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Machine Learning

Machine learning is the use of data to make predictions or decisions
without explicit programming

Why!?
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Machine Learning

Machine learning is the use of data to make predictions or decisions
without explicit programming

Why!?

Searches for “Artificial Intelligence” in google over the years

@ OpenAl
Gemini ¥ Claude

Al /ML is more main stream than ever now!
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“CNNs exceeded human ability

in image recognition tasks”
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Machine Learning
Machine learning is the use of data to make predictions or decisions
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without explicit programming
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Compact Muon Solenoid

e Lots of readout channels from the detector

- Data rates ~ |0x more than North American internet traffic!

CMS DETECTOR STEEL RETURN YOKE
Total weight : 14,000 tonnes 12,500 tonnes SILICON TRACKERS
Overall diameter :15.0 m Pixel (100x150 pm?) ~1.9 m? ~124M channels
Overall length ~ :28.7m Microstrips (80-180 pym) ~200 m? ~9.6M channels
Magnetic field :3.8T
SUPERCONDUCTING SOLENOID
— //'/’_ Niobium titanium coil carrying ~18,000 A
\\_ MUON CHAMBERS
/ / ) Barrel: 250 Drift Tube, 480 Resistive Plate Chambers

[ o Endcaps: 540 Cathode Strip, 576 Resistive Plate Chambers
/ // Yy & PRESHOWER
/ g S Y 47 Silicon strips ~16 m? ~137,000 channels
/ S FORWARD CALORIMETER
A ) y e \ N\ Steel + Quartz fibres ~2,000 Channels
- \ \ \ ]
CRYSTAL

ELECTROMAGNETIC
CALORIMETER (ECAL)
~76,000 scintillating PbWO, crystals

N

HADRON CALORIMETER (HCA
Brass + Plastic scintillator ~7,000 channels
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Data from the LHC

oM Faws 3
5 100 T objects stored
in S3 up to 2021 (5 MB)
2 140 M hours/day
1M of streaming (1 GB)

5
71k B e-mails sent from
2020-10 to 2021-09 (75 KB)
100k
240k photos/min.
shared in 2021 500 EB
10k 60k B spam (2 MB) (total)

. CG
e-mails(5 KB) 51.1k PBly Cw
>4 60 GB/s WLCG — HL-LHC real /) 40k EB/yr

5

log size (PB)

2 < transfers in 2018 data expected in 2026
1000 S4PBAY Dropbox 65k photos/min. 1.9k PBly P
shared in 2021
2 YouTube 2M. LHC rpal
5 (2 MB) data in 2018 1200 PBly
733 PBly N 800 PB/y

2 -~ HL-LHC Monte Carlo

100 300 PB/y 263 PBly 252 PBly @ < 240 PBly data expected in 2026
160 PBly
5 \
720k hours/day 68 PBly 62 PBly 30+ B web pages LHC Morte Cat
of video uploaded (1 GB) 98.83 M new users in 2021 (2.15 MB) onte Carlo ©L li 2022
2 +1.17 M paid subs in 2020 data in 2018 uca Clissa (2022)
10 (1.5 GB and 500 GB, respectively)
source

https://arxiv.org/abs/2202.07659
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https://arxiv.org/abs/2202.07659

Big data @ LHC

The Compact Muon Solenoid

40 MHz proton-proton collision frequency
O(103) particles per collision

O(108) sensors

=> O(100) TB/s data rates!

=ermilab
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Data reduction workflow @ LHC

D .
S
ST
> QL
99% events rejected! S49
99.75% events rejected! B
Software based . Sof based

Hardware based Runs on CPUs in real time O tware(zj ase y
Runs on FPGAs in real time O(100 ms) latency Run on data centers (LHC grid)

O(ps) latency s) computing time

100 kHz 1 kHz *
- ‘ 1 KHz
‘ 1 MB/evt 3 30KB/evt oy
0 MAz Hlt%‘?g-lg-::‘/el recoon?;lrl::(?tlon I(:;JI it\F/lied;fildS
L1 trigger
@ Data volume
A —
Computing time High-level
Information analysis
$& Fermilab
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Make physics discoveries with
0,0025% of the events!

(the rest is lost...)

