JAVIER DUARTE”
FUTURE OF HIGH ENERGY PHYSICS
ASPEN CENTER FOR PHYSICS

MARCH 29, 2024

MACHINE LEARNING - "~ .~
AT FUTURE COLLIDERS %

Thanks to Japsep Pata




INTRUDUCTION Snowmass CompF03 Report, arXiv:2209.07559 2

» Machine learning has already
changed the way we do particle
physics from trigger/data acquisition
to event reconstruction, simulation,
data analysis, and interpretation

» Itis an essential and versatile tool Vachine learming
N

that we use to improve existing « ¥ particle physics
approaches

» It enables fundamentally new
approaches
» In this talk, I'll describe one thread
where ML can shift/inform the
paradigm



https://arxiv.org/abs/2209.07559
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PARTICLE-FLOW RECONSTRUCTION arXiv:1706.04965 4

» Particles interact with detector, leaving energy deposits and tracks

» Efficient combination of info. from complementary detector subsystems to
produce a holistic, particle interpretation of the event (that improves on any
individual subsystem)
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https://arxiv.org/abs/1706.04965

J. S. Marshall: https://indico.in2p3.fr/

CONVENTIONAL PARTICLE-FLOW, E.G. PANDORA event/7691/contributions/42712 5

Existi ng pa rticle_ “Basic” reconstruction uses 56 algorithms:
flow algorithms
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https://indico.in2p3.fr/event/7691/contributions/42712
https://indico.in2p3.fr/event/7691/contributions/42712
https://indico.in2p3.fr/event/7691/contributions/42712

J. S. Marshall: https://indico.in2p3.fr/

DISADVANTAGES OF CONVENTIONAL PARTICLE-FLOW evenv7691/contributions/a2712 6

» Our heuristics fail in some ambiguous situations

» Traditional PF algorithms can be tricky to extend, tune, apply to different/new
detectors, or port to new computational hardware or HPCs

Types of confusion
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neutral hadrons separate neutral hadrons

EXPLORING Al PROCESSORS
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Missing energy Missing energy Double counted energy &



https://indico.in2p3.fr/event/7691/contributions/42712
https://indico.in2p3.fr/event/7691/contributions/42712
https://indico.in2p3.fr/event/7691/contributions/42712

PARTICLE-FLOW AS A MACHINE-LEARNING TASK

» Can we instead 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, clusters} € X or
{tracks, hits} € X and {particles} € Y

{tracks, hits} € X {particles} € Y



MLPF TIMELINE
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http://cds.cern.ch/record/2842375
https://doi.org/10.1140/epjc/s10052-021-09158-w
https://doi.org/10.48550/arXiv.2309.06782
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http://dx.doi.org/10.1088/1742-6596/2438/1/012100

MLPF IN ¢+~ COLLISIONS arXiv:2309.06782 9

Improved particle-flow event reconstruction with
scalable neural networks for current and future
particle detectors

Joosep Patal®, Eric Wulff?2, Farouk Mokhtar3, David Southwick?
Mengke Zhang®, Maria Girone?, Javier Duarte’

~»
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Ravala pst 10, 10143 Tallinn, Estonia.
2European Center for Nuclear Research (CERN), CH 1211, Geneva 23,

Switzerland.
SUniversity of California San Diego, La Jolla, CA 92093, USA.

*Corresponding author(s). E-mail(s): joosep.pata@cern.ch;
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https://arxiv.org/abs/2309.06782

OPEN DATASET FOR ML RECONSTRUCTION STUDIES doi:10.5281/zen0d0.8260741 10

» Gen. particles, reco. tracks and
calorimeter hits, reco. Pandora PF
particles in EDM4HEP format

» CLIC detector (CLIC_03 v14) simulation
with Geant4, reco. with Marlin interfaced

via Key4HEP including Pandora PF reco.

