a TRAXRLCENYMT F
Institute of High Energy Physics
= Chinese Academy of Sciences

News from CHEP2023
for Al in HEP

Wenxing Fang (IHEP)

lhep-ml-innovation] weekly meeting (2023.06.01)



Overview of the ML talks

Interpretability Data compression

Fast sim.:9 talks _
Uncertainty <~ General JetNet

Tracking: 6 talks

Generator— Detector sim. SOFIE Active Learning
Offline ‘ :
reconstruction —  Analysis
Vertex
LL Approximation
Data PID: 3 talks

Clustering: 2 talks Inferring signal strength

Trigger: 2 talks FPGA: 3 talks on:
gg TAITPC: Vertex Anomz;l;;alljkestectlon.

Continual Learning: 2 talks _ L
End-to-End Hit classification



Fast simulation



Fast simulation

Wall clock consumption per workflow

ATLAS aoce ® Geant4 calo simulation is

a significant part of ATLAS
computing budget

Other (4%) Muon Sys (2%) - CMS will face similar needs
e QUsysy Sinmeny with HGCAL in HL-LHC

Subdetector CPU fraction for 50 ttbar events
ATLAS CPU hours used by various activities in 2018 MC16 Candidate Release

A ICMISPulec P R R o o

ool = y | * For HL-LHC, computing

3 s simulation more crunched

g 20 ~ Reconstruction usage will

§ to00of scale ~linearly with pileup
— less resources for sim.
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Fast calorimeter simulation (GAN)

The GAN

Conditional WGAN-GP

Generator
Output

Latent
Space (50)

Discriminator
Output Dense Dense Dense Dense

— NVoxel NVoxel NVoxel NVoxel

Linear RelU RelLU RelU

G 50 (Input latent Space), 50, 100, 200, NVoxel (pid and n dependent)

D NVoxel, NVoxel, NVoxel, NVoxel. |

Activation function | ReLU (in all layers)

Optimiser Adam [21]

Learning Rate 1074

p £ 05 NVoxel depends on PID and
Batchsize 128

Training ratio (D/G) | 5

Gradient penalty A 10

08/05/2023 Michele Faucci Giannelli 5



Fast calorimeter simulation (GAN)
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Fast calorimeter simulation (GAN)

Photon shape
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stage was able to have great performance for pions, so much as
to be used in AF3

particles and will be extensively used in Run3 fast simulation
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Fast calorimeter simulation (Diffusion)

« Diffusion has become the dominant paradigm for ML
image generation

- Dalle-2, Midjourney, Stable Diffusion, etc

» Easy training, high quality results, reasonable computation

times “Al aiding physicists at LHC to analyze data
and discover new particles”

’\s" \




Fast calorimeter simulation (Diffusion)

2006.11239 NSteps typically ~few hundred

Poxt1|xt
O, 0 "0 ~Cp

‘~-—’

o lefu5|on process: Startlng with some image, |terat|vely add
Gaussian noise, eventually reaching pure noise

e Train a model to invert the diffusion process

* Generate by starting from noise image, iteratively denoise
using trained model

e Can condition on additional input information
- Eg. text prompt or incident particle energy



Fast calorimeter simulation (Diffusion)

 Community challenge to compare
generative models for Calorimeter

simulation L’ o
» Standard datasets to allow = \

comparison

- Dataset1: ATLAS-like geometry, 5 layer ; o iammns
cylinder with irregular binning, 368 °
voxels

- Dataset2: 45 layers, 6480 total voxels 1
- Dataset3: 45 layers, 40,500 total voxels

50j




Fast calorimeter simulation (Diffusion)

* We train diffusion models to generate “Gaussian Geant

synthetic calorimeter showers based on  Noise” Shower Shower
400 Diffusion

Steps

Geant simulations

* We use 400 steps to interpolate from real
shower to Gaussian noise
* Denoising network is has ‘U-net’

architecture based on 3D convolutions
— Primary input: Noisy shower
- Conditioning inputs: incident particle energy

& diffusion step EZ
» Training objective normalized noise | ( — 4
component of the shower sd 2L BRI
- Denoising = subtracting noise off U-nets compress to a
« Several novel optimizations utilized smaller dim space but also
include skip connections .