Software based
Run on data centers (LHC grid)
O(s) computing time

Run by
mE—

id

Data volume

ilab
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The High-Luminosity LHC challenge

2029

instantaneous luminosity NOW ] * 57
x 0.75 x 1-2 * x 2.5 E
. Run 4: HL-LHC
LHC Run 1 Lon LHC Run 2 Lon LHC Run 3 |s : Long Vs = 14 TeV
Vs = 7-8 TeV Shutdovgvn || Vs=13Tev Shutdovgvn 5 || Vs=14Tev | Shutdown 3 3000/fb
30/fb 150/fb 300/fb E

HL-LHC

_—

CMS Experiment at the LHC, CERN
' Data recorded: 2016-Aug-27 23:44.01.739584 GMT
,‘é Run/Event/LS: 279685 / 178456860 / 95

LHC TODAY

HHEMS E p !m ntakbHE CERN
S Data fed: Eri©ct 26:09:06:57-2018 CEST,
<3 /E t 325309 1244518

ectoon'
iHErassing: 1 21028 14650

200 simultaneous collisions
per bunch crossing
-+

more granular detector!

— aE Fermilab
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40 simultaneous collisions
per bunch crossing



The HL-LHC challenge

C.CERN
26:0¢

With more particles per collision and more readout
channels to combine, the reconstruction to become
even more computing intensive

We cannot throw away more data

We must increase the throughput

with at most flat budget for computing resources
We must do more with less

to preserve the physics!

50000 B | | | | | | | | | | | | | | | | B
— . CMS Public |
g) - Total CPU /7
© 2022 Estimates Y 4
@ 40000 —— No R&D improvements
?\ -@®- Weighted probable scenario
(o) == = 10 to 20% annual resource increase
2 30000
=
x5 x50 x10 x20 =:
= 20000
A A @)
©
£ 10000
- —
Event ProceSSing Data ComPUting 03021 2023 2025 2027 2029 2031 2033 2035 2037
complexity  time resources/ Year
. Source
Disk storage
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https://twiki.cern.ch/twiki/pub/CMSPublic/CMSOfflineComputingResults

ML Advantages

* High accuracy

— improved physics performance:
expressive models can extract most useful info from complex datasets

2500 arXiv:2310.16121 ]
™ LorentzNet
T 2000} ]
@) PELICAN }
= PELICAN,
=
% Js00l ?ParT i
@ DisCo—FFS §Pa”i§'§Nel\tl o
-] L
§ ool esNeXt i
g ¢BIP(MLP)  *PFN -
: _
& eogf NPELICAN BIP(XGBoost% i
: ocrp ? LGN *TopoDNN Z
| nPELICAN ]

10 100 1000 104 10° 10° 107

Number of model parameters

3& Fermilab
Abhijith Gandrakota | MLFP School Georgia Tech


https://arxiv.org/abs/2310.16121

ML Advantages

* High accuracy

2500

LorentzNet

N
o
o
o

. d ohysi ¢ . PELICAN } ;
— |mpr9ve pNnysICS perfrormance. | 0| PELICANIGy o
capacity to extract most useful info from | DisCo-FFS Srarigetet. 3

1000}
i $#BIP(MLP)  *PFN

nPELICANy BIP(XGBoosti
LGN

complex datasets

Background rejection at €5=0.3

500}

: SEFP
: nPELICAN

° Fast Speed T, 00 1000 10t 108 a6 a0

Number of model parameters

®TopoDNN

— matrix multiplication can be massively parallelized
* Leveraging GPUs/FPGAs, and other modern Al chips
— take advantage of reduced precision

— reduced development time: adaptive,

generalizable b, Q L O 01

. i W O
22
L2 iy 07
—_— . —_—
iy Wis3
Wi O

Wi1 Wpq . ((Wy1X 0q) + (W X 03)]
i
Wiz Woa- [1] = (WX i) + (WX 05)

l
wiiFerm“ab
W
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ML Advantages

High accuracy

— improved physics performance: capacity to extract
most useful info from complex datasets

— better scaling with data complexity (HL-LHC)

Fast speed

— reduced development time
— matrix multiplication can be massively parallelized

— take advantage of reduced precision

Better portability

— many dedicated processors:
GPUs, FPGAs, TPU, IPU, ...

