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Image: https://www.quantamagazine.org/a-new-map-
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But there has to be more to it! SM does not answer all our questions
Higgs is a centerpiece: Mechanism by which particles acquire mass

How do we study these microscopic building blocks?


https://www.quantamagazine.org/a-new-map-of-the-standard-model-of-particle-physics-20201022/
https://www.quantamagazine.org/a-new-map-of-the-standard-model-of-particle-physics-20201022/
https://www.quantamagazine.org/a-new-map-of-the-standard-model-of-particle-physics-20201022/
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COMPACT MUON SOLENQID 6

» Specialized components to measure different particles » 100 million channels

STEEL RETURN YOKE
Total weight : 14,000 tonnes 12,500 tonnes SILICON TRACKERS
Overall diameter : 15.0 m Pixel (100x150 pm) ~16m* ~66M channels
Overall length - 28.7 m Microstrips (80x180 um) ~200m?* ~9.6M channels

Magnetic field :3.8T

SUPERCONDUCTING SOLENOID
Niobium titanium coil carrying ~18,000A

MUON CHAMBERS
Barrel: 250 Drift Tube, 480 Resistive Plate Chambers
Endcaps: 468 Cathode Strip, 432 Resistive Plate Chambers

PRESHOWER
Silicon strips ~16m? ~137,000 channels

FORWARD CALORIMETER
Steel + Quartz fibres ~2,000 Channels

CRYSTAL
ELECTROMAGNETIC

CALORIMETER (ECAL)
~76,000 scintillating Pb(WO, crystals

HADRON CALORIMETER (HCAL)

Brass + Plastic scintillator ~7,000 channels



LHC RAW DATA TO “PARTICLE" CLOUDS

Proton_bea ms

Outgoing particles:

ol ———————
electromagnetic interaction energy
nuclear interaction energy

Collision event



UUTLINE Snowmass CompF03 Report, arXiv:2209.07559 8

» Machine learning has changed the . - - @
way we do particle physics :
» Itis an essential and versatile tool =

detection

>/

that we use to improve existing

approaches ,“ N oo
» It enables fundamentally new Machine learning 4
in
apprOaCh as e particle physics
» Highlight a few active areas of R&D, @5
with public datasets and

uivarian

opportunities to collaborate!
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https://arxiv.org/abs/2209.07559
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LHC EVENT PROCESSING
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Compute
Latency
1 ns 1 s T ms 1s
O(1) kHz
O(100) kHz O(1) MB/evt
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Offline

Each collision produces O(103) particles FPGAs
The detectors have O(108) sensors
Extreme data rates of O(100 TB/s) datasets

Challenges:

Exabyte-scale



SCIENTIFIC ML CHALLENGES
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A3D3 Institute

| FPGA/ASIC

CPU/GPU

LHC HLT

Google Cloud

Streaming data rate [B/s]
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WHAT MAKES THIS HARD? 12

» Reconstruct all events and reject 98% of them in O(10) ps

» Algorithms have to be <1 ys and process new events every 25 ns

» Latency necessitates all FPGA design
» Algorithms have to fit on <1 FPGA

» How can we satisfy these constraints?

Latency ~ 10 us

Event 1 ——» L1 TRIGGER ALGORITHMS
Event 2 —» L1 TRIGGER ALGORITHMS FAIL
Event 3 —» L1 TRIGGER ALGORITHMS FAIL

Initiation interval = 25 ns
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https://arxiv.org/abs/1804.06913

QUANTIZATION-AWARE TRAINING: RESULTS Nat. Mach. Intell. 3, 675 (2021) 14

Xilinx VU9P
» Small NN benchmark >+ oa J— aKeras cpU 50 . — 107
¢ . [ : @ —— QKeras FPGA —— FF
correctly identifies particle S| == postiran quen.  ep
"jets” 70-80% of the time S 40 -
= S
: : S 1.00 - = =
» Full performance with 6 bits & 1~ S .
. . aa / © ~
instead of 14 bits & 0-98 - /! 5
: ' :
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< | &
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https://arxiv.org/abs/2006.10159

PRUNING + QUANTIZATION-AWARE TRAINING Front, AL4, 94 (2021) 15

» Quantization-aware pruning (QAP): iterative 1.0

AUC

pruning further reduces hardware B DR
: : 0.9 ; .
complexity of a quantized model P _