11



Fast calorimeter simulation (Diffusion)

Energy deposited in layer 0 Energy deposited in layer 2 Energy deposited in layer 12
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Fast calorimeter simulation (Diffusion)

Dataset 2 (6.5k voxels)
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Fast calorimeter simulation (Diffusion)

* Train a NN classifier to distinguish between
Geant showers and CaloDiffusion showers

e Quantify sample quality based on AUC on

holdout set)

Classifier Very similar showers!
AUC *

~ Additional metrics in backup

*Preliminary numbers, somewhat dependent on exact classifier training setup 13

14



Fast calorimeter simulation (Diffusion)

« Some “global” properties (ie total shower energy), can
still be improved

- Hard to specifically optimize in diffusion training
- Will try batch-level MMD loss

« Generation time is slower than other ML approaches
b/c of iterated generation (still faster than Geant)

- Can be improved with different sampling algos,
compression, or distillation methods

- Or start generation from approximate shower instead of
pure noise (“Cold Diffusion”, 2208.09392)

* Extend to more complicated geometries e.g. CMS HGCal

Geantd
[ Diffu

Dataset 2

Noise

“Consistency Models” distill
diffusion model to allow ~few
step generation

14
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Fast calorimeter simulation (Diffusion)

CaloCloud diffusion model

from regular grids to point clouds

+ regular grid models like WGAN or BIB-AE show very high
physics fidelity - yet they have two problems:
* low occupancy -> lots of superfluous compute

* projecting energy back into realistic detector cells
causes artefacts

+ are point clouds a “way out” ?

2%

04

DESY. Frank Gaede, CHEP 2023, 8.05.23

S.Luo, W.Hu: Diffusion Probabilistic Models for

3D Point Cloud Generation, arXiv:2103.01458

Shape Latent

2331,

|
| gu(2|X©)
1

g(@ ) N

* recently many publications using point clouds
and diffusion models

+ can we adapt this to our HEP calorimeter use

case - using much higher granularity provided

by individual Geant4 steps ?

11
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Fast calorimeter simulation (Diffusion)

CaloCloud diffusion model

model architecture

+ training of PointWise Net with EPiC Encoder (e-Print:
RV +% 2301.08128)

* inference uses two additional flows for number of space
EPIC PointWise | 777 points, calibration and latent space

Encoder Net diffusion

>
>

Predicted Noise I— Initial noise 148

i\ Z

B Ny',»I Generated Shower 5 ¢ 5 o i “‘,,@\-
“o) ¥ %y o =5 2y % . &
-~ ' d 3
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Calib:ation ¥

ti tg to i

PointWise & T diffusion ; 3

Net steps
)/"'/ ‘\““\\‘ Y \“‘\\ i’ N s
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DESY. Frank Gaede, CHEP 2023, 8.05.23 13
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Fast calorimeter simulation (Diffusion)

CaloCloud diffusion model

performance

full spectrum

full spectrum

107 [ GeanT4
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g
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8000
Hardware Simulator | Time / Shower [ms] Speed-up é 6000
CPU GEANT4 4082 + 170 x1 _g
@ 4000
CALOCLOUDS 3509 + 220 x1.2 ¥
2000
GPU CALoCLOUDS 38+3 x107

improvement of timing
focus of future work

DESY. Frank Gaede, CHEP 2023, 8.05.23

full spectrum

* observe overall very good physics

103 . .
— fidelity on photon sample
B ~—— CALOCLOUDS
D
2410°
5 « first successful application of diffusion
g 10 models to (high granular) calorimeter
= simulation using point clouds
10°
0 10 20 30 . 1 .
layers preprint will be available soon...
full spectrum full spectrum full spectrum
10000 6000 [ Geant4
— CaLoCLouDs
, 8000 "
% 6000 %’4000
= =
S 4000 -
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-2 0 2 g 38 40 42 . 1900 1950
center of gravity X [mm] center of gravity Y [mm] center of gravity Z [mm]
14

18



Fast calorimeter simulation (Normalizing Flows)

Normalizing Flows:

generative model for pdfs!