— large investment in tools to

compile and optimize

ML models for the hardware

Abhijith Gandrakota | MLFP School Georgia Tech

- nPELICANy BIP(XGBoosti
LGN

[ ®EFP ®TopoDNN
0' NPELICAN ]
10 100 71000 10* 10° 10° 107

LorentzNet

PELICAN
PELICAN
} 'Rg ParT
DisCo—FFS ®ParticleNet ]
®ResNeXt |

$BIP(MLP)  *PFN

Number of model parameters

e
1 Olli w4, O 01
1
=g
. iy Woy
L2 i 0,
= O
W Q
W11 W21 (WX i) + (W X iy)
W12 W22 [ ] (Wi X ig) + (W, X 13)
W13 WZ3 (W13>< 1,1) + (W23X lz)

ASICs
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Types of learning

e Supervised learning:

Supervised Learning

e X
— attempt to predict/infer some target (truth label) X X
— . " o
— classification or regression target 0.0
— train on data with known label (often MC simulation) . ’
* Unsupervised learning: Unsupervised Learning
— target is not given 0
(C)) O
— learn the data underlying distribution directly from data " O
O
— can be used for sampling, clustering, anomaly detection, ... e \

* Weakly/semi-supervised learning:

— Only noisy or partial targets are known

2% Fermilab
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Data representations

/ High level/tabular:
fully connected NN, BDTs

Hidden layer 1 Hidden layer - Hidden layer 3

Input layer
2
() N7
\_/ RS 3
a\
_/
7\
-
N\
W,
7 Y
) N\ U5
3 S AZALONN
— ?ﬁ'f.’«‘)&\‘\\\‘r Sy i\:'\\\&; RN
S P\ 1 XN 1 \ .
PN AN 8N
NN X 07 7SN

N (RN V777N
NS <N

/ Ordered sequence/time series:
recurrent NN, transformers

® ®

@)
T

| I8
SEE

|
® &

©
\ As in natural language processing
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/Regular grid: convolutional NN

—13]
Source pixel ~—To —1 o
) 5 L] 3| A
15 LT
4 // A~ (-1x3)+(0x0)+(1x1)+
L0 6 | 0 2 (-2x2)+(0x6)+(2x2)+
INSS g EN S (-1x2)+(0x4)+(1x1) =-3
T3 ]
1 L% 21 T
1 4 }/‘ = 1 e
2 | 2 1 6 T L]
—T 0 }/ 3| — i // |
1 | 4 0 | — 1 L= L
L] 61— | 1
f 0]~ 1 |
| - /
{ 1 '/
Convolution filter i //// |
(Sobel Gx) T 1A L1
L 1
Destination pixel 1 1 //
L // |
L L~
=
As in computer vision ] -
|~

Point cloud:
Deep sets, graph NN, transformers

y x X,
ke 0 2
@ x @ @' N x @ €. e".i.': @
e @ Jis \ / EdgeCony Ji K /
= e
x\ XN.
1 )
- e. A X o ’
Xm Jil Xj,4 s ijis Ji1 .
@ © ®
X. X.
is Jis

As in social media analysis
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Data reduction workflow @ LHC

- ‘ -‘ 1 KHz
1 MB/evt 3-30 kB/evt

High-Level Offline

trigger reconstruction
L1 trigger

High-level
a4 analysis
ASICs FPGA CPU/GPU Offline Computing
e
O(ns) O(ns) O(ms) O(s)
Very hard to use ML Easy to use ML

3& Fermilab
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Taggers: From BDTS toTransformers

» Great strides made to leverage rich low=-level information with graph neural
networks and transformers for a variety of tasks including jet classification

CMS-DP-2024-066

> Major improvements
demonstrated in CMS
(ParticleNet/Transformer)

Jet
120, CMS S/mulatlon Prellm/nary 13.6 TeV
celd————T——T1T "1 F T T 7 F F 1 T T3
'% L it events pr > 20 GeV In| < 2. 4 €,=70%
% 100 | B c jet rejection s
- udsg jet rejection dod 3 10
-% | Run 1 Run 2 Run 3 ]
801 ! i x61
I | 410°
60 |
I | +10°
40 2 i
: I o
20 . l 10
0 [ L L | 1 OO
CSVv1 CSVv2 DeepCSV DeepJet PNET  UParT UParT
(ke=0.14)
JE :
3¢ Fermilab
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https://cds.cern.ch/record/2904702

