. Al




aiedml|

Al engines can offer higher compute density,
provide necessary high speed I/0 interfaces.
Make them easier to use for trigger
experiments!

hls4ml for Al engines

Status:

linear layers and RelLu implemented

scales workloads across AIE array

support for Gen2/Gen3 devices
NGT WP 1.2



https://indico.cern.ch/event/1557810/contributions/6560461/attachments/3176280/5650278/EnricoLupi_NGT1.2-2ndTechnicalWorkshop.pdf

Anomaly detection with Quantised Interaction
VAEs in 50 ns Networks and Deep Sets
in <160 ns

- - LOST DATA
B8 SELECTED DATA
- - POSSIBLE NP SIGNAL

Reconstruction error
AD threshold

CMS DP2023 079
E. Govorkova et al (2022) P. Odagiu et al. 2024

Fully on-chip
transformers in 90 ns
(500k flops, 9k param]

Scale

¥

I".I o Softmax —»Matmul @
i |

|IEEE ICFTP 2022
arxiv:409.05207




...and outside

Semantic segmentation Seizure Predicting Brain Earth monitoring in
for autonomous vehicles Implant satellites

e ||
—— . } ' \ 4 distributed
4 ’ \' . recording ASICs

Wireless
. e \,-‘
communication

N. Ghielmetti et al. 2022 W. Lemaire et al. 2022 Edge SpAlce, S. Summers

¢ MLPerf tinyML benchmarking ¢ Accelerator control
e For fusion science phase/mode monitoring e Magnet Quench Detection
¢ Crystal structure detection ¢ Food contamination detection

* Triggering in DUNE e Quantum control etc....




FastML Lab

Keep in touch with
community by signing up
to the e-group hls-

fml@cern.ch (sign up
herel) and attending

meetings (listed here)



https://e-groups.cern.ch/e-groups/Egroup.do?egroupId=10279178
https://e-groups.cern.ch/e-groups/Egroup.do?egroupId=10279178
https://indico.cern.ch/category/11842/

BACKUP



Smart

Currently

being P' I

built Ixe s
Technology 65nm CMOS 28nm CMOS
Pixel ROIC size 50x50 pm? 25x25 pum?
Pixel Sensor size 100x25 50x12.5 pm?
Pixels 394x400 = 157 .6k 788x800 = 0.63M
Detection threshold ~1000e- ~500e-
Hit rate < 3GHz/cm? < 3GHz/cm?
Readout rate 1MHz 40MHz (?)
Digital buffer 12.5 ps (?)
Readout Bandwidth 1-4 links @ 1.28Gbps Photonic link @ 30-100

Gbps
Radiation tolerance 500Mrad at -15°C 1Grad at -15°C
Power 1 W /cm? 1 W /cm?
J. Dickinson

Jieun Yoo et al 2024 Mach. Learn.: Sci. Technol. 5 035047
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