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The Large Hadron Collider
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https://x.com/JannaLevin/status/1512067673311506432?s=20

The CMS detector
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Artificial Intelligence
Accelerated Discoveries

e Advanced data analysis: discoveries not possible with
existing datasets

e Fast: big data processing

e Fast: real-time accelerations

e | will not talk about large language models
e Will focus on examples from the LHC

e Briefly mention connection to other science domains
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Search For Toponium

What is quarkonium?

Meson formed by heavy quarks. 0 @
C-quarks: Charmonium. aka. J/{ mesons
B-quarks: Bottomonium. Upsilon mesons

Toponium | edit]

Main article: Theta meson

The theta meson hasn't been and isn't expected to be observed in nature, as top quarks decay too fast to form
mesons in nature (and be detected).

This section needs expansion.

s¥5 You can help by adding to it. (April Wikipedia
2017)




Toponium: Bound states of
top quark pair

el b Top quark: heaviest fundamental
Zi particle observed
/'-
i o o oom
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production  lifetime  hadronization  SPin—flip

—21

W L 10727 g 107%° s 107 %% g 10 S

Toponium: bound state formed by top quarks that are relatively long lived
0.7% of the top pairs would form spin singlet toponium nt
More than 100 millions of top pairs produced in LHC Run 2

6



Search for Toponium with Dilepton Events
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tt — 2I: two leptons carry spin correlation information of the two top quarks, can
be used for toponium and ttbar separation

Many methods have been studied in order to analyze Tevatron/LHC 2| ttbar
events. [0603011.pdf, PhysRevlLett.80.2063]

Toponium reconstruction: need good resolution near M - threshold.
!


https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.80.2063%5D

Top quark reconstruction: non-ML Method

3OOTTbar Mass Resolution by TTbar Mass between 250.0 and 1200.0 [GeV]

Analytical solutions with
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Hard constraints on particle masses, detector resolution and extra jet
radiation effects ignored

Poor reconstruction below threshold and for boosted region

Fail to find solutions/Numerical methods, e.g. Neutrino reweighting:

computationally expensive :



With Transformers

mTTbar Mass Resolution by TTbar Mass between 250.0 and 1200.0 [GeV]
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Method based on transformer-LSTM model

Four momentum of leptons, jets, missing transverse
momentum as sequence input

Regress to neutrino true momentum:

Particle mass, kinematic constraints included in the Loss
function 9
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https://arxiv.org/abs/2003.07000

Make it Probabillistic:
Conditional Normalizing Flow
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Conditional probability distribution of neutrino momentum given
event content; likelihood for final statistical interpretation;
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Improvement in threshold and boosted regions, also faster
(computing cost shifted to training)
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Promising for toponium search and entanglement, bells
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https://arxiv.org/pdf/2307.02405.pdf
https://arxiv.org/pdf/2003.02280.pdf
https://arxiv.org/pdf/2003.02280.pdf
https://arxiv.org/pdf/2003.02280.pdf
https://arxiv.org/pdf/2003.02280.pdf
https://arxiv.org/pdf/1907.03729.pdf

Everyone Is doing some
ML now, how to process
data efficiently?



Heterogeneous Computing
for ML/AI

ASICs

Advances driven by .
big data explosion S B ‘B.ﬁ;‘cz
& machine learning — [

A 5 year old slide, message AT~
remains... Discontinued: October 18, 2022
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‘Al chips’ in 2023
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AMD / Xilinx
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Optimal Acceleration hardware usage

Ncpu 1= Ncoprocessor

COPROCESSOR
(GPU,FPGA ASIC)
COPROCESSOR
(GPU,FPGA,A
SIC)
""""""""""""""""""""""" ' COPROCESSOR
Traditional direct CPU->GPU connection: / (GPU,FPGA,A

sSIC)
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kubernetes COPROCESSOR

(GPU,FPGA,A

docker

— sIC)

Too many models or cores =

oversaturated GPU

Inflexible & Expensive Complex, Requires R&D
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Alternative solution : as-a-service

Datacenter (CPU farm)

....................................................
.....................................................