Impact: Better searches and measurements

HIG-18-016 TOP-21-005 SMP-20-013
CMS L=1381f"(13 TeV)
5.11b" (7 TeV) + 18.91b™ (8 TeV) + 77.21b" (13 TeV) 138 fb-! (13 TeV) = L —— ——— s ;
T 1 T T ] Z 8
CMS e Observed i% L oMS % Daa 5 10°F —¢— Data VV+VVV :
VH, H—bb — *io (stat @ syst) 2 400l QCD + tt 12 = B oy VBF-V, Vy, VBS-Z(I)V(j) 3
""" 2813 o " All-hadronic B other backgrounds | Z 107F Nonprompt [ Top E|
H—-bb :+1G(S " 0 e o i+ Handtt+V © - ) 3
; s 300] %1500 Gev S 1 ook [ Wadets [ vBS-W(v) V(i) .
! - e 222 Postfit unc. ] = Syst =
Run 2 -.-—- 1.06 + 0.20 (stat) £ 0.17 (syst) i ] 108 - & : 1
2016 IE RO 1.19 £ 0.39 o00l- tHtt Y EE
2017 | 0 e Po—— 1.08 +0.34 i 2 | ]
: i f///f/////{///,y//i/// /i/ 10°
i 1007 i 7//;/// ]
Run1 ————— 0.89 + 0.38 (Stat) +0.24 (Syst) 5 ///!///,,// s 103
' 2 i eees -
g 1.50f————F——— !--j W
=< | + 1 B 1.2 T 3
Combined ———— 1.01+ 0.17 (stat) + 0.14 (syst) L i | 3 14 E
i /X ; i é/ o = : 3
2 1.00 ’ f Ze {/ i i’ €] Zc = 1 : \\
PR BTSN BT EPETEEE B EPEPETE B BT B 007 T R S S R [ 3 0.93 : E
05 T 15z 25 5 3% 780 02 04 06 08 1L & oof ] ]
est’l BDT discriminant -0 0.2 0.4 0.6 0.8
B2G:-22-003 " DNN boosted
138 fb™' (13 TeV) EXO-21-014
% 20:—'C|I'VI'S'|"'|"'|"'|"'|"'|"'|"'—
O 18F 3 138 fb™ (13 TeV) o o e
9 16:— ggl:+cztat; .OCD ggFH VBFH VH _- 3104 EI I“I | LI | LI 17T | T 177 | T 1T | T 1T | 17T | T 177 | T § . Increased Sensltlvlty
P : o : = £ “CMS Bl — H &) = 50%; B( — Z §) = 50% .
% 14F ree-es [P i . S (X 95)% o "mit(sxm =O)5m - with ML used by each
T 12:‘ .V+'ets \AY% Total unc. = 10 E " ’ * . _§
w - Iets, o S Theory 3
10F R Median expected . PAG (mOStIY
E I 68% expected N . .
g 107 057 oxbocted supervised):
6 - —— Observed .
N 0F E — improved event
2 c I_I_PS 3 P
0 L N classification and
3 - g e . .
s 20 \ \ l - : object reconstruction
; 1 .O 1 } I | I | | | 10_1 = 1 1 I 111 I 111 I 111 I 11 1 I 111 I 11 ~:..I~ 111 I 11 1 | 11—+
% 05 { t T 0 200 400 600 800 1000 1200 1400 1600 1%30\/
- - : : : : : : m, (Ge
00760 80 100 120 140 160 180 200 220 mummm , (GeV)

N # Fermilab

j2 mreg [GeV] Tech


https://cds.cern.ch/record/2636067
https://cms-results.web.cern.ch/cms-results/public-results/publications/TOP-21-005/
https://cds.cern.ch/record/2792547/
http://cms-results.web.cern.ch/cms-results/public-results/publications/B2G-22-003/
http://cms-results.web.cern.ch/cms-results/public-results/publications/EXO-21-014

arXiv:2502.13047

Systematic-aware learning

» Standard classifier training (CENNT) optimizes for signal vs. background discrimination
without considering systematics and other effects that affect the ultimate figure:
uncertainty Ar, on a physics parameter r,

» By implementing the analysis chain (including systematics) in a differentiable way, we
can directly optimize for min. Ar, in the neural network training!