Z1

Z

What we know
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FullSim data, pdf unknown!
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log(pa(x)) =|log(pa(f " (x)))|+{log (det J -1 (x))
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Fast calorimeter simulation (Normalizing Flows)

International Large Detector (ILD)

® proposed detector for the ILC

® has two sampling calorimeters oo Yoke/Muon
® electromagnetic calorimeter
® 30 layers, 5mm x 5mm cells ' co
® hadronic calorimeter oA
® 48 layers, 30mm x 30mm cells " ECAL
- 1re
Vertex
dataset?: 1 e
® photon showers in ECAL AN N
® 30x30x30 voxels graphics taken from “ILD: Design Report”?
LErik Buhmann et al. Getting High: High Fidelity Simulation of High Granularity Calorimeters with High Speed. 2021. arXiv: 200505334, 20

2|LD Concept Group. International Large Detector: Interim Design Report. 2020. arXiv: 2003.01116.



Fast calorimeter simulation (Normalizing Flows)

Architecture

* based on CaloFlow® and L2L Flow*

® one layer flow aver flovr 1
® |earns distribution of layer energies
® conditioned on incident energy

® flow 1 -

30 multiple flows

® |earn shower shape in layer = flow?2 |
® conditioned on

® incident energy
® layer energy
®  privies layers

® summary network reduces cardinality flow30 |-
® generation
. s j
sample layer energies using layer flow rescaleing
® sample shower shape using multiple flows
® rescale voxel energies
3Claudius Krause and David Shih. CaloFlow: Fast and Accurate Generation of Calorimeter Showers with Normalizing Flows. 2021, arXiv: 2106.05285. 21

4Sascha Diefenbacher et al. L2LFlows: Generating High-Fidelity 3D Calorimeter Images. 2023, arXiv: 2302.11594,



Fast calorimeter simulation (Normalizing Flows)

Upscaling

10°

. ® scaling up to 30x30x30 voxels

® switch to convolution flows
® using multi scale architecture like in Glow®

1072

Energy [GeV]

10-3

® faster generation

101 i
® |less weights
® more accurate showers

1°
® improve training
® apply gradient clipping
® add LR scheduler
® features in energy spectrum are smeared out
— apply element with function to get them back

10!

1072

Energy [GeV]

z [layers|

10-3

101

25

0 5 10 15 20)
x [cells]

photon shower

JAdalad.

5Diederik P. Kingma and Prafulla Dhariwal. Glow: Generative Flow with Invertible 1x1 Convolutions. 2018. arXiv: 1807.0

22



Fast calorimeter simulation (Normalizing Flows)

Number of showers
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Fast calorimeter simulation (Normalizing Flows)

Calo Challenge
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Fast calorimeter simulation (Normalizing Flows)

Timing
Simulator Hardware Batch size time [ms|]  Speedup
GEANT4 CPU 1 4081.53 =+ 169.92 x1.0
BIB-AE CPU 1 102.25 + 0.64 x40.0
10 3781 4+ 0.13 % 108.0
100 48.51 4+ 0.01 x84.1
1000 48.19 + 0.01 X 84.7
Flow CPU 1 1746.61 + 64.50 x2.3
10 39261 + 0.34 x10.4
100 22886 + 7.09 x17.8
1000 27555 + 3.01 x14.8
BIB-AE GPU 1 7422 + 3.18 x42.5
1000 0.249 £ 0.002 x16326.1
Flow GPU 1 2471.07 £ 70.20 x1.7

1000 339 £ 0.09 x1202.3

25



LHCb ultra-fast simulation with Lamarr

Fast simulation VS. ultra-fast simulation m o

X ’ . . Detailed Simulation
Fast Simulation technlques aim to SDEEd up the T Ea";s’s’;"'""""'"""""I;a't';;riocessing
Geant4-based simulation production: Niaanaorl simutation E
i e.g. Pythia8 Geant4 Event Reco E Dechy Reco
= Simulation framework upgrade (see first Michal's talk) e — f |
m  Reducing the detector geometry (eg, track-only sim)
m Reuse of the underlying events, ReDecay [2] @ oo oo o SRS SSER R

i Gauss* Data processing |

m Parameterizing energy deposits instead of relying on i - i E
PSS 8 fl conormeor | osimuason W evencroco J oecaymeco [N