; Percent pruned (approx.) |
- % & 98.8% :
08 96.6% -
' 90.0%

80.0% |
70.0% B
60.0% _
50.0% _
40.0% -
30.0% |
20.0%

10.0%

0.0%

» After QAP, 50 X reduction in bit operations

0.71-
compared to the 32-bit, unpruned model ‘
0.6/

: Lottef:S/ ticket pruning
S 32-bit

® * %+ © H V A » 4 0 X

0.5

10 10 10
BOPs

Bit operations (BOPs) definition:
arXiv:1804.10969



https://arxiv.org/abs/1804.10969
https://arxiv.org/abs/2102.11289

PRUGRAMMING HARDWARE (FPGAS) For more: https://youtu.be/iHgOmmIgOUU 16

» Say you want to program an “adder” function on an FPGA

module adder(
Lthput wire [4:0] a
Lhput wire [4:0] b,
output wire [4:0] vy
)3 b - -
assign y = a + b;

endmodule \\\\\~___’,///’

» Register transfer-level (RTL)

Synthesis
code is “synthesized” into gates /


https://youtu.be/iHg0mmIg0UU

PROGRAMMING HARDWARE (FPGAS) 17

» What if instead we specify an Al model (e.g., in QONNX

QConv2DBatchnorm

kernel (3x3x3x32)
bias (32)

gamma (32)

beta (32)

iteration = 306151
moving_mean (32)
\moving_variance (32)

QActivation

quantized_relu

QConv2DBatchnorm

kernel (3x3x32x32)
bias (32)

gamma (32)

beta (32)

iteration = 306151
moving_mean (32)

| moving_variance (32)

QActivation

quantized_relu

QConv2DBatchnorm

kernel (3x3x32x32)
bias (32)

gamma (32)

beta (32)

iteration = 306151
moving_mean (32)
\moving_variance (32)

QActivation

quantized_relu

Flatten

QDense

kernel (2048x10)
bias (10)

High-Level Synthesis

Activation

Softmax

softmax


https://github.com/fastmachinelearning/qonnx

DESIGN EXPLORATION WITH HLSAML

» hls4dml for scientists or ML experts to translate ML algorithms into RTL firmware

~
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Keras
TensorFlow
PyTorch

Compressed
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Machine learning model
optimization, compression
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conversion
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Tune configuration
latency, throughput,
POWEr, resource usage

JINST 13, P07027 (2018) 18

AMD 1
& XILINX

FPGA flow

ASIC flow

Menlor

A Siemens Business


https://fastmachinelearning.org/hls4ml/
https://arxiv.org/abs/1804.06913

Nat. Mach. Intell. 4, 154 (2022)

APPLICATION: ANOMALY DETECTION AT 40 MHZ  oeta chalienge: mpp-hep.github.io/ancaoz1 19

» Challenge: if new physics has an unexpected signature that doesn’t align with
existing triggers, precious signal events will be discarded

» Can we use unsupervised algorithms to detect non-SM-like anomalies?

» Autoencoders (AEs): compress input to a smaller dimensional latent space then
decompress and calculate difference

» Variational autoencoders (VAEs): model the latent space as a probability
distribution; possible to detect anomalies purely with latent space variables

\

Key observation: Can build an anomaly
— U score from the latent space of VAE directly!
No need to run decoder!

2
| 5 RZ:Z%

12podul



https://doi.org/10.1038/s42256-022-00441-3
https://mpp-hep.github.io/ADC2021

CMS-DP-2023-079

ANOMALY DETECTION @ LEVEL-1 TRIGGER CMS-DP-2024-XXX 20

CMS Experiment at the LHC, CERN Selected by AXOL1TL,
o o Data recorded: 2023-May-24 01:42:17.826112 GMT
» AXOLTTL anomaly detection algorithm |- SRS faieassgntmimne but not other L1

for the trigger based on a
variational autoencoder

» Selects unique events relative to existing
triggers

» Preference for high multiplicity events

CMS Preliminary 0.527 fb™', 2024 (13.6 TeV)
= | | | | | | | | | | | | | | | | | | —

|
Run 380470
JetHT
Double Muon —
AXO Nominal -
AXO Tight 3

100: ﬂm

I =
0 10 20 30 40
L1 Object Multiplicity



https://cds.cern.ch/record/2876546?ln=en
https://twiki.cern.ch/twiki/bin/view/CMS/AXOL1TL2024

FAST ML APPLICATIONS BEYOND HEP 21

» Though hlsdml developed for particle physics,
has seen widespread use for

» Selt-driving cars [arXiv:2205.07690]
» Fusion devices [arXiv:2312.00128]