41.5 fb~" (13 TeV)

CMSert, 2017

_l 3.0 \ ! ‘ ’ |
£ i h ] 1
g b ]
c\|j 2.5 \ \ ¥
[ \ /]
2.0 \ /-
Initial dataset Classification Histogram POls I
Dx CR™ | x5 §(x,w) | Dy CR™ | §— H(y) |Dyg SN |min(—log(L)) | 7s £ Ars [ B ;o
1.0
0.5F .
0.0 | - |
-.g 50_ T T T i ‘ T \i T T T T i\ T | \i T T T ]
SANNT o | ; ; ; ;
— Arg = -0.44 +0.47 68% cl O i i JJJLL i i HJLLL
R Argtatz _030 +030 68(%) CI O L L L : 1 \: L L ‘ L L :\ L | \: L L L
CENNT € s0f ' ! L ! | _
- Arg = -0.60 +0.62 o i ! ! i
A= _0.29 +0.29 o | |
- - - 07 L L L : ‘ L L L L ‘ L |'.|. L ‘
0 0.5 1 1.5 2
I's
JE H
3¢ Fermilab
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http://arXiv.org/abs/2502.13047

Data reduction workflow @ LHC

1 KHz
3-30 kB/evt

N\

l 1 MB/evt
Offline

High-Level

L1 trigger trigger reconstruction
|
@ High-level
a4 analysis
40 MHz
ASICs FPGA CPU/GPU Offline Computing
e
O(ns) O(ns) O(ms) O(s)
Very hard to use ML Easy to use ML
& Fermilab
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The HL-LHC challenge

C.CERN
26:0¢

With more particles per collision and more readout
channels to combine, the reconstruction to become
even more computing intensive

We cannot throw away more data

We must increase the throughput

with at most flat budget for computing resources
We must do more with less

to preserve the physics!

50000 B | | | | | | | | | | | | | | | | B
— . CMS Public |
g) - Total CPU /7
© 2022 Estimates Y 4
@ 40000 —— No R&D improvements
?\ -@®- Weighted probable scenario
(o) == = 10 to 20% annual resource increase
2 30000
=
x5 x50 x10 x20 =:
= 20000
A A @)
©
£ 10000
- —
Event ProceSSing Data ComPUting 03021 2023 2025 2027 2029 2031 2033 2035 2037
complexity  time resources/ Year
. Source
Disk storage
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https://twiki.cern.ch/twiki/pub/CMSPublic/CMSOfflineComputingResults

Multilayered Detectors, e.g. CMS

41

\ G

|| ]T+P8

%
%
2
-
-
=
-

m“

o ;"l ’
Silicon

Tracker
Current and future

§
S
S
multilayered

Electromagnetic

W
:

Calorimeter
detectors...
Hadron
Calorimeter Superconducting
Solenoid Iron return yoke interspersed
with Muon chambers
. Om Tm 2m 3m 4m 5m 6m
Require complex ' ' l | l l | |
pattern recognition Key:
Muon Electron Charged Hadron (e.g. Pion)

Neutral Hadron (e.g. Neutron) Photon



Particle-flow as a Machine-Learning task

» Can we formulate PF as an ML task (naturally “tunable” through re-training and
portable to new hardware)?

» Learn a “set-to-set” function f: X — Y, where {tracks, energy clusters} € X and
{particles} € Y

{tracks, energy clusters} € X {particles} € Y

2% Fermilab
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arXiv:2503.00131

Cross-detector Transfer learning study

» Pre-train MLPF model on CLIC full sim. samples then fine-tune on full sim. samples
from CLD at FCC-ee

» Fine-tuned model outperforms model trained from scratch for <2M events, with 30%
better jet resolution at 100k events, and outperforms PF baseline

