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Mamunnoe o0yuyenue B HEP u npouunx cdepax

® HEP u CERN ncrons3yror Google Trends: multivariate analysis
METOJIBI

MAIlIMHHOTO O0YYEHHUS C
2000 roga, TpagAUIIMOHHO
U3BECTHOI'O KaK
"MHOTOMEPHBII

aHanus "

PacripocTpaHeHHOCTD Google Trends: machine learning
METOA

BbI3BAJIO LIUPOKUN UHTEPEC
U TIOSIBUJICS. (PUPMEHHBIN
TEPMHUH «MAIIUHHOE
oOy4eHHE




Mamunnoe o0yuyenue B HEP u npouunx cdepax

Industry: HEP:

Knaccudukanus coowrTuii
PexkoHCTpyKIIMS YacTuIl
Nnentuduxarus 9acTui
Kanu6poBka gactuil
CryckoBOi MeXaHU3M
MOHUTOPHUHT KayeCcTBa JaHHBIX
beicTpoe MoaenupoBaHue. ..

O06paboTKa €CTECTBEHHOTO SI3bIKa
Pacno3naBanue peun u modepka
OO6HapyXeHre MOIIIEHHUYECTBA
ObnapyxeHue criamMma u BUPYCOB
Pacno3znaBanue nmuig
CermeHTanus 1 KiaccuuKamus
M300paKeHU

*  OOHapyxeHHe 0OBEKTOB...

CAT, DOG, DUCK



Kaaccuueckoe mamuunnoe ooyyenue B HEP
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http://cms-results.web.cern.ch/cms-results/public-results/publications/HIG-13-001/index.html

In1yookoe o0yyenue B HEP
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CBeproyHbIe HeHIPOHHBIE CETH

@® Creprka: «Ckoub3siliee 0KHO» HAJ U300paskeHHeM
@ TpaxnunuonHoe ucnob3oBanue : MHTEHCHBHO HCIIOJIB3YyeTCH
® B KOMIIBIOTEPHOM 3PEeHUH

HUcnoab3zoBanue B HEP: [lerexkTop, cumynupyomuii 3D-uzo0paxkenue

Pythia 8, W'— WZ, 5= 13 TeV Pythia 8, QCD dijess, % = 13 TeV
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PeKkyppeHTHbIe HEUPOHHbIE CETH

Mo ny ha Py Py h

* PexyppentHocTh. CoCTOSIHHE HEHPOHHOU CeTH
B 3AaBMCUMOCTH OT NPEAbLIYIIUX BXOJTHBIX JAHHbIX ;
* TpaguuuoHHOE UCMOJIb30BAHUE : AHAJIHU3 BPEMEHHBIX PHA0B, IEPEBO/ A3bIKA,...
* MHcnoas3zosanue B HEP: Kiaccudpukaropsl, o0padarbiBaonue BXoJAHbIE JAHHbIE
° MepPeMEHHOMU JJIUHBI, HAIPUMeEP, TPEKH YACTHIL...




BRIEF HISTORY Of FAIRNESS IN mL

OH., CRAP.

Cocrsa3arejibHbIe HEUPOHHBIE CETH
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° HOCTpOEHI/Ie KJ'IaCCI/I(l)I/IKaTOpOB, HE 3aBUCAIIIUX OT

npeaonpenaeeHHbIX CBOMCTB _ __mwm B I
L T ] " ] ]

o 20 202 2003 204 20'5 20%6 2007
° HpOTI/IBHI/IKZ BTOpaﬂ HCUPOHHAHA CECTh UCHOJB3YETCH KAK ObI JJIA IOAaBJICHUA

3aBHCHUMOCTH OT KOHKPETHOI'0 CBOMCTBA
* Tpaguuuonnoe npumeHenue : Caenarp KiaaccupuKaTop He3aBUCUMBIM OT
110J1a, Pachbl U NP TPeOyXH...
* MHcnoab3oBanue B HEP: @opmupoBanune kiaaccupukaropa, He3aBHUCALIEIO
*  OT CHCTEeMATHYECKHX  OTKJOHEHH/OIMOOK - 0OYeHb BAKHO!
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http://www.kamishima.net/archive/fadm.pdf
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I eHepaTuBHBIC COCTA3aTEJIbHbIC HCUPOHHBbIE CETH