Geants (e.g, shower libraries [3] or CaloGAN [4]) ! ! -

Ultra-Fast Simulation strategies replace Geant4 with
parameterizations able to transform generator-level Dt sl

particles into analysis-level reconstructed objects [5].
! e.g. Pythia8 -Geant4-/ params '

_________________________________________________

* Gauss is the LHCb simulation framework based on Gaudi [1]

M. Barbetti (University of Florence) CHEP 2023 » 08/05/2023 11



LHCb ultra-fast simulation with Lamarr

Lamarr: the LHCb ultra-fast simulation option

Lamarris the novel ultra-fast simulation framework of LHCb, able to offer the fastest options

for simulation. Lamarr consists of a pipeline of (ML-based) modular parameterizations
designed to replace both the simulation and reconstruction steps [6, 7].

Lamarr is integrated with the LHCb simulation framework:

m compatibility with all the LHCb-tuned
generators

Geometrical
acceptance

amarr

Modular pipeline

Tracking
efficiency

Tracking
resolution

Propagation in
magnetic field

m compatible with the distributed
computing middleware (LHCbDirac)
and production environment

v

Charged particle
identification

Neutral object
kinematics

MNeutral object
identification

m able to provide datasets in the same
format used for analysis

M. Barbetti (University of Florence) CHEP 2023 » 08/05/2023
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LHCb ultra-fast simulation with Lamarr

Tracking system models

HepMC
events

Propagation in
the magnetic field

4

Geometrical
acceptance

GBDT-based model
. J

r

Tracking
efficiency

MLP-based model
. ,

r

Tracking
resolution

GAN-based model

Lamarr
Tracking pipeline

M. Barbetti (University of Florence)

Lamarr parameterizes the LHCb Tracking system
mostly relying on a set of (ML-based) modules:

acceptance — predict which of the generated
tracks fall in the geometrical acceptance of the
experiment

efficiency — predict which of the generated
tracks in acceptance are properly reconstructed
by the detector

resolution —  convert the generator-level
parameters of the reconstructed tracks into
analysis-level ones,

features

including  track-quality

A major effort is ongoing to model correctly the
Tracking system in function of the type of tracks.

CHEP 2023 =« 08/05/2023

Number of Hadrons /(120 mm)

LHCb Simulation Preliminary nei2.7,3.5)
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y
a B gz -1
]
1] " ' ’
- w5 ] i
0@’ =
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il n 1 n 1 n 1

05 10 L5 20 25 30
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LHCb-FIGURE-2023-008 M

LHCb-FIGURE-2022-004
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LHCb ultra-fast simulation with Lamarr

Particle identification system models u

RICH detector
The high-level response of the LHCb PID system relies on inematic params
Generative Adversarial Networks (GAN) [8, S] trained on either
detailed simulated samples or real data. Detector occupancy
MUON detector p";-a']"arl'_'
H H GAN-based model ipeline
Lamarr provides RICH and MUON models for for muon, pion, — . PP
kaon and proton ftracks based on the kinematics of the
reconstructed tracks and a description of the detector occupancy. _ LHCb Preliminary Muon and proton tracks
50025 2016 MagUp muon (data) g
E —— muon (model) C,)
. . . f . g | proton (data) ~
This information alone aren't enough to parameterize the Global PID 2 — proton (model) | O
- = ™~
variables, that also need the response of the RICH and MUON systems. goov "
Hence, Lamarr provides the higher-level response of the PID system relying ooi0f 3
LL
on a stack of GAN-based models. e &
5
0.000 =100 —‘%0 0 SIO ICIJO
Combined Differential Log-Likelihood (- p)

M. Barbetti (University of Florence) CHEP 2023 » 08/05/2023



LHCb ultra-fast simulation with Lamarr

Electromagnetic calorimeter model

Parameterization of the LHCb calorimeter available in Lamarr designed

or detector studie not suitable for simulation production

Improving the ECAL models is a necessary step if we want that Lamarr
provides reliable parameterizations also for photons and electrons.

Simulating ECAL with an ultra-fast approach requires to face the
particle-to-particle correlation problem:

m sequence of n generated photons — sequence of m reconstructed
clusters (in general, with n # m)

m approached as a translation problem

Two strategies are currently under investigation:
m  Graph Neural Networks (GNN) [10, 11]

m Transformer[]12, 13]

M. Barbetti (University of Florence) CHEP 2023 » 08/05/2023
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LHCb ultra-fast simulation with Lamarr

Lamarr validation campaign .