Key4HEP-CLD Sim. e*e” (365 GeV)
Pre-training Fine-tuning + Inference = AR R
c ---- From scratch
@) - o ---- Fine-tuned 1
e R @ 095 - PF ]
CLIC U” sSim G "j" “ g .
— S 0.30f -
) \
(O] \\
— L 3
"q')' 0.25F- N _]
- N
—— ‘
CLD full sim > MLPF backbone model 0.20|-, \ ]
0.15F .
B N y i
‘4 0.10~ N -
Different Different [ e - N -
deteCtor deteCtor 0-05 : | L Ll | | — | | | | | | | | | t
configuration configuration 102 103 104 10° 1M oM 4M

CLD training samples

(b) A pre-training and fine-tuning MLPF approach

3& Fermilab
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https://arxiv.org/abs/2503.00131

ML @ CMS: simulation

* Fully detailed simulation with generator+GEANT4 is computing intensive
* Generative models can though provide 1000x speed up
* Applicable at many levels: sampling, generation, detector model, analysis variables, etc.

* Careful study of statistical power of learned models over trainingsamples

CMS Simulation Preliminary photon, E =850GeV, 1=0.5, ¢ =0 CMS Simulation Preliminary photon, E =850GeV, 1=0.5, $=0

2500
2000 2
1500 0
1000
2
500
500
-4
0

1300 1325 1350 1375 1400 1425 1450 1475 1500 1300 1325 1350 1375 1400 1425 1450 1475 1500
FULLSIM x [mm] x [mm]

y [mm]

y [mm]

4

Energy [MeV]
Energy [MeV]

* A lot of R&D with examples in CMS:
simulation of jets, photon and hadron
showers in calorimeters

2
0
-2

-4

* A few ongoing use cases:

*—> FASTSIM

— Denoising with convolution neural — s

networks /\

MC

— FlashSim: end-to-end simulation using ==
normalizing flows

GEN — SIM — DIGI — RECO — AOD — MINI — NANO

e

Real
Detector DATA — RECO —» AOD —» MINI — NANO

2% Fermilab
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https://indico.cern.ch/event/1154230
https://cds.cern.ch/record/2858890

Data reduction workflow @ LHC

1 KHz
3-30 kB/evt

1 MB/evt

High-Level Offline
trigger reconstruction

L1 trigger
@ High-level
a4 analysis
40 MHz
ASICs FPGA CPU/GPU Offline Computing
e
O(ns) O(ns) O(ms) O(s)
Very hard to use ML Easy to use ML
& Fermilab
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The High-Luminosity LHC challenge

instantaneous luminosity NOW ] 2029
x 0.75 X 1-2 ¥ Xx25 . X 5-7
LHC Run 1 Long VLHC Run 2 Long bHC Run3 |s Long Rti/n 4: HL-LHC
Vs = 7-8 TeV s=13TeV s=14TeV |» s=14TeV
30/ib Shutdown 1 150/b Shutdown 2 300/ | Shutdown 3 3000/(b
ey S ——————
LHCTODAY IIIIIIIIIIIIIIIIIII: HL-LHC

$LEMS Expgtiment aklLHE  CERN
Sov Dat rded: EriOct 26:02:06: 572018 CEST

CMS Experiment at the LHC, CERN
» Data recorded: 2016-Aug-27 23:44.01.739584 GMT
": RI825309 4244518
Sk

Run/ Event/ LS: 279685 / 178456860 / 95

200 simultaneous collisions
per bunch crossing
+

more granular detector!

e # Fermilab
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40 simultaneous collisions
per bunch crossing



Intelligent Triggering

* Intelligent selection is most impact full at L1 trigger

Keep only BSM physice
) Umm. .. What do | do then ?

make an smart decision!

/ )

29 Abhijith Gandrakota | MLFP School Georgia Tech
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L1 Trigger in CMS

 CMS LI trigger processes every collision

— Need quick decisions w/ large data rate

e LI runs on FPGAs

(w/ 3.8us latency &
selects | in 400 pp collisions)

Retain much of this
(Needs to be unbiased)

Discard a lot of this

M 1 KHz 99.75% gets thrown
1me/eve away in first stage!