° Hopomamume MOJA€/IN: CO3TAaHUE IKICMILTISAPOB U3

«0ey10ro0 mymaj»

* Tpaguuuonno: /lomeH nmepenaum n3o00pakeHum,...
* MHcnoan3oBanue B HEP: I'enepupoBarh 0TKIHK
neTeKkTopa (ropasmo ObicTpee, 4emM 00bIYHbIE MOIAXO0/bI)

https://arxiv.org/abs/1712.10321 horse —» zebra
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I1y0OOKMI aHAJIU3aTOP COOLITUH

* ABro3HKOAep: HekonTposampyemoe od0yuenue Detectors

HA Pa3HbIX JaHHBbIX
Front-end pipelines

u
* Tpagunuonno aasi: O0HAPY:KeHUST AaHOMAJIHIA (10" channels)

Readout buffers
( 1000 units)

Event builder
(10° x 10° fabric switch)

* MHcnoabzoBanue B HEP: O0HapyxkeHue peakux
coOBITUI B mpuzeepe, MOHUMOPUHZ KAYeCHea 0aHHbIX

Processor farms
(4 10 *MIPS)

m-» Encoder —og—-» Decoder —“

original =53
inpgt Reconstructed

input

Conpressec
representation

10
https://arxiv.org/abs/1811.10276



https://arxiv.org/abs/1811.10276

I'pajdpoBbie HEMPOHHBIE CETH /7@
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* Tpaguuuonno pisi: KomOMHATOpHAS ONITHUMHU3AIIMS, }\, A8
NMPOrHO3UPOBAHUE CBOMCTB MOJIEKYJI, KIACCU(PUKALUA Y3J0B,... %"

* HcnoaszoBanue B HEP: Orciie:xkuBanue TpeKoB, perucCTpUpyeMbIX IeTEKTOPaAMU
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https://indico.cern.ch/event/714134/contributions/2964678/attachments/1640904/2620347/Farrell heptrkx MIT2018.pdf
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Summary

I[eTa.]'II)HO MOKHO O3HAKOMUTLCHA TYT

® Machine learning at the energy and intensity frontiers of particle physics
https://www.nature.com/articles/s41586-018-0361-2

@ Deep Learning and its Application to LHC Physics
https://arxiv.org/abs/1806.11484

12


https://www.nature.com/articles/s41586-018-0361-2
https://arxiv.org/abs/1806.11484

BackUps

* N ewe HemHoro no BIG data in HEP



bonbliue AaHHbIe C AeTEeKTOpPOB
JKcnepumeHTanbHo ®BI n nx obpabortKa

e
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Cuctema MHTENNIEKTYaNbHbIX TPUITEPOB U GUABTPOB CXKMMAET 3TU AaHHble B MUIJIMOHbI pa3s, OCTaBAAA Ha

AONTOe XpaHeHue Nulb nonesHy uHpopmaumto, B utore bAK Bbigaert gna xpaHeHusa 50 tepabaiit B
CEeKYHAY, - CTO/IbKO AaHHbIX 3a 4 yaca, CKoabKo BcA ceTb Facebook cobupaer 3a cytku.