» Steering particle beams [arXiv:2011.07371,
arXiv:2311.05716]

» Data compression at the edge [arXiv:2105.01683]
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Fermilab Recycler Ring
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Overhead view
of tokamak Ny Host PC

BLM (260 in total) N
v data produced every 3ms \

- 00, x #&d‘ |‘I _ control request (x5)
: ¥ S coaxial X
CT-T-T-T-T-T- T R
nodes , ,

= Ethernet = _ B ]
v I Present Implementation (this paper)

i

[“ ool This Work: », \ _ Y

mm FEEL R Central node ©} g o Control coils (x40) Control coill § Breakout DACs (x5)

[ AN | , i |k Ml | system development f/1.4,cizs::,i amplifiers (x40)| board

Real time MI/RR beam loss de-blending § : R | §

Future Implementation

ML predictions (260 in total)


https://fastmachinelearning.org/hls4ml/
https://arxiv.org/abs/2205.07690
https://arxiv.org/abs/2312.00128
https://arxiv.org/abs/2011.07371
https://arxiv.org/abs/2311.05716
https://arxiv.org/abs/2105.01683

NSF INSTITUTE: A3D3 2

» Tightly coupled organization of domain scientists, computer scientists, and
engineers that unite three core components which are essential to achieve real-

time Al to transform science: Al techniques, Computing Hardware, Scientific
Applications

» Check the a3d3.ai for events and more information!

PHY-2117997

Accelerated Al
Algorithms for
Data-Driven
Discovery

Scientific

Sclence - Computing
Applications '

Hardware

Domain
inspired-ML

Artificial
Intelligence
Algorithms

ML-specific
systems


https://a3d3.ai/
https://www.nsf.gov/awardsearch/showAward?AWD_ID=2117997
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MULTILAYERED DETECTORS, E.G. CM
o

Silicon
Tracker

Current and future
multilayered  Flectromagnetic

% Ff“‘ 33 e g e
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il

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

Neutral Hadron (e.g. Neutron) Photon



PARTICLE-FLOW RECONSTRUCTION arXiv:1706.04965 25

» Particles interact with detector, leaving energy deposits and tracks

» Combination of multimodal information from complementary detectors to
produce particle-level interpretation of the event based on complex, hand-
tuned heuristics

A

 neutral
HCAL

clusters

{\

Detector

—>
%

Particle Flow

' ECAL
, lusters



https://arxiv.org/abs/1706.04965

PARTICLE-FLOW AS A MACHINE-LEARNING TASK 2

» 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, energy clusters} € X and
{particles} € Y

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



doi:10.5281/zeno0do.8260741

OPEN DATASET FOR ML RECONSTRUCTION STUDIES https://www.coe-raise.eu/od-pfr 27

~10k / event » 2.5 TB, 6 million events total

Tracks and calorimeter hits

— Track

® Raw ECAL hit

® Raw HCAL hit

@ Raw Muon chamber hit

~100k / event

Raw detector hits | Particles

Charged hadron

Raw Muon chamber hit

| Calorimeter il —— Photon
an :Z(;kl_e tht clustering SSEE e — Neutral hadron
aw it /ﬂé:-%/ .
T2 — Electron
Raw HCAL hit . LA /%ﬂll | v
Tracks and calorimeter clusters 0 /M/’ uon

///;;’\‘

0% 4
W ~100-300/ event

@® ECAL or HCAL cluster

~300-500 / event


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

GRAPH NEURAL NETWORK APPROACH Eur. Phys. J. C 81, 381(2021) 28

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/

LOCALITY-SENSITIVE HASHING articles/Ish_post1.html 29

Locality-sensitive hashing reduces graph-building complexity

5 random hash functions, where
darkest blue = 5 hash collisions,
lightest blue = 3 hash collisions

1\ 4



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

HYPERPARAMETER OPTIMIZATION ON HPC omm. Phys. 7.124(2024) 30

ﬁ

» Hyperparameter JURECA SuperﬁQm,Pﬁtér é'fa
optimization S AR
requires large
compute

Ay oyager S(pre

San Dle/go Su (pg

~

M



https://doi.org/10.1038/s42005-024-01599-5

IMPACT OF TUNING Comm. Phys. 7,124 (2024) 31

» Tuning improves particle-level performance dramatically

» Though we optimize a particle-level loss, also achieve better energy resolution