Heterogeneous

:i| Experimental Cloud Resource

i Software

HH /
Network input
Prediction

Services for Optimized Network Inference
on CO-processors. htips://arxiv.ora/pdf/1904.08986.pdf

Flexible & Adaptable - right-size the
system based on compute needs,
maximize e.g. GPU acceleration; task-
based optimization;

Scalable & Portable - co-processor
disassociated from existing CPU
infrastructure; reduce client software
dependency on server hardware
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https://arxiv.org/pdf/1904.08986.pdf

How to deploy SONIC in CMS

Datacenter (CPU farm)

Tl:
France

| Experimental geteroge"eous
55 loud Resource
:i| Software ]

.E /
Network input

HE Prediction

Taiwan

CMS

Online 7 T]

, ~10 online
str (RAW) £
~10 online |‘
Flrst
(RAW) reconstruc‘llon
~10 online Tier 2
streams (RAW) ~50 Datasets
(RAW+RECO) ==
S Tier 2
a::ie;/e . Callbrahon
Tier 0 Re-reconstruction,
skim making.
CMS-CAF - Tier 2
(CERN Analysis Facility) C MC Data

NVIDIA Triton Inference Server
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First demonstration in large
experiment data processing

MiniAOD step of the CMS data CMS Run 2 Data Flow

nnnnnnnnn

. . implementation:
processing: ML inferences St |l
- 3B-12B events , 1,5 gays run time ini-
consume 10% of the total g AOD o MRS

processing time.

Tests at Purdue CMS Tier-2
data center, GCP and Fermilab.

Public results

Mini-AOD production typically takes about 0.5 seconds
per event on production grid nodes

Algorithm Time [ms] Fraction [%] Input [MB]

PN-AK4 424 4.3 0.04

PN-AKS8 11.4 1.1 0.003

DeepMET 13.2 1.3 0.33

DeepTau 211 201 1.18
ParticleNet+DeepMET+DeepTau 88.1 8.8 1.55
Total 993.3 100.0 —

2t Fermilab
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http://cds.cern.ch/record/2872973

GPU as-a-service for CMS

Sites with directly connected GPUs
/ \ Directed to directly connected GPU _ | GPU nodes excluded from SONIC server
nodes

~
EmC

local host as SONIC server with GPU acceleration

CMS SONIC workflows

Sites with CPU only nodes offloading

CMS. local host as SONIC server without GPU @ --------- .
[ | CMS global pool Directed to sites without load acceleration e
| / balanced SONIC service
L

Directed to Purdue Tier 2 data ( \

center where SONIC service SONIC GPU servers managed by Kubernetes

available via Kubernetes Purdue Tier 2 data center

Results

r -
/ \ RP C k y TRITUN?N::R!EAS.ERVER

CMS SONIC workflows
at Purdue Tier 2 data center launch on demand
: ‘ e server [ \
. /VK P @ = :: - .- > CMS SONIC GPU servers
’ / o at Commercial clouds or HPC sites &
’ ] results B -
/

/

! ) | © FACCESS mm

\ 7/
e
N\ -
\§——_”

Fall back to local CPU
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| oad-balanced Triton
service avallable on site

-

CMS SONIC workflows

N

=g | CMS global pool

/

Directed to Purdue Tier 2 data
center where SONIC service
available via Kubernetes

Directed to directly connected GP
nodes

Directed to sites without load
balanced SONIC service

Results

/

CMS SONIC workflows
at Purdue Tier 2 data center

\

L server
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I
\

/
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\ -~
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e i ey

Fall back to local CPU

gRPC

results = =~ = - -

N

Sites with directly connected GPUs
U GPU nodes excluded from SONIC server

~
EmC)

local host as SONIC server with GPU acceleration

acceleration

Sites with CPU only nodes
local host as SONIC server without GPU

e

0

Purdue Tier 2 data center

S

NVIDIA.

TRITON INFERENCE SERVER

~

SONIC GPU servers managed by Kubernetes

launch on demand

/
-

—

CMS SONIC GPU servers
at Commercial clouds or HPC sites

| © ¥ACCESS &
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Single Model Optimization

- CMS Simulation Preliminary (13 TeV) CMS Simulation Preliminary (13 TeV)
'6;'1() %‘ | ‘ oo ‘ oo ‘ ‘% EZF LN ‘ toor ‘ oot - ‘ .IE
E | — OnTeslaT4 1 £ I
CIEJ 104§_ ---- On CPU e b % — A
= - PN-AK4 ONNX k] >

. . o[ —& PN-AK4 TRT T 2
8 10%F - K = o> 10° = _
S F .- PN-AK4 PT m AT 5 B
: - - c
S [ 2 {1 F
< -

10"}

-
2 el
-
1 0 -~
[ -
uilll |

|
Ratio to
ONNX

— m——— —ll |-
102
Batch Size Batch Size

il ] ] ] \\\\\l
109 10!