1/100 the
events size
X6 more events

3F Fermilab
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L1 Trigger in CMS

l I I I I I

{* LHC sensor Fast ML for Science
benchmark tasks

1n12

[Chin. Phys. C 40
TOta | 100001 (2016)]

.
o
N

« CMS LI triggel

o

T
2

S

3

g

N

*

— Need quick

Data rate [B/s]
=)
Il\)
|

S

[JHEP 1110 (2011) 132; 1, #, 1|]_

[JHEP 1110 (2011) 132; 1, #, 1|]:

N
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A new Kkind of data stream

* Simple kinematic selections to define trigger algorithms

— What of we miss it? We might not know what we are looking for ....

Trigger Cut
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Events

T~ Lost Data!
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L1 Anomaly Detection

* New Approach: Anomaly Detection
— What if we select “anomalous” events based on decay topology

— With Machine Learning @ LI trigger
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Fitting AXOL1TL on FPGA

* |nstead of vanilla autoencoder, we use Variational Autoencoder

— Use just the encoder part of the network for AXOL1TL

— With hls4ml to deploy it on a FPGA
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https://cds.cern.ch/record/2876546?ln=en

CMS @ HL-LHC

e CMS LI Trigger @ HL-LHC is super charged with latest FPGAs + Algorithms
— Can reconstruct as well as current High-Level Trigger @ 40 MHz

* Even reconstruct individual particles for every single collision!
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Fitting AXOL1TL on FPGA

* |nstead of vanilla autoencoder, we use Variational Autoencoder

With hls4ml to deploy it on a FPGA

— Inference in just 50 nano seconds!

hils 4 ml
—

Probabilistic
Encoder

* Collecting data since 2024 @ LHC!
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https://cds.cern.ch/record/2876546?ln=en

Data reduction workflow @ LHC

) ‘ #‘ 1 KHz
1 MB/evt 3-30 kB/evt

High-Level Offline

) trigger reconstructlon
L1 trigger

High-level
analysis
FPGA CPU/GPU Offline Computing
e
O(ns) O(ns) O(ms) O(s)
Very hard to use ML Easy to use ML
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ML @ CMS: front-end electronics

The CMS High-Granularity Calorimeter

Novel technology for CMS endcap calorimeter:
50 layers with unprecedented number of readout channels (6M)!
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https://cds.cern.ch/record/2293646?ln=en

arXiv:2105.01683, arXiv:2306.04712

ML @ CMS: front-end electronics
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https://arxiv.org/abs/2105.01683
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Al @ Extreme Edge #
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Data reduction workflow @ LHC
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The Rise of Large Language Models

» Billion-parameter models pre-trained on massive unlabeled datasets can result in
emergent capabilities surpassing human expertise in some areas

@ anthropic @ chinese « google @ meta @ microsoft @ mistral @ openAl @ other ) Parameters (Bn) open access
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https://informationisbeautiful.net/visualizations/the-rise-of-generative-ai-large-language-models-llms-like-chatgpt/

A Hep Foundation Model?
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ML Group

* State-of-the art machine learning methods are increasingly being deployed in CMS

* Many opportunities to integrate/develop proof of concepts methods into the experiment
with many challenges ahead to bring the most promising into production

« CMS ML group was created to supervise this effort: cms-conveners-ml@cern.ch

Our goal: enable, support, guide and foster ML
developments in computing, POGs, PAGs

Forum (bi-weekly):
https://indico.cern.ch/category/12412/
L3 subgroup meeting (weekly, rotating):
https://indico.cern.ch/category/12413/

— Knowledge

L3 topical
groups

Daniel Marius Hyejin

+ contacts to POG/PAGs and external initiatives

2% Fermilab
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ML Subgroup: Knowledge

* Knowledge subgroup collects, maintains, and disseminates knowledge of ML
algorithms in the CMS collaboration

— Development and maintenance of CMS ML benchmarks, comparing and tracking the
performance of algorithms, platforms, and ML frameworks on a set of benchmark CMS ML
applications in reconstruction, simulation, trigger and computing

— Consolidate tutorials and lectures on ML for CMS with the School Committee
— Maintain list of in-house experts in various ML topics.