LHCb Simulation Preliminary [—_] Pythia8 + Geant4

: . . . . . . Protons from A) = Af g~ ¥, -~ Pythia8 + Lamarr
Lamarr is currently under validation, comparing the distributions of Bl Ty ] T .
the analysis-level reconstructed quantities parameterized with ém 3 3
what obtained from Detailed Simulation. Russt is O
Z .
- . = . ’ 100 F 12
= semileptonic decay mode: A} — Ay~ Xwith Al — pK = I &
sof 18 2
o crucial the interface with LHCb-tuned generators ; 5 9
of id o
1 1 1 1 1 ™~
. X 2200 2250 2300 2350 240’0 >
m muons, pions, kaons and protons in a single decay Apmass eV
[ad
o all particle species for which Lamarr provides parameterizations LHCb Simulation Preliminary [ Pythis8 + Geantd 2
Protons from Ay = A7 p~ Ty -~ Pythia8 + Lamarr =
o o Sl S i
m Lamarr-based samples, detailed simulated samples and plots 2 =
. . r=; @ 3] = =]
obtained from the LHCb analysis software g -
o testing the integration with the current version of Gauss %40 g 12
;
20 - é ”
U ! ! 1 =l 5:
3000 4000 5000 6000 i|
m(A} ) [MeVic?)
=

M. Barbetti (University of Florence) CHEP 2023 = 08/05/2023 EE



LHCb ultra-fast simulation with Lamarr

Preliminary timing studies

Lamarr timing performance*

E 800 -
Comparing the normalized CPU spent for Geant4-based and gm_ e —— e
Lamarr simulations of A) — A';~ X decays we estimate a 5, | T mtaton ghae
CPU reduction of two-order-of-magnitude for the Simulation g
phase. P
oo Qv@‘\fﬁ‘\?@‘@@wﬁ@fp vﬂ‘ﬁovﬁ‘ 3
Since the generation of b-baryons is exceptionally expensive, * data obtained from the LHCPR portal [14]
Pythia8 becomes the major consumer of CPU for simulation
in the ultra-fast paradigm. LHCb Simulation Preliminary  £=J Py + Geans

Protons from A} — Af g~ vy, =+ P.gun+ Lamarr
e i o e o e e o T B

i

A further speed-up can be reached reducing the cost for
generation, for example simulating only the signal particles
(i.e. with Particle Guns) and avoiding at all the simulation of the
pp collisions, not needed since Lamarr models the detector

occupancy. 0 2200 250 2300 2350 2400
AF mass [GeV/e?]

4

Normalized candidates
]
L

[~
g
3
T
PR
Conditions: 2016 MagUp

LHCb-FIGURE-2022-014

Lamarr will never replace the Geant4-based simulation, but may provide soon a precious
tool to reduce the pressure on CPU of Detailed Simulation. Lamarr is designed to meet
most of the needs for simulation of physics groups, from designing selection strategies,
training multivariate classifiers, to studying systematics or correlation effects.




Refining fast simulation using ML

INTRODUCTION

» FastSim advantage in speed comes at the price of decreased accuracy in some of the final observables

(N.B.: standard analyses use

GEN > SImM 2> DIGI = RECO > AOD > NanoAOD
further processed data formats Event Detector Digitization Reconstruction  “Analysis further
generation simulation Object Data” proces?ed
e.g., AOD or NanoAOD) analysis format
» Aim: increase FastSim accuracy to promote its wider usage A
>
. . . W
» Possible FastSim tuning approaches: o -
>
* Internal tuning of functions/parameters (within SIM/RECO) E FullSim £ ML
= Post-hoc tuning (after NanoAOD)
= Reweighting = defining weights for individual events/objects/... Fastsim
e.g., DCTR introduced in arxiv:1907.08209 >
= Refining = changing (high-level) observables Speed
e.g., Wasserstein-GAN for air showers in arxiv:1802.03325
Refining fast simulation using machine learning — Moritz Wolf 3
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Refining fast simulation using ML