Particle Flow Reconstruction

Scalable Neural Network Models and Terascale Datasets

» Processes generated with Pythia8 at

\/s = 380GeV
» eTe” — tf, qq, ZH(z7), WW, t1 + PU10

» Single-particle: e, u*, K, n, 7%, v
between [1,100] GeV

» 2.5 TB, 6 million events in total

https://www.coe-raise.eu/od-pfr



https://www.coe-raise.eu/od-pfr
https://arxiv.org/abs/1812.07337
https://doi.org/10.5281/zenodo.8260741

OPEN DATASET FOR ML RECONSTRUCTION STUDIES

11

~10k / event

Tracks and calorimeter hits

— Track

® Raw ECAL hit

® Raw HCAL hit

@ Raw Muon chamber hit

Calorimeter

Raw tracker hit clustering

Raw ECAL hit
Raw HCAL hit
Raw Muon chamber hit

Tracks and calorimeter clusters

— Track
@® ECAL or HCAL cluster

~300-500 / event

Particles

Charged hadron
Photon

Neutral hadron
Electron

Muon



DATA PREPROCESSING FOR NODE PREDICTION

» Formulate task as node prediction with data preprocessing  InPutsetX = {x;;

Eur. Phys. J. C 81, 381 (2021) 12

» Input set arranged in (arbitrarily ordered) matrix ® ® n
.
x18K = [0 b, 7% Nagps tan A, Dy, Q = sign(q)/R, Z| o ©
.
xld“Ster [ET9 N, @5 Egcars Encars % Ys 2 Mpies Oy » Oy, O ] ®
» Target set zero-padded to same size | X| = | Y|, with each  Targetset Y = {y.}
output particle arranged in same array position as
best-matched input element _
N
y, = [PID,pT, E.n, ¢, q] B

PID € {none, charged hadron, neutral hadron, y, e*, =}


https://arxiv.org/abs/2101.08578

GRAPH NEURAL NETWORK APPROACH Eur. Phys. J. C 81,381 (2021) 13

Event as input set Event as graph Transformed inputs

» Convertinputsetto a
locally, sparsely

o " =
connected graph ® -
m = =
He Graph Message L]
® - building LI ossing _ -
» Message-passing NN to o F(X|w)=A CX,A|lw)=H :
transform features
Targetset Y = {y;} Output set Y’ = {y!} l
» Decode transformed - -
: : Elementwise loss L(y;, y; .
inputs elementwise P O 30 - SRR Clementwise
g B classification & regression - decoding

D(x; b w) = y;
» (During training)
Compare to target set,
optimize weights

hi & [RMidden
Trainable neural networks: &, €, 9

® Track, @M Calorimeter cluster, Ml Encoded element
M Target (predicted) particle, ™" No target (predicted) particle


https://arxiv.org/abs/2101.08578

T. Neylon, https://unboxresearch.com/

GRAPH BUILDING COMPLEXITY articles/Ish_post1.html 14

Naive nearest neighbors graph building: need to
compare each pair of particles, O(N*) complexity

O(N?) complexity plagues other SOTA ML approaches like transformers


https://unboxresearch.com/articles/lsh_post1.html
https://unboxresearch.com/articles/lsh_post1.html
https://unboxresearch.com/articles/lsh_post1.html

T. Neylon, https://unboxresearch.com/

LOCALITY-SENSITIVE HASHING articles/Ish_post1.html 15

Divide space into bins, particles are connected if they are in the same bin

Hash function: particle features to bin index


https://unboxresearch.com/articles/lsh_post1.html
https://unboxresearch.com/articles/lsh_post1.html
https://unboxresearch.com/articles/lsh_post1.html

T. Neylon, https://unboxresearch.com/

LOCALITY-SENSITIVE HASHING articles/Ish_post1.html 16

Randomized bins (hash functions) work even better!