* Asynchronous inference requests

e Triton supports ONNX, TensorFlow, PyTorch, Scikit-Learn, etc. Triton
model analyzer tool optimizes server settings. e.g. batch size, dynamic

batching window.
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4.4
4.3
4.2

Throughput [evt/s]

CPU/GPU ratio optimization

CMS Simulation Preliminary

[ 1 I | I I I I | I I I I | I I I I | I I I
PyTorch ParticleNet for AK4 jets ]

DeepMET =

DeepTau with TRT ]

(13 TeV)

——

— PyTorch ParticleNet for AK8 jets (3 models on 1 GPU)
- Average of "Direct-inference" Jobs .

| | | | | | | | | | | | | | | | | | | | | | | | | | | :
100 200 300 400 500 600

Number of synchronized 4-threaded jobs

One ML model offloaded for
each test

Optimal CPU client jobs / GPU
ratio decided by acceleration
factor/saturation point

®0.24
c

G 022
U os
"la .
o 016
< 0.14
Z 0.12
i®;

3 0.1
N 0.08
© 0.06
< 0.04

2 0.02

CMS Simulation Preliminary

(13 TeV)

SONIC Jobs

CPU "Direct-inference" Jobs 3

I g .
I | R ek YUY QR I ]

0 b=
3 3

2 34 36 38 4 42 44 46 48 5
Throughput [evt/s]

Scale-out test at GCP:

10,000 CPU cores (2,500 4-threaded) client
jobs, 100 Tesla T4 GPUs with Kubernetes
as load balancer

Peak network usage was ~15 GB/s (total
bandwidth coming into GPU cluster)
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Plan B?

Sites with directly connected GPUs
Directed to directly connected GPU _ | GPU nodes excluded from SONIC serve

4 )

CMS SONIC workflows local host as SONIC server with GPU acceleration

Sites with CPU only nodes

CMS local host as SONIC server without GPU

[ > | CMS global pool Directed to sites without load acceleration

| / balanced SONIC service

N
Directed to Purdue Tier 2 data / \
center where SONIC service SONIC GPU servers managed by Kubernetes
available via Kubernetes Purdue Tier 2 data center

Results

PO -
/ \ gRP C \ TRITONII-:P‘:::g(I:EAS.ERVER

CMS SONIC workflows
at Purdue Tier 2 data center launch on demand
_ _ _ _ server [ \
P @ ~ It CMS SONIC GPU servers )
j ot TP - P at Commercial clouds or HPC sites &
results BN

SACCESS t.ima
\ - )

Fall back to local CPU
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Remote server/Fall-back CPU

o5 CMS Simulation Preliminary (13 TeV)
'a' B s o ]
CMS Simulation Preliminary (13 TeV) E - ) o )
Y — T T T T T T T T T T T T T T T T > i —— "CPU Direct-inference" Jobs I
% I —*— SONIC with GCP Server -5' 20 [ —=— SONIC Jobs on Local CPUs |
= - —s— SONIC with Purdue Server Q. i :
> 5[ o ) - % i ]
_8_ - Average of "Direct-inference" Jobs S 15 B 7
> O i ]
(@) L i
= a5l : = 10} -
I-E 4.5 I i
Frrennannannnnennannananannannasnasaasaasaasea s geanaaneasaasnaseaseasesy 5 .
4 I~ m i
i o | | — | |
1.1
- - 01.05
35 B — E 1
[ ] ] ] | ] ] ] ] | ] ] ] ] | ] ] ] ] | ) ) ) i mo 95
0 5 10 15 20 25 0.9
Number of synchronized 4-threaded jobs 2 4 6 8 10 12 14 16 18 20 22

Number of threads per job

No added latency observed in remote offloading.

More studies on memory overhead etc, see paper.
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More and Next

e SONIC with FPGA co-processors

e SONIC for CMS data analysis

e SONIC for GraphCore IPU

e SONIC to offload customized algorithms in GPU
e Future: SONIC for AMD GPUs

AMD / Xilinx

] IV|Iet|a| I Graphcore

[

Ih

IEIEEEEIEEIEE,

EEsEsIEES

LI
SRR 1 O )
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Bringing Al to Data
Creation



From Collisions to Discoveries

40MHz collision rate

~1B detector channels FPGA filter stack
~ps latency

Pb/s

40MHz

10s Gb/s

~5 kHz

@
i

On-detector ’\ ’ 10s Tb/s °
ASIC compression ,/ 100s kHz t‘:AcIJcr)rrlLduvtvilndqeqri q
>

~100ns latency E xabyte-scale

datasets

On-prem CPU/GPU
filter farm
~100 ms latency

Science with Big data: Multi-tier Data Processing



From Collisions to Discoveries

Tracks and calorimeter hits

— Track
@® Raw ECAL hit
@® Raw HCAL hit
Raw Muon chamber hit

c\e
00 02

G\’\arg“ao\('\ﬂg

Raw detector hits

Charged ha
| _ Calorimeter Photon
@® Raw tracker hit Clustering  Neutral had
® Raw ECAL hit —
® Raw HCAL hit . Electron
Tracks and calorimeter clusters — Muon

Raw Muon chamber hit

: Erg;kLorHCALcluster HiggS? TOponium?