1e5
D) R, = | ete” - — hadrons _
o 1750 || GNN - 2 1.0 PF (M=1.04,IQR=0.11,f,=0.91)  _
-~ [ —— GNN-HPO: = | MLPF (M =0.99, IQR = 0.06, f; =0.93) -
U) i I'|‘ ] g - J' i
» Pl - TF - 2 o8l _
O B \ 7 E u
1250 | Ny — TF-HPO - _ MLPF
C B \\- . = - i
O it N E 0.6 | _
-ICE . - tuning _ i |
O 5 t — 0.4l )
e . unin '
O : n 9 : : _
> s0f - _ _
I ? : 0.2 . -
- . — baseline -
O i i n
I_ i : | | | |
TR T R N R | M | L | L | L | L L T s s S
%97 25 75 100 125 150 00 0.6 0.8 1.0 1.2 1.4

Tralnlng epochs jet PT.reco/PT, gen


https://doi.org/10.1038/s42005-024-01599-5

SCALING

Comm. Phys. 7, 124 (2024) 32

» Baseline algorithm runs only on CPU, scales ~quadratically, runs in seconds

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

Time per event [s]
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https://doi.org/10.1038/s42005-024-01599-5

VARIETY OF APPROACHES 33

Towards a Computer Vision Particle Flow *

)
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HCAL3
~HOALZ Reconstructing particles in jets using set transformer and hypergraph
| prediction networks
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track, extrapolation



https://arxiv.org/abs/2003.08863
https://arxiv.org/abs/2212.01328
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TRACKING (CONNECTING THE DOTS)

35

» Particle tracking is a classic
pattern recognition task

» From a set of hits sampled
sparsely in 3D, reconstruct the
helical trajectories of particles

» Traditional algorithms scale
worse than N? in the number of

hits N

» How about GNNs and
transformers?

0.5¢




TRACKML DATAS ET kaggle.com/c/trackml-particle-identification 36

» More realistic public TrackML dataset used for 2018 Kaggle competition has
O(100k) hits and O(10k) tracks per event

» O(N?) attention or graph building is too slow!



https://www.kaggle.com/c/trackml-particle-identification

LSH-BASED EFFICIENT POINT TRANSFORMER (HEPT) arXivi2402.12535 37

» HEPT: an efficient point transformer based on OR & AND LSH

» No graph construction; only reqular computations

» Assign hash codes using OR & AND E2LSH; physics-aware local
inductive bias: nearby hits in detector share 1D hash codes

@ Hits from a particle

» Sort items based on hash codes; block-diagonal attention ' Track to reconstruct
(" N [Poeekeee] " A
TP (R (ze d| oETTT 5 C 2
C 1O n, O (DO Align | (@) [@] |Block % O (®)
e sseeeeeeen R | — (©) 9] [==——d (®)
O 5 8 ; 8 @O QK |® [6]]Attn O o LSH (@) | Efficient
O R e reeaeeseeneeeneenseen g — @ —
O o 1sH 5O T 3§8 | Loy | O T @ [ | O (®) [Sequence
S B Bl [P O O (®) Model
o~ O : : (@ P
o ° EBHI| 78| 08 7] 1 & ° 5
o | &F R P o[BS | (3 @
8 , 3 ® N AT - x{;’
eeeernnseneeeesene B ceveeneanansenrasaes n n . . .
- 8 o 8 ® T : = Key idea: HEPT projects point clouds
i =1 N e Y. \_ ... . R et i) k al to 1D sequences USing physics_

. O Queries (O[] Noise Q, K . . . . .
i = my Keys @ ® BucketID X Miss Heavy Entries! aware local inductive bias



https://arxiv.org/abs/2402.12535

EMPIRICAL RESULTS

arXiv:2402.12535

38

» Tracking as a representation learning task: learn close embeddings for hits

originating from the same particle

@ Hits from a particle
7 Track to reconstruct

» HEPT achieves SOTA performance and achieves

over 100x speedup on GPUs compared
to GNNs on Tracking-60k (60k hits/event)

Inference Latency (ms)

—_ —_ —_
o o o
N [¢5] e

—
S,

W y

Tracking-6k (APQ@Qk) Tracking-60k (APQk)