OpauH n3 4-x LHC akcnepumeHTos - ATLAS

O6paboratb Takon 06bEM AaHHbIX B LEPHe HEBO3MOXHO, No3TOMY

1. Co30aHa scemupHaa uHmMepHem-cemo pacnpeoesneHHbix ebivucaenuli (Worldwide LHC Computing Grid -WLCG)

2. [Ana MOOEﬂUpOGGHUﬂ U aHanu3a 0aHHbIX pa3p060maHbl MHO20YUC/IeHHbIe fnaKembl rnpocpamm, Ucrnos1b3yrowux
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ATOrnM n nepcneKkTussbl

* MpumeHeHne MeToA0B MaLLMHHOIoO 0byueHua 6b1n10 3P PeKTUBHbIM Ha BCeX CTaAUAX Pa3BUTUA CUCTEM
06paboTKU 3KCnepMMmeHTaNbHbIX AaHHbIX ®PB, nporpeccupysa Bmecrte ¢ pa3BUTUEM BbIYUCIUTE/IbHbIX
TEXHOJI0TUMU U aNropuTMUYEckoi 6asbl.

e PaguKanbHble NPOEKTbl NOCAEeAHUX NeT ANA IKCNEePUMEHTOB C BbICOKOU cBeTUMOCTbIO (HL-LHC) n
NICA, cTaBAT CNIOXKHYI0 NP06/1eMy PEKOHCTPYKLMA TPEKOB YAacTUL, B NMJIOTHbIX cpegax, ANAa peleHuns
KOTOpPOi1 Heo6X0aMMO pasBUTUE HOBbIX aITOPUTMOB INTY6OKOro TPEKUHIa U UX pacnapannenmBaHUA Ha
CynepKomnbloTepax, a TaK»Ke Ha MeToAax KBaHTOBOro MalMHHOro obyyeHusa - QMVIL.

e Cnepgyet OoTMeTUTb NepCNeKTUBHOCTb UCCeA0BaHUMN NO NPUMEHEHUIO HEMPOCETEBbIX Moaenen
TpaHcPopmepoB, NO3BONAIOLWMX, B YACTHOCTU, 3P PEeKTUBHO OTPUNBLTPOBDLIBATb PeiMKoBbIe N3MepeHUs
W BbINOJIHATb TPEKUHI HA CbIPbIX AAHHbIX, MMHYA 3Tan C NO/lyYeHNEM XUTOB.

* B 60onee paneKkoi nepcnekTuse cnepyet TakKe yaenartb BHUMaHME MeToAamM KBAaHTOBOTO OTXKUra B
NPUNOXKEHUAX KaK K N0ob6anbHOMY TPEKUHrY, TaK U IOKaZIbHbIM MeTogaM NPoCNeXKMBaHUA,
o6o06watowmx anroputmol punbrpa KanmaHa.

e Ha Bo/IHe ycnexa reHepaTUBHO-COCTA3aTE/IbHbIX HelipoceTel B CO34aHUN KapTUH U gUccepTauui

cnepyet oTMeTUTb Nyb6ankauum 06 nx ycnelwwHom npMMmeHeHumn aaa CUMMyAfauLum B3aumoaeMcTteBuin B
skcnepumeHTax B — cneyunanbHbie mogenu LLM B TeopeTuyeckon pusuke.



Big Data Tools and Pipelines for Machine Learning in HEP
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Data Engineering to Enable Effective ML

- From "Hidden Technical Debt in Machine Learning
Systems”, D. Sculley at al. (Google), paper at NIPS 2015

| \fer?l‘lzt:ﬁun M%EEE::%M Monitoring
Configuration Data Collection Serving
. Infrastructure
Analysis Tools
Feature Process
Extraction Management Tools

Figure 1: Only a small fraction of real-world ML systems is composed of the ML code, as shown
by the small black box in the middle. The required surrounding infrastructure is vast and complex.
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Particles Classifier Using Neural Networks

R&D to improve the quality of filtering systems
. Develop a “Deep Learning classifier” to be used by the filtering system
. Goal: Identify events of interest for physics and reduce false positives

«  False positives have a cost, as wasted storage bandwidth and computing

. “Topology classification with deep learning to improve real-time event selection at the LHC”,
Nguyen et al. Comput.Softw.Big Sci. 3 (2019) no.1, 12