Dark Matter?
Learning grouping of detector elements

End to End Detection of Exotic patterns?
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Lepton flavor violating T->3pu decay

Flavor of particles: a mystery yet to be solved.
Quarks and neutrinos mix, do charged leptons also mix and why??

search for lepton flavor violating decays

Neutrino oscillations : New physics results in
1 ()-40~-50 ' o
detectable rate at 10-9~-10

<u
X
T v." Vv, T ’\ ;

Z/y

= T T
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Charged lepton flavor
violating decay

.

o =
IV
pileup ~
\T

Experimentally challenging
Mt ~ 1.7 GeV : My ~ 100 MeV

Collimated, low pT, forward muons: flagged
“uninteresting” with nominal triggers

Current signal acceptance: < 101

0.6F

0.4

0.5

0.3
0.2

0.1

Single p trigger > 20 GeV

CMS Phase-2 Simulation 1—3u, 0 PU
=1 1 1 I LI I LI I LI I LI I LI L I LI I LI L I LI I LB
N 18EN:n=1 —_— ]
L I.LGENZ -
B S -
[ n=3/P(P_)>2.5(0.5)GeV/| n|<2.8 2 i

n>1/P_>2GeV/|n|<2.4 — K, ~
: PV T
: _I_ ' ................ I.) .S.u::::::::: ............ u :
u M —

Di-muon trigger ~ 10-20 GeV  °,

v

A

o 4 6 8

10 12 14 16 18
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End-to-end 1->3p detection

Traditional pipeline

Detector Track Muon T->3p >3y
measurements patterns/roads Kinematics Candidate YES/NO?

CMS Simulation Preliminary (14 TeV)

0
g [T T T g
- 5L A
GNN t->3p ¢ 10°0 511 2
classifier L Nstat > 1, csc/rpc 2 1 &
© i Ly
(O] —
B P i i ()
Hidden Layers & N S ] o
g | .11 TDR:16k ummary (Loose) £
Input Layer N Times output Layer - :h...*:.:h.:h...i:....:h .............. AURDC:. U.g254...
Skip Connection g i P i I N 10kHz: 40,458 . 10-1
Node + MLP: l Glopal > i
- 1 XNodes Enhc/;IoLger: LeakyReLU | P&c;l;nr?: 5 104:—;r 30kHz: 59,529 —
< ' S KBt b 60kHz: 75,865
L ) Edge , T Output: =
7 Xedges Soocer Y LeakyReLU sﬁg':;ifd Ll CE O D N B 77kHz: 82,096
) b=t | S — ) | I i I N A 100kHz: 88,444
, , o — 150kHz: 98,825
Encode features into ,/' _i Ll ! e 200kHz: 107,039 _— -2
high-dimensional space Extract inf on Soolinf N ! P : ! 110
xtract information from ool information across : I : ! ) ]
graph structure entire event 103 4: i i i i i 500kHz: 1 31 ’787 =
i ! :l l L L : | | l Il | L L l L L L Il l lllllllll ]

0 100 200 300 400 500 600
Trigger Rate (kHz)

e 5 times more events triggered compared to the L1T TDR

e Can also detect long-lived particles resulting in muon “showers”
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To make it a reality...

* An actual end-to-end reconstruction

Irregular computation patterns in graph generation
There are some workaround (Local Sensitivity Hashing)
Measurements association with particles

Some ‘auxiliary studies’ in robustness and interpretability:

https://arxiv.org/abs/2210.16966, https://arxiv.org/abs/2201.12987

 Will share some attempts on tracking datasets
e Putitin Level-1 Trigger of CMS
HLS4ML for GNNs/Transformers

Co-design tools essential for scientific applications

32


https://arxiv.org/abs/2210.16966
http://www.apple.com

End to End Reconstruction

- E N e N EEEE eSS e e e e S E e e RS R R e R R R R R EE R, 0 g m e mEEEEEEEEEEEEEEEEEEEEEEESEEE.=E .,
- - -~

,"'Point Cloud

Latent S L Clusters ]

. atent Space | DBSCAN 5
. Transformer O ' !
® - ', :

®e % e o i: 5

0 Repulsion/ oo o b :

. attraction O b E

‘ l' |“ . I'