F

. —e— GCN
=~ SMYRF

. —%— Performer
[ —— FlatFormer
F = HEPT

Random 5.88 5.71

SOTA GNNs 91.00* 90.89*
Reformer 72.37 72.47
SMYRF 72.98 71.18
HyperAttn 71.49 70.22
Performer 73.17 72.07
FLT 72.55 71.45
ScatterBrain 73.35 72.06
PointTrans 72.33 70.81
FlatFormer 74.22 70.23
GCN 79.61 75.38
DGCNN 90.74 88.66
GravNet 90.11 87.99
GatedGNN 80.98 78.42
Performer-kygpT 71.97 69.20
SMYRF-kgepT 83.19 71.04
FlatFormer-kygpT 88.18 85.06
HEPT 92.661 91.93f

10"; —e— GCN
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HEAR MORE TOMORROW! arXiv:2402.12535 39

» Oral Session: Thursday 10:45, Lehar 1-4 E'l |' "|"I|E
» Poster Session: Thursday 11:30, Hall C 4-9 #407 . ol . ;.::; i--!::'::.l i ;"m I|'
» Paper: arXiv:2402.12535 P .- I |

» GitHub: https://github.com/Graph-COM/HEPT 'H-|. l. . ll"||.|
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https://arxiv.org/abs/2402.1253
https://github.com/Graph-COM/HEPT
https://arxiv.org/abs/2402.12535

HOW DO WE ENFORCE SYMMETRY? arXiv:2201.08187 40

» Lorentz symmetry: physics is the

same no matter which reference I

frame we consider N
t

Softmax

.l

probability

» Lorentz-invariant networks:

Decoding

Dropout

» Boosting all particles into a

Softmax

Average Pooling
new reference frame should B 500 T
. [ [ /y _fy Dro;:;out
give the same result o e —B8 v 00 g
Y Y Fmbedding 1 hL
» Lorentz-equivariant networks: | 00 10 e
, , , \illI 0 O 01
» Boosting all particles into a
new reference frame should Lorentz
give an output that _)bOOSt

transforms the same way

arXiv:2201.08187



https://arxiv.org/abs/2201.08187
https://arxiv.org/abs/2201.08187

MANY APPROACHES i

» Lorentz Group Network [arXiv:2006.04780]:

nonlinearity is tensor product followed by
Clebsch-Gordan (CG) decomposition

» LorentzNet [arXiv:2201.08187] uses structured message passing based on
Lorentz scalars and vectors

» PELICAN [arXiv:2307.16506] builds invariants B
: : : R e e =
and covariants based on pairs of inputs K preor) =0 () -y =otn
Lorentz-invariant Covariants (outputfor PELICAN's “vector form")
plt1 oL+
,// % $‘_\\l K F¥ = Z I <P1 : ---aPN> i
i = k
i é D i Lorentz-covariant
| S I
| o, :_"_"""_"_"""""""""""": X L iterations
Ll e ] c — ;
""" B z""'""";c'z"" . | :
N| Pi*Pj | g l
MLP Sum Pooling () Minkowski Norm & mb : Eqy_,0 MLP
Inner Product N : / : Dropout

Lorentz Group Equivariant Block (LGEB) - Eqg_,p MLP msq Batchnorm


https://arxiv.org/abs/2006.04780
https://arxiv.org/abs/2201.08187
https://arxiv.org/abs/2307.16506

PERFORMANCE AND SCALING arXiv:2307.16506 42

» PELICAN traces Pareto optimal boundary of performance and model
complexity

2500 - .
g { %LorentzNet
11 2000+ -
Wy PELICAN i T
@ - ¢ PELICAN -
S 1500] C L LI
= _ _
QD .
) _ ; BDicCo—FFS B ParticleNet _
2 000! BResNeXt -
E i § EBlP u PFN |
S (MLP)
< _
2 ool EEBIP(XGBoost) _
: mgrp W LGN = TopoDNN
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LEARNING T0 DISCOVER SYMMETRIES? arXiv:2302.00236 43

» Symmetries are fundamental principles ;- . ol .. 5 ol 8
: : : oo o L | Poostalenaz T
N partIC|e phySICS Boost along x :Z:: Hoostalongy ::::: Rotation about z :: . :::

» LieGAN learns a continuous Lie groupthat _ '

o . . . Rotation about x ::: Rotation about y :::
preserves the original data distribution; can
discover symmetries present in the data! C m

000000

» Discovers approximate SO(1, 3)* symmetry in
particle physics dataset

00
X,y

Generator '

) = Discriminator |=—— Real/fake

g p— ezwiLi gx9 gy


https://arxiv.org/abs/2302.00236
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FUTURE COMPUTING NEEDS CERN-LHCC-2022-005 45

Run 3 (=55) Run 4 (u=88-140) Run 5 (u=165-200)
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» Simulation is a key driver of CPU needs for the HL-LHC