Particle
Classifier

21
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R&D — Data Pipelines

 Improve the quality of filtering systems
— Reduce false positive rate

— Complement or replace rule-based algorithms with
classifiers based on Deep Learning

* Advanced analytics at the edge
— Avoid wasting resources in offline computing
— Reduction of operational costs




Data Flow at LHC Experiments

100,000 1,000
selections selections

40 million
collisions

per PB/s per per
second second

second

(Raw)

This can generate up to a petabyte of raw data per second
o Reduced to GB/s by filtering in real time
N

) Key is how to select potentially interesting events (trigger systems). ’3

C
\ \



Deep Learning Pipeline for Physics Data

Read physics Prepare input 1. Specify model Train the best
data and feature for Deep topology model
engineering Learning 2. Tune model

network topology on

small dataset

Technology: the pipeline uses Apache Spark + Analytics Zoo and
TensorFlow/Keras. Code on Python Notebooks.
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Fast Machine Learning at the

Edge for HEP Experiments

Sioni Summers

CERN Detector Seminar
8th March 2024




The challenge: triggering at LHC

At LHC protons collide at 40 MHz — extreme data rates O(100 Th/s)
Most collisions don’t produce exciting new particles
“Triggering” = filtering events to reduce data rates to manageable levels




Trigger at LHC

1ns 1 ps 100 ms 1s
I I | I
| | | |’
custom hardware 1 kH 7
I 1% 1M B/e‘
er - =
A Tri gg H bh
40 MHz =~ L1 T L, Offline
Reduce data rate in stages |gg e Ve| computing farm

Triggering performed in multiple stages @ ATLAS and CMS
Trigger decision to be made in latency O(us)

Frontends in rad. hard ASICs, processing in
®

° Trigger farm  detailed
Process 100s Th/s  Trigger (hardware)

®  99.75% rejected * 99% rejected O(100 ms)
FPGAS decision in ~4 ps .. ]
N ® decision in ~100s ms

8 March 2024 Fast ML at the Edge - Sioni Summers



- CMS Detector Upgrade 1: Tracker

Strip sensor

» At CMS the Phase 2 Upgrade brings data from new detectors

Spacer

to the trigger for the first time 4o lotetor
» New Outer Tracker implements on-detector pt cut strip sensor
* Two silicon strip sensors separated by few mm Pass = Stub

- Far enough to measure bending of charged particle in B field

- Close enough to be read out on one device outer

sensor

- “Stubs” passing 2 GeV prcut — Level 1 Trigger

R :
* Level 1 Track Finder system reconstructs tracks from stubs

¢
- Around 200 FPGAs, with “classical” tracking algorithms: data

organisation, seed building, road following, track fitting
* Tracks in the Level 1 Trigger essential for 200 PU conditions

- Reconstruct primary vertex for suppression of 200 PU
background

- Better measurements of properties of electrons, muons, jets

- 6.4 Th/s of reconstructed tracks sent downstream o
8 March 2024 Fast ML at the Edge - Sioni Summers

~ CFRPsupport

Spacer

N CFRP support

Flexible

hybrid




CMS Detector Upgrade 2: HGCal

« High granularity calorimeter: silicon sampling calorimeter for the endcaps
* 6.5 million channels in 50 layers

- Very fine transverse and longitudinal segmentation

* Dedicated ASIC to prepare data for trigger reconstruction - more later

* Trigger backend comprises around 200 FPGAs

- Reconstructing 3D clusters: 4 Tb/s clusters sent downstream

3 0 - yoisir
E A ol
2100fF | e - _'.ﬁ_-:‘“-a-_
200 3 L T
e L= s
[ —
\'300- -ln.._: [} o
~ 1 - -1-
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8 March 2024 Fast ML at the Edge - Sioni Summers



https://arxiv.org/abs/1708.08234
https://cds.cern.ch/record/2293646/files/CMS-TDR-019.pdf