INTRODUCTION

FullSim

* Focus on jet flavour tagging: 4 NanoAOD Deeplet discriminators:
FastSim

Jets

b+bb+lepb, c vs b+bb+lepb, c vs uds+g, g vs uds
»B »CVB* »CvL” »QG*“
(Deeplet NN softmax output nodes: b, bb, lepb, ¢, uds, g; arXiv:2008.10519)

» FastSim/FullSim discrepancies O(10 %)

Discriminator

Training sample: SUSY simplified model , T1tttt"
simulated with FastSim and FullSim

Jet2

(same GEN events, no pile-up) GEN Fast Full

» Match jets using AR angular criterion
» Jet triplets: (GEN, FastSim, FullSim)

Refining fast simulation using machine learning — Moritz Wolf *AR = Anz + Aq02< 0.2 5
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Refining fast simulation using ML

MMD: Maximum Mean Discrepancy (ensembles)
MSE: Mean Squared Error (jet-jet pairs)
MAE: Mean Absolute Error (jet-jet pairs)

REFINING (REGRESSION) — LOSS TERMS

= Primary loss: (distribution-based) given two Samp'es'crf’m P(X) and Ql¥ )1 m m y B m
MMDPQ) = sz $1!$] 5 Zk yuyj 7% kﬁe:yj
= Comparing ensembles of jets not jet-jet pairs =1 =1l =1t

n = m = batch size = 4096

= To cope with independent stochasticity in both simulation chains k: Gaussian kemel (adaptive o)

» Additional loss: MSE/Huber (output-target pair-based) = correct for deterministic FastSim biases

_ Jo.5(@. - Un)? if |z, — yn| < delta
" | delta * (|2, — yo| — 0.5 * delta), otherwise

= Use Huber loss: (combination of MSE/MAE, less sensitive to outliers)

Input Output Target
o0 4x Residual Block o
c
= =
xFast @ ﬁ xRefi. xFull
8 LeakyReLU LeakyRell b
[« Dropout Dropout ~ (o]
5 d :
=N -
(] v
o ° T T
Q. identity (- L] MSE I
y N.B.: include parameters
| in MMD to take account
of correlations
Refining fast simulation using machine learning — Moritz Wolf 8
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Refining fast simulation using ML

REFINING (REGRESSION) — RESULTS

CMS simulation Preliminary (13 TeV) CMS simulation Preliminary (13 TeV)
« F T T T I 0 0.18F T T T T
2 o5 P FullSim 7 = o6F FullSim ]
5 % — Fastsim S E— 3 b tag binned by working point
L2 g4l R - S E o B
‘g 0.4~ FastSim Refined - ‘g 012l FastSim Refined E CMS Simulation Preliminary (13 TeV)
& | ] ,_,':01: 7 @ o9 T T T T
03 E ] 2 E 7 FullSim ]
g 3 oosp 3 5 08[ =
r 3 F 3 E FastSim .
0.2 7 0.061— = c E 3
r 3 E 3 o 07 i ' =
F 1 0.04 - © = FastSim Refined .
0.1~ ‘j ] E i T 06 -
. 3 0.02[ = o 3
ok L L | 0 E T 7 L L j
Elg"3F o glg'?r rr,-Fr E g
92@ 1+ S R ] 92@ 1+ -I‘w-..,u- - = . =
[ = T el I B o= R S teselpyiitng JU—— ] ]
Wity gk 4 wlggb i =
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 i -
DeepJet b+bb+lepb Discriminator DeepdJet ¢ vs b+bb+lepb Discriminator -
CMS simuiation Preliminary (13 TeV) CMS simulation Preliminary (13 TeV)
" E T T T 3 @ E T T T T
Bo022F ~—— FullSim = So07F ~ FullSim G AN AN R AR AN RAA NN AN A 7
5 02 . 34 % E i E : : - - ; : : 5
FastSim E FastSim il 4
So.18) - §005 £ E1'1: E
"g 016 2_ FastSim Refined _2 'g 00sE- FastSim Refined @ ‘ZJ 1 -— E
o4 4« F 9> ]
(RFI= = Witoob L =
oneE. ERRLOS 0 01 02 03 04 05 06 07 08 09 1
006E 3 = DeepJet b+bb+lepb Discriminator
0.04— — E , ' :
002 — F H H
oF E g loose  medium tight
10% mis-tag 1% mis-tag 0.1% mis-tag

o
T

o

o

T
|

0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
DeepJet ¢ vs uds+g Discriminator DeepJet g vs uds Discriminator
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Refining fast simulation using ML