' 5 random hash functions, where
.‘-:.

darkest blue = 5 hash collisions,
lightest blue = 3 hash collisions

Simple to implement in TensorFlow, PyTorch, JAX using native
operations: high portability to Nvidia, AMD, Intel Gaudi, etc. today


https://unboxresearch.com/articles/lsh_post1.html
https://unboxresearch.com/articles/lsh_post1.html
https://unboxresearch.com/articles/lsh_post1.html

LSH-BASED GNN

17

Transformed
HBE B ::
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each bin
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..........................................................................................................................................................................................................................................................

» One layer of scalable GNN based on Retformer [arXiv:2001.04451]

» Can stack them to form multilayered network that learns higher-level
representations


https://arxiv.org/abs/2001.04451

HYPERPARAMETER OPTIMIZATION ON HPC 18
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IMPACT OF TUNING 19

» Tuning improves particle-level performance dramatically (trained on gg, tt)

» Though we optimize a particle-level loss, also achieve better jet/MET resolution
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PERFORMANCE AND GENERALIZATION 2

» Generalizes to samples (e.g.,¢e"e™ — WW — hadrons) never used in training

» ~50% improvement in jet response width over the baseline*

*Defined with gen. particle status = 1
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2 e*e” - WW — hadrons _ = ere ol PU10 -
% 10_ PF (M=104, IQR=O11,fm=091) — E 011 | —o— MLPE __
= MLPF (M =0.99, IQR = 0.06, f., = 0.93) - - ‘
=
O I | 1 g
S | o 0.10f —
S 0.8 . 2
s | )
_ MLPF 3 0.09] -
- o
0.6 _
- _ 0.08 —
_ _ baseline
0.4} - 0.07} -
: : 0.06 -
0.2} _ _ : _
— baseline - _ MLPF _
: 0.05|- -
OO_ | | | | | | | | | | | . | :I | | | | | | | | | | | | | | | | | | | | | | | | | | | | |_
' 0.6 0.8 1.0 1.2 1.4 20 40 60 80 100 120 140

jet Pt reco/PT, gen jet pT,gen [GEV]



SCALING

21

» Baseline (untuned) algo. runs only on CPU, scales ~quadratically, runtime per
event is in seconds

» ML model scales linearly, runs in milliseconds per event on a consumer 8 GB GPU

Time per event [s]

w B 9]

]

R
.
.
.
.
.
.*
.t

PR
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.*

“
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
‘I

.
.
.
.
.
.
.
.
.
.
.
.
.
*
.*

R
.
.
.
.
.
.
.
.
.
.
.
o
.*

—— baseline PF -

)
.
.
.
.
.*
.t

50

75 100 125 150 175 200

T~ particles per event

Time per event [s]

O
—
=

o
o
o8

e
o
®

0.00

0.04

0.02

B=16 -

| | | | |
2000

| | | |
4000

| | | |
6000

| | |
8000

| | |
10000

Input elements per event



FOUNDATION MODELS arXiv:2108.07258 22

» “Foundation models” are large-scale models (e.g. GPT-3) trained
on broad multimodal data and adaptable to a wide range of Tasks
downstream tasks cuestion (@
Answering ,‘b

Data J Sentiment
\) Analysis
Text | ’ !
\ | b\r Information
-1/ Images ) Extraction
. ] Adaptation J
Speech /\/\/\/\}) fraining J Foundation A= Image
Z Model %% Captioning D
o~ _ Structured
2! Data
PN Object
. = | >V§ Recognition
3D Signals “ Val

Instruction

% ~ Following ..  *
) ) b 8



https://arxiv.org/abs/2108.07258

FOUNDATIUN MUDELS IN HEP L. Heinrich, https://indico.cern.ch/event/

1330797/contributions/5776144/ 23

» Reconstruction in HEP is analogous to a foundation model

» With ML-based reconstruction, can take this analogy more literally and fine-tune
reconstruction for different needs, e.g. analysis or new detector concepts
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https://indico.cern.ch/event/1330797/contributions/5776144/
https://indico.cern.ch/event/1330797/contributions/5776144/
https://indico.cern.ch/event/1330797/contributions/5776144/

SUMMARY 24

» ML-based event reconstruction improves physics performance at future
colliders

» End-to-end optimization can enable new paradigms, e.g. fine-tuning ML-
based reconstruction for different use cases (analysis, detector concepts, etc.)