— Prepares the ML part of the analysis questionnaire in collaboration with the Statistics
Committee and documents good ML practices

 Documentation webpage: https://cms-ml.github.io/documentation/

— Contributions welcome: https://github.com/cms-ml/documentation/pulls

__ Knowledge

| # Fermilab
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https://cms-ml.github.io/documentation/
https://github.com/cms-ml/documentation/pulls

ML Subgroup: Production

* Production subgroup delivers production-level training and inference for CMS ML
algorithms

— Development and maintenance of ML training and inference workflows in the CMS

software stack, including model inference and support for external frameworks such as
TensorFlow, Py Torch, ONNX, and MXNet

— Work closely with CMS framework experts and all relevant O&C groups, for example,
overseeing framework-related aspects and relevant software/computing groups

— Development of training infrastructure to satisfy the needs of as many collaborators as possible

Production

| # Fermilab
Abhijith Gandrakota | MLFP School Georgia Tech



ML Frameworks

e Keras/TensorFlow

Keras
1F TensorFlow

— Conventionally one of the most beginner-friendly
formats

— Inference supported for production in CMSSW
* PyTorch (Lightning)

— More “pythonic” way of building models < .) h
(especially models within models) PyTO rC
— Inference support in CMSSW forthcoming... o PyTorch Lightning
 ONNX/ONNXRuntime

— ONNX intended to be a universal exchange format @ O N N X
(can convert from all libraries) O N N X

— For inference only; supported for CMSSW RUNTIME
e Flax/JAX

— Newest library based on “autograd”
 XGBoost

— For training boosted decision trees (fast) XG BOOSt

2% Fermilab
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ML Subgroup: Innovation

* Innovation subgroup identifies and applies new ML techniques to CMS challenges while
working closely with CMS groups in areas where ML is expected to have a significant
impact: reconstruction, trigger, simulation, and beyond

— Discuss the relevance of new techniques and help with the adaptation and implementation of
specific models

— Develop specific methods for CMS that will lead to technical publications

— Lead the organization of ML-oriented hackathons and challenges to help identify new
applications and ML techniques in CMS

* e.g. Upcoming hackathons in LLMs in CMS

— Organize CMS internal journal club to discuss new and relevant ML results from inside and
outside of particle physics

Innovation

Abhijith Gaia
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CMS ML Documentation

CMS Machine Learning Documentation . Q Search e ocumentation
CMS Machine Learning
Documentation Welcome to the documentation hub for the CMS Machine Learning Group! The goal of this page

is to provide CMS analyzers a centralized place to gather machine learning information relevant

to their work. However, we are not seeking to rewrite external documentation. Whenever
Innovation

applicable, we will link to external documentation, such as the iML groups HEP Living Review or
ML Journal Club

ML Hackathons

their repository. What you will find here are pages covering:

ML best practices
Resources

Cloud Resources How to optimize a NN

Dataset Resources

FPGA Resource

Common pitfalls for CMS analyzers

Direct and indirect inferencing using a variety of ML packages
GPU Resources v

How to get a model integrated into CMSSW
Ixplus-gpu

CERN HTCondor And much more!

SWAN

If you think we are missing some important information, please contact the ML Kn dge ¢ roup!
ml.cern.ch

Guides

Software environments > Last update: December 5, 2023

Optimization >

General Advice >

Copyright © 2020-2023 CMS Machine Learning Group
Material for MkDocs

cms-ml.github.io/documentation



https://cms-ml.github.io/documentation/

Summary

* Lots of R&D surrounding ML in CMS, which directly
impact physics results

* Many activities coordinated by ML Group

— We’re here to help!

* Get involved! N
NS
— Attend ML Forum [ \,:\‘)\\IHM
(https://indico.cern.ch/category/12412/) and In : |"“I |
subgroup meetings i

EET . W NI DTN

(https://indico.cern.ch/category/12413/)

— Contact conveners (cms-conveners-ml@cern.ch) or subgroup conveners for a slot to present
your ML studies

— Consider/discuss publishing your ML results in CMS
— Release CMS datasets for ML studies through knowledge subgroup

— Contribute to ML documentation (https://cms-ml.github.io/documentation/) by submitting pull
requests or reporting issues

— And more...

3& Fermilab
Abhijith Gandrakota | MLFP School Georgia Tech


https://indico.cern.ch/category/12412/
https://indico.cern.ch/category/12413/
mailto:cms-conveners-ml@cern.ch
https://cms-ml.github.io/documentation/