L d

e
----------------------------------------------------------------------------------------------

Efficient Sparse Transformer

Tracking dataset generated with ACTS _ _ _ _
Contrastive learning with hard negative

software mining
;:;(r:rsmg for a full event has 50k+ With comparable accuracy
NN Graoh Construct e O(n? Can be trained
raph ons rl_JC 'oh ¢an be (n.) Computations are and
GNNSs have lots of irregular computations .
complexity

Separating a full event into multiple
sections. Extra overheads, hard to
recover tracks across sections

Speedup on a GPU (Quadro RTX 6000)
faster on a full event

faster on 1/10 event
33



We want to put It here

CMS Experiment

40MHz collision rate
~1B detector channels

FPGA filter stack™\
~us latency

10s Gb/s

~5 kHz

10s Tb/s

On-detector
' 100s kHz

ASIC compression
~100ns latency

Worldwide
computing grid
E xabyte-scale
datasets

>

On-prem CPU/GPU

filter farm
~100 ms latency

Science with Big data: Multi-tier Data Processing



Specialized Hardware

ASICs

L1 trigger On-detector

electronics

Co-design tool: crucial for prototyping Al at edge solutions
Algorithm hardware co-design for limited computing

Prototype with manageable programming barrier for domain scientists



Mapping NN onto FPGAs

L,
[ 1 O
OZ1S N
O O >0
O . s >0
5 >0
O output laye
input layer O

Xn = gn(Wn,n—lxn—l + bn)
Activation

Logic cell:

FPGA diagram Flip-flops (FF) and
look up tables (LUTSs)

Digital Signal
Processors

(DSPs)

Virtex Ultrascale+ VU9P
. N —P 6800 DSPs
funCtlonS / T \ Nmultiplications — Z Lp_1 %X Ly 1M LUTs
Toll ' 141 n=2
Precomputed, Multiplications Addition 2M FFs

and storedin DSPs
BRAMs

75 Mb BRAM

Logic cells
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Efficient Algorithms

nsam  Quantization Inspired by

1.1
Phil’'s Fast ML for
1.0 A .
Science workshop
0.9 A
o < > < P
SQ% 0101.1011101010
§ Igtegelr Fractional
0.6 Wld'[h —s— g tagger
y —m— q tagger
0.5 A —=— w tagger
—a— 7z tagger
—=— t tagger
0.4 I

<10,2> <15,7> <20,12> <25,17> <30,22> <35,27> <40,32>
Fixed-point precision
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https://indico.cern.ch/event/1283970/contributions/5592234/attachments/2723149/4731627/PCH_FastML_28_9.pdf
https://indico.cern.ch/event/1283970/contributions/5592234/attachments/2723149/4731627/PCH_FastML_28_9.pdf
https://indico.cern.ch/event/1283970/contributions/5592234/attachments/2723149/4731627/PCH_FastML_28_9.pdf

t Algorithms

IClIEN

Eff

Compression

after pruning

pruning
synapses
pruning
neurons

before pruning
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Efficient Algorithms

i\
e N

SN

Quantization Compression/Pruning

‘Ultimate optimization’ of ‘bits of information’

https://arxiv.ora/abs/2102.11289
https://arxiv.ora/abs/2304.06745

39


https://arxiv.org/abs/2102.11289
https://arxiv.org/abs/2304.06745

Efficient Algorithms

b\
e N

%7/)3

Compress it creatively:
knowledge distillation. e.g

40



Efficient Algorithms

Neural Architecture search
e.g. EfficientNet for image
detection

41


https://keras.io/api/applications/efficientnet/

Efficient Algorithms

~

o
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Algorithm System Co-design
for Your Metrics

Compute
Systems

ML-specific
systems

Machine
Learning

+ e.g. Radiation Environment: Fault Tolerant



Another dimension of Co-design
Connecting domain scientists with prototype solutions

e

Keras
TensorFlow

PyTorch

Usual ML
software workflow

compressed
model —

+ ‘|.‘

Tensor

@ €) ONNX

PYTHORCH

his 4 ml

i

HLS '
conversion

Co-processing kernel

[

tune configuratio
precision
reuse/pipeline

/

eeeeee

VivadoAccelerator
for Xilinx
accelerators / SoCs

ASIC

Custom firmware
design

COMPILER”