» Scalable ML models improve computational performance

) O p en d atasets an d CO d € acce I erate researc h Improved particle-flow event reconstruction with
3. /"‘.,.{" scalable neural networks for current and future
,?’ : - particle detectors
it a» . Joosep Patal®, Eric Wulff2, Farouk Mokhtar®, David Southwick?,

2

Mengke Zhang®, Maria Girone?, Javier Duarte®

"National Institute of Chemical Physics and Biophysics (NICPB),
Ravala pst 10, 10143 Tallinn, Estonia.
2European Center for Nuclear Research (CERN), CH 1211, Geneva 23,

Switzerland.
3University of California San Diego, La Jolla, CA 92093, USA.

*Corresponding author(s). E-mail(s): joosep.pata@cern.ch;
Contributing authors: eric.wulff@cern.ch; fmokhtar@Qucsd.edu;
david.southwick@cern.ch; mezhang@ucsd.edu; maria.girone@cern.ch;
jduarte@ucsd.edu;
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RELATED WORK 2

Towards a Computer Vision Particle Flow *
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https://arxiv.org/abs/2212.01328
https://arxiv.org/abs/2003.08863

CLIC DETECTOR MODEL

OPEN-PHO-EXP-2017-008 27

» CLIC detector
(CLIC 03 v14)

Return Yoke

Iron return yoke with
detectors for muon ID

The CLIC detector model

Solenoidal Magnet

Superconducting magnet,
magnetic field of 4 tesla

Fine-grained Calorimeters

Electromagnetic and hadronic calorimeters
used for particle flow analysis

Trackin_g Detector

Silicon pixel detector,
outer radius 1.5 metres

Forward Region

Electromagnetic calorimeters
for luminosity measurement and
extended angular coverage

Vertex Detector

Ultra-low mass silicon pixel
detector, inner radius
31 millimetres

Tracking detector

Material: 1-2% X, / layer
Single-point resolution: 7 micrometres

Vertex detector

25 micrometre pixels

Material: 0.2% X, / layer

Single-point resolution: 3 micrometres
Forced air-flow cooling

Electromagnetic calorimeter

40 layers (silicon sensors, tungsten plates)
Material: 22 X + 1\

Hadronic calorimeter

60 layers (plastic scintillators, steel plates)
Material: 7.5 \,

Height: 12.9 metres; Length: 11.4 metres; Weight: 8100 tonnes

Learn more about the CLIC detector at clic.cern


https://arxiv.org/abs/1812.07337
https://cds.cern.ch/record/2297387

HPC Al CHIPS

The HPC Al chip landscape is diversifying
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... we need flexible and portable codes to make use of
these resources in the near future!



PORTABILITY

Portable on CPU,
Nvidia & AMD GPU,
Intel Habana Gaudi

chips
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STACKING GNN-LSH

» Can construct multilayered networks from the scalable GNN-LSH building
block

ffin_charge

| . (2, 6400, 1)
ffn_enc_id cg id0 concat

(2, 6400, 256) (2, 6400, 256) (.., 1024)
fin id

(2, 6400, 8)

PFElements
(2, 6400, 25)

ffn_enc_reg cg_reg0 cg _regl concat ffn_momentum
(2, 6400, 256) @ (2, 6400, 256) @ (2, 6400, 256) (..., 1024) (2, 6400, 5)

concat
. . . (2, 6400, 14)
Aggregate and build higher-level representations

in a learnable way PFCandidates

| ontrainable laye elementwise layer graph layer |

(2, 6400, 14)




BULK AND TAILS

» Datasets are diverse so we have to predict the bulk and the tails well for all
particle types
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PERFORMER-BASED TRANSFORMER 32

» Alternative: scalable transformer based on the Performer architecture
[arXiv:2009.14794]

One layer of kernel-based self attention with the FAVOR mechanism.
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