» ML can be used to “short cut” simulation


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/UPGRADE/CERN-LHCC-2022-005/

JETNET: A BENCHMARK DATASET NeurlPS 34, 23858 (2021) 46

» Public dataset for benchmarking generative models focusing on “particle
cloud” representations instead of image representations

» Similar idea to ShapeNet [arXiv:1512.03012] "

60 -

» Consists of up to 150 particles per jet T,
with 3 features: (p%el, n', @ 20-

» Available on Zenodo T A
[d0i:10.5281/zen0do0.4834875]

» Part of EAIRSHEP [fair4hep.github.io]



https://arxiv.org/abs/1512.03012
https://doi.org/10.5281/zenodo.4834875
http://fair4hep.github.io
https://arxiv.org/abs/1512.03012
https://arxiv.org/abs/2106.11535

- MESSAGE-PASSING GAN
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NeurlPS 34, 23858 (2021) 47
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» Message-passing GAN can generate realistic particle jets

» Outperforms existing point cloud GANs


https://arxiv.org/abs/2106.11535

INDUCED GRAPH ATTENTION & METRICS

PRD 107,076017 (2023) 48

» Induced graph attention
N x 3 [ X

particle transformer (iGAPT) . e
more efficient than MPGAN,J.

—

N/

et features [ z

but how to compare them?

» Metrics developed to comprehensively
evaluate generative Al models in HEP

» Fréchet Physics Distance: Inspired by
Fréchet Inception Distance with physics-
based features

Inference time

FPD x 10° (us) per jet
Truth 0.08 = 0.03
MPGAN 0.30 £ 0.06 41
GAPT 0.66 = 0.09 9
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http://doi.org/10.1103/PhysRevD.107.076017

IMPACT OF JETNET

»Sparked significant R&D into equivariant models,

diffusion models, and more!

Pay Attention to Mean-Fields during Particle Cloud

CaloClouds: Fast Geometry-Independent
Highly-Granular Calorimeter Simulation

Erik Buhmann', Sascha Diefenbacher!?, Engin Eren?,
Frank Gaede®*, Gregor Kasieczka'#, Anatolii Korol**,
William Korcari!, Katja Kriiger?, Peter McKeown?
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EPiC-GAN: Equivariant Point Cloud Generation for Particle Jets

Erik Buhmann'*, Gregor Kasieczka'*? and Jesse Thaler>*
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2 Center for Data and Computing in Natural Sciences (CDCS), Hamburg, Germany
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Fast Point Cloud Generation with Diffusion Models in High Energy Physics
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! National Energy Research Scientific Computing Center, Berkeley Lab, Berkeley, CA 94720, USA
2 Physics Division, Lawrence Berkeley National Laboratory, Berkeley, CA 94720, USA
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THE FUTURE OF PARTICLE PHYSICS

» We have been considering what should come
after the HL-LHC...
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ML TO OPTIMIZE DESIGN DETECTORS 52

» ML has the promise to help us optimize the design of future colliders and
detectors

» Need all aspects of simulation chain to be implemented with differentiable
programming [arXiv:2002.04632]

» Check out Differentiable Almost Everything Workshop

400 Frame: O

Simulation Simulation ; é

Inputs Forward pass Outputs
xl yl —-400
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X2 2 .

X Y3

. .3. Backward pass ) O
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dyj

o0x
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https://arxiv.org/pdf/2002.04632
https://differentiable.xyz/

A HEP FOUNDATION MODEL? 53

| CMS Experiment at the LHC, CERN
' i Data recorded: 2016-Aug-13 16:51:13.749568 GMT TaSkS
=

Run / Event / LS: 278803 / 465417690 / 259 Data
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Particle-Flow
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SELF-SUPERVISED LEARNING IN HEP

54

» Many studies implementing CS-
and physics-inspired pre-training
strategies
» JetCLR [arXiv:2108.04253]

» Masked particle modeling [arXiv:2401.13537]
» Resimulation [arXiv:2403.07066]

» GPT [arXiv:2403.05618]
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SUMMARY AND OUTLOOK 55

» Dizzying array of ML opportunities, innovations, and
applications in particle physics experiments

» ML can help us solve major challenges for the next
generation of particle physics experiments

» So we can (hopefully) get answers to our
big questions
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What is our universe made of? _ g

matter
ol s ar . 5%
What are the smallest building blocks of nature? e +

How do they interact with each other? .

s our universe stable? e

687

Dark
energy
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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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