Coming soon

HLS4ML: to aid prototype science application solutions



ML everywhere in CMS Phase 2 L1 Trigger

.. CMS Phase-2 Simulation (14 TeV, PU 200)
B-tagging Missing transverse energy g FTTT Ty
=3 R e NN PuppiTau ]
CMS Phase-2 Simulation Preliminary 14 TeV, 200 PU 30 ———— I ___(13Tev) g I . PP 7
B 7 sgseveesseseissiesssssessecd > f ] E 10'k " e Calo Tau —
< N T 0000 000,000 ,00%000000,0 0] - ] N e L} L. 3
S 0sl st )= = 5[ ] - Minbias
E - > e _ 3_| B ] r h Y B
B _l ~ L - . .
06— RS — o ] 10°E . . E
I .* =, ~HH-—Dbbbbevents . 20: E - Tau -, “. ]
041 e °. +DbtagNN @ 15kHz — i i B - "».,7‘ ]
C #e®°.e" * - QuadJet+HT OR Jets+Muon @ 15 kHz o N .-, .,
02 4o . — - . 102 e " =
= ~ i~ QuadJet+HT @ 11 kHz - - . E - .-, 3
kw***w* . r : C e . L t,_‘_‘ .
e T 10F : ;
x " : - PF MET ] ’
2% 3 E - ! 10e E
o8 5 E 5 — PUPPI MET - o 3
8 1 : E - — DeepMET } - ]
0 460 600 800 00_ ) 5|0 1l 10|O ) 1_50 1 12|0 L1 |4|0 [ |6|0 L |8|0 L1 |10|0| L1 2|0| | |14|0| !
Offline H_ [GeV 120
e Fir [GeV] qa, [GeV] Offline p._(GeV)

— Detector hits

TRACKING

Each small box is one
Xilinx Ultrascale+ FPGA

— Clusters & Tracks

s 4 ml /\,.Conifer — Particles

CALORIMETRY
MUONS

PARTICLE FLOW

— Event Categorisation
— 1 bit: keep / discard

t=125psy |
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Towards Scalable, Flexible, Adaptable GNN/
transformer with HLS4ML

his4ml: great support for MLP and

CNN Keras models.

Support of parsing PyTorch models:

this has been improved!

Some (non-trivial) engineering work

to support GNN/transformers:

Tau3mu Detection: MessagePassing

layers, and meet 100 ns latency!

Long term: need to improve his4dmi

code generation

e Current code generation in hlsdml is
based on naive string generation -
l.e., it becomes a mess very fast for

anything complex.

- Network inputs: nodes=80, edges=100  Extremely preliminary - DO NOT
- Input network TRUST NUMBERS

- Edge network

- Node network (results from HLS synthesis, vivado synthesis OOM'd)

sPHENIX tracking GNN hls4ml synthesis results

- Can be parallelized to be “nodes” times faster (i.e., 15ns)
Latency BRAMs DSPs FFs LUTs

1.2us 6.5% 0.3% 5% 7.5%

Latency BRAMs DSPs FFs LUTs

3us 15% 2% 20% 65%

- Neet to optimize the scatter_add function (expecting ~2us for the net)

Latency BRAMs DSPs FFs LUTs

12 us 42% 7%

Example: Extended operations
supported in his4ml to implement
a GNN developed for track
reconstruction in the sPhenix

trigger

e Added missing operations for
GNN: Scatter_* “getitem”,

“gather”, “ones()” and “zeros()”
etc


https://indico.cern.ch/event/1283970/contributions/5550634/attachments/2720770/4726806/20230925_GNNHLS4ML_JSchulte.pdf
https://indico.cern.ch/event/1283970/contributions/5550634/attachments/2720770/4726806/20230925_GNNHLS4ML_JSchulte.pdf
https://indico.cern.ch/event/1283970/contributions/5550634/attachments/2720770/4726806/20230925_GNNHLS4ML_JSchulte.pdf
https://indico.cern.ch/event/1283970/contributions/5550634/attachments/2720770/4726806/20230925_GNNHLS4ML_JSchulte.pdf
https://indico.cern.ch/event/1283970/contributions/5550634/attachments/2720770/4726806/20230925_GNNHLS4ML_JSchulte.pdf

What else?



On-Chip?