~ CMS Level 1 Trigger

* Phase 2 Upgrade of CMS L1T will have hundreds of boards with FPGAs like
those shown below - AMD/Xilinx Ultrascale+ FPGASs

TRACKING

« Data rate of multiple terabits per second into / out of each board on optical
fibres

CALORIMETRY
MUONS

« System organised in layers with normally ~ 1-2 us per step

- Reducing raw detector data into physics objects (e.g. track finding: hits to
tracks)

- New event every 25 ns, latency for trigger decision for one event 12.5 ps

Serenity

o : . : m
Flnal'&)lyxtput is one b|t;. keep o){zglscard event !!!

8 March 2024 Fast ML at the Edge - Sioni Summers 9



Machine Learning

» Build models that learn from data in order to make
predictions on new, unseen data

» “Models” can be Neural Networks, Decision
Forests, or anything else “trainable”

* “Training” is the process of fitting the model
parameters that best describe the data

* “Inference” is the process of using a fitted model to
make new predictions

- For Fast ML at experiments we are mostly
concerned with making fast inference

* ML used in HEP since the first ML wave in the 80s,
and nowadays extremely prevalent

« Different model types for different data
representations

........

Windy

Decision Tree

T

Tabular: fully connected

~Bia S PR
SERCERP R A e N S

(28x28x1) (24x24xn1) (12x12xn1) (8x8xn2) {4x4xn2) .’

Images: convolutional

or Decision Forest B

Time series: recurrent Point cloud: graph

Particles

Interactions =»| 3

mbedding ) [ Embedding l

53

Y

x® | Block | x! | Block xl-!

L blocks
A

14

Particle Particle
Attention Attention | - ------- | Attention

Attention

I ]

(a) Particle Transformer

Sequence-to-sequence: transformer

8 March 2024 Fast ML at the Edge - Sioni Summers

Output
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"“*"high level synthesis for machine learning

fastmachinelearning.org/hls4ml/

Keras pip install hls4dml
TensorFlow
PyTorch ]
Co-processing kernel

Usual ML
software workflow

© hls 4 ml
compressed
model HLS —
G Custom firmware
design
/'t
; tune configurafioy
precision
reuse/pipeline
QLY+ *
Vivado™ HLS

TensorFlow
' COMPILER

Q) €& ONNX
PYTHRCH Menior:

Coming soon

2.4mm

HLS

WSt

8 March 2024 Fast ML at the Edge - Sioni Summers 11
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Background

Within the Compact Muon Solenoid (CMS) /’ b
Collaboration, various Deep Neural Networks (DNNs) g H
and Machine Learning (MLs) approaches have been 7 \_
employed to investigate the production of a new s b
massive particle that undergoes decay into Higgs Boson X S Vi
pairs (HH) which further decay into a pair of b-quarks e /T+ """ <. _
and a pair of tau leptons and discriminate the HH signal g t H /\'“ T,
from the backgrounds. d
\ " Vi +MET
However, the mentioned models which are employed T - <. v
are often complex and considered black boxes, making ( ef -
2

it challenging to interpret how the task was
performed and the data analysis review process. Fig. |: Decay process outline

Aim of the work

This work aimed therefore to provide a better understanding of how the models work by validating an established Explainable Artificial
Intelligence (XAI) technique such as SHapley Additive exPlanations (SHAP) [1], aiming for more interpretable, trustworthy models and
predictions.
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Hy 1 HaKoHeL, BeCbma NONE3HbIN A0KAA4, B
KOHTEKCTE TEMATUKN AAaHHOW KOHpepeHUUNn:
2024-04-24 CERIAS — «Defining Trusted Artificial
Intelligence for the National Security Space»
https://www.youtube.com/watch?v=dXZM-
tBFg-U

... TaM eCTb Nt0b6ONbITHbIE aKUEHTbl Ha TPEHOaX
T.H. «gosepeHHOCTU» NN B yacTtn b HIoaHCOB...