40MHz collision rate

~1B detector channels FPGA filter stack
~ps latency

10s Gb/s
~5 kHz

10s Tb/s
100s kHz

On-detector
ASIC compression
~100ns latency

Worldwide
computing grid
Exabyte-scale
datasets

>

On-prem CPU/GPU
filter farm
~100 ms latency

Science with Big data: Multi-tier Data Processing



Pt modules to provide hardware
trigger capabilities

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
= 1200_] / / / / S / _— _ 16
= _
— 10004 42M strips on 192m? | | | | | ~ 18
_ 2.0
800—: | | | | | N
600 : : ! ! ! Y
= D T T W N N N NN :' :' hy Iy y —24
100-| 170M macro-pixels on 25m? ! ! h . ') —2.6
B e 7 75 T W VR Y S U S ! I I, ¥ ,%.8
T SRS N U U U S ! ! — 50
; ,w 4.0
0= T . | } | '. J 'I f : n
I x| | | | | | | | | | | | | | | | | | | | | | | | | | |
560 1000 1500 2000 2500 Z [mm]

Designhed to cope with high data

Pr modules rate, high radiation environment at
J (p ) - ‘—'—/. the HL-LHC
/o Higher granularity, Low material

aRpsmaadacaa budget, titled geometry



lesting at Purdue

\ o,“'l

1 {Hith iR

4

SSA

Strip Sensor

u’ﬂfﬂl"”d'

-} L

? MaPSA f Front-end hybrid

Pixellated Strip Sensor




‘Pt modules’ for pixels?
T

CMS Experiment,

40MHz collision rate

~1B detector channels FPGA filter stack
\ ~ps latency

10s Gb/s

~5kHz

\ On-detector i
\, ASIC compression Eoss‘ LE/S (\:A(IJOI:I'LdthViInquqrid
00ns latency > Exabyte-scale
N\ datasets
S On-prem CPU/GPU

filter farm
~100 ms latency

Enabled by HLS4ML catapult

pass ' /+ail

programmable

See talk by JIeUI’], aﬂd Math|eu 1.6-4.0mm search window

Symbolic form, plus symbolic regression? 'Lz%mn_:m_l
stub



http://www.apple.com
https://indico.slac.stanford.edu/event/8288/contributions/7654/attachments/3671/10018/SmartPixels-CPAD.pdf
https://indico.slac.stanford.edu/event/8288/contributions/7666/attachments/3680/10032/CPAD23_SNN_MathieuBenoit.pdf

Accelerated Al Opportunities
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A3Da3 institute

FPGA/ASIC
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[ |
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Neuro° °° |
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| | |
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Latency requirement [s]

|
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Station components:
|||||| Drift chambers (6 planes)
Hodoscopes
1 Dark Photon Hodoscopes
| Muon Prototubes
| EM Calorimeter

N
g .'!E | N A.. ;-’ 3
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RS, o irw e
- Accelerated Al DA S o
Algorithms for ST ‘.:,..°° '.'. ..".'x‘."f
Data-Driven R iy bty J Do A
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X[m] Top view (Bend plane) @
o
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£+ i
| ] P 1
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i ! SpinQuest: muon final states
L DarkQuest: e,y,m,...
g, o
Station 1 Station 2 Station 3 Muon station System upg I‘ades
3 < Existing EMCal from PHENIX
oo « JG ) et et g
um{zee\' et Ao pos? Tracking MWPC available
ity B e~ Tensor polarized deuteron target

NSF A3D3 institute: Domain Scientists, Computer Scientists and System Experts

Impact broader science domains Fast ML for Science Workshop
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https://a3d3.ai
https://indico.cern.ch/event/1283970/

Final Remark

Many existing and emerging opportunities in
advancing our science results with ML/AI

e Was only able to highlight a few today

Advanced data analysis techniques, real-time system
improvement.

Elegant solutions for individual cases —> towards
foundational models

Lots of Fun
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Overlapping proton
collisions

~

IS Experiment at LHC
)ata recosied: Mon Méd

/e




Programming FPGAs

module 1 #(
parameter BUS_WIDTH =
)€

input wire clk,

input wire sresetn,
input wire enable,
input wire [BUS_WIDTH-
input wire [BUS_WIDTH-

output reg

N E

always Q(posedge clk) begin
if (!sresetn) begin
y <= 1°b0;
end else begin
(enable) begin
y <= |(a ~ b);

end
end
end
endmodule



https://www.youtube.com/watch?v=iHg0mmIg0UU
https://youtu.be/iHg0mmIg0UU

Quantization

AUC / Expected AUC

o
(o0]
1

©
~

0.5 1

0.4

ap_fixed<width bits, integer bits>

0101.1011101010
«—> < >
Integer Fractional

Width >

Scan integer bits
Fractional bits fixed to 8

his4ml

Full performance
at 6 integer bits

—a— g tagger
—u— ( tagger
—=— W tagger
—=— 7z tagger
—&— t tagger

<10,2> <15,7> <20,12> <25,17> <30,22> <35,27> <40,32>
Fixed-point precision

AUC / Expected AUC

o
o

e
N

Scan fractional bits
Integer bits fixed to 6

his4ml

Full performance
at 8 fractional bits

—s— g tagger
—u— ( tagger
—=— w tagger
—a— 7 tagger

—=— ttagger

<8,6> <13,6> <18,6> <23,6> <28,6> <33,6> <38,6>
Fixed-point precision




Pruning (Network compression)

1eq hIs4ml Reuse factor = 1, Kintex Ultrascale before pruning after pruning
257 70% compression pruning
- synapses
o Number of
" **1DSPs available |
| pruning
weaml * DSPs (used for multiplication) are often
NE T limiting resource
;™ F:{emove d omaximum use Wher? fully parallehzed
| | r oDSPs have a max size for input (e.g.
| | 27x18 bits), so number of DSPs per
40 | | =N j
L T | multiplication chan with precision
0._._£f=.3iwfﬁ13. ultiplication changes 0

T ® Compression with L1 norm penalty term:
penalizes small weights

Absolute Relative Weights



Trade-off Between Efficiency and Accuracy

| Storage | @

Energy

Image source

[Accu racy]
Image source: 2
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Summary

A3D3 institute
E T T T T
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Geometric Deep Learning for

Particle physics
’\K K pr, charge,

L /v PUPPI weight
pileup ~ y
\4 An, Ag, AR

-
N Q 2
Elusive New Physics Footprint

>
~

>~

Learn from data:

Flavor: observed pattern, no semisupervised

underlying symmetry Contrastive learning with learning
efficient transformers for

Collimated, low momentum, particle tracking

impossible to detect in 100 ns
Publications

Graph Neural Network: explores the

, : : https://arxiv.org/abs/2203.15823
correlations between signal hits on top (JHEP and NeurlPS 2020Al4Science)
of background hits

https://arxiv.org/abs/2201.12987
(ICML 2022)

Extensions: Dark photon decaying to
https://arxiv.org/abs/2210.16966
sub-GeV Electrons (ICLR 2023 and NeurlPS 2022)



https://arxiv.org/abs/2203.15823
https://arxiv.org/abs/2201.12987
https://arxiv.org/abs/2210.16966

First demonstration in large
experiment data processing

First demonstration of integrating
SONIC, with tests at Purdue CMS
Tier-2 data center, paper just came

Out.

MiniAOD step of the CMS data
processing: ML inferences
consume 10% of the total
processing time

Algorithm Time [ms] Fraction [%] Input [MB]

PN-AK4 42 .4 4.3 0.04

PN-AKS8 11.4 1.1 0.003

DeepMET 13.2 1.3 0.33

DeepTau 211 2.1 1.18
ParticleNet+DeepMET+DeepTau 88.1 8.8 1.55
Total 993.3 100.0 —

61

cms /!
> CMS Run 2 Data Flow
. One common
impl tation:
B ‘Min-AOD
RECO

3B-12B events Two days run tim

Mini-AOD
AOD « Monthly
480kB/ev  * No skimming 35-60kB/ev

« Twice per year
* From prompt reco
or re-reco

Takes 24h to run

Official, centrally produced

i Typically serving ~5 different analyses

Mini-AOD production typically takes about 0.5 seconds
per event on production grid nodes



http://cds.cern.ch/record/2872973
http://cds.cern.ch/record/2872973
http://cds.cern.ch/record/2872973
http://cds.cern.ch/record/2872973

The Fast & Furious

The beams in the LHC are made up of

bunches of protons, spaced seven meters Higher pileup, fine granularity
(25 ns) apart, with each one detectors, advanced algorithms to

containing more than 100 billion protons. capture rare new physics



Search for Toponium with Dilepton Events

CMS Work in Progress 2017UL L
I o

[ —— toponium mass: 341 GeV
| —+ toponium mass: 343 GeV

Missing

transverse

10—3:—

energy

l

Il Il L I Il | Il L I Il Il
330 335 340 345
mg (GeV)

Dilepton channel: two leptons carry spin correlation information of the two top
quarks, can be used for toponium and ttbar separation

Many methods have been studied in order to analyze Tevatron/LHC 2| ttbar
events. [0603011.pdf,PhysRevlLett.80.2063]

Toponium mass reconstruction: need good resolution near Mttbar threshold.
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https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.80.2063%5D
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Neuromorphic Approach: Processing of Pixel Arrays as

Spikes with SNNs

% N
\\Q' Encoder:
— Charge
p [ > waveform to
= spike train
i

Sensor charge
(electrons)

b e e

SNN Classes:
> .
: 1. 0 2 pT > pT-cutoff
2. pT > pT-cutoff
_
Training
EONS

ooooooooooooooooo
ccccc
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https://physics.paperswithcode.com/paper/smart-pixel-sensors-towards-on-sensor