REFINING (REGRESSION) — RESULTS

FullSim

Pearson
correlation
coefficients

relative
difference
to FullSim

QG | 0.07 -0.M 0.08 -0.01

Cul _0.19 -0.22

cvB :!.24 0.12 -0.95
B _0.23 -0.19 1.00

GEN Flav.

GEN [n|

GENp,

QG

Cvl

CvB

B

GEN Flav.
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GEN |

GENp_

. 0.21

CMS simulation Preliminary
T T I T I
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! 1 1

-0.85 0.87 gy

1
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© oo o o
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oo o Q9
@ @ B

1 - 1,y (FullSim) / rxy(FuIISim)

m
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GEN fn|

GENp,

GEN Flav.
GEN ¢
GEN |

GEN P,

FastSim
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-0.23 0.1
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. -0.21

CMS Ssimuiation Preliminary
I T I ] T
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-0.95
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1]

FastSim Refined

CMS simuiation Preliminary (13 TeV)
T I T T T I
QG | 0.07 -0.12 0.09 -0.01 QK] 0.8
cvL | 0.19 -0.22 0.87 0.6
cve [-0.24 0.12 -0.95 1.00 0.4
5023 -0.19 1.00 -095 0.87 0.2
0
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GENp, 023 -024 019 o007 | 8
| 1 1
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T T T T T
QG -0.09 -0.12 K]
] 0]
o 0.01 0.6
CvB -0.01 0.4
s 0.2
= 0
GEN Flav. | =0.01 0.01 -0.12 0.2
GEN ¢ -0.4
GEN I -0.08 [\=(-0.6
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Track ldentification for CLAS12 using Al

O CEBAF Large Acceptance Spectrometer
(CLAS12) Located in Hall-B at Jefferson Lab

CLAS12 Detector

e S > 2 super layers in each region > Charged particle tracking is computationally
%%%%Oo% Q%%%%%% » 6 wire planes in each super layer  extensive (about 80% of data processing time)
5 GOGOOeRoottD  with 6-degree tilt relative to each » The multi-particle final states produce
& 0o00c000e0000600  Other, (112 wires in each plane) numerous clusters in each sector which have to
' %%%%%%O %%%%%% > Clusters in each super layer are be analyzed to find the right combinations of
%OOOOOOOOOOO OOOOOOOOOOOO considered part of the track clusters that form a track
0000000 QUUOD  trajectory >

Identifying correct cluster combinations can
\ speed up the tracking process and improve
efficiency

FTOF

scattered
electron

0 20 40 60 80 100 O 20 40 60 80 100 (
/ Wire Number Wire Number

\‘,‘..
‘."\
W \ H *% T 3
\ g s % a) ., o8 b)
\ \ | L] ® e | . e e e
BAND .‘ \ 30 2.° & o g 2’ B8 e
| W \ [ ] [ 1] ® ue = [ ] [ ]
\ : - N 33 7 IR
I \ ‘l" ) 5 24 i g [ ® ° " (2£(' g mﬂ.‘%{.
: > . & % . ¥
_— Sgk g . o %o L o9 s % .
Q - . - s
B, . ; . 3 o
2-¢° ¢ .2 B T
ET=1 i i I $HE S,
brg & 8 . B gr 23 —3°
3 e . «“e I“(. .8 (]
% H e °° - I
|® | ® | | 1 | | ®oe | o8 «e |

G.Gavalian (Jlab) CHEP 2023 (NORFOLK)



Track ldentification for CLAS12 using Al

Physics Results -

- » True tracks are identified by conventional algorithms from real data.
e » One negative and one positive track (different curvature due to
></'/ magnetic field)
—— | \ > False tracks are constructed by interchanging randomly one or two
7 e clusters with the clusters from the other track in the event
S e
> The average wire position in each %, ||/~
super layer is used as an input to ks N Output Layer
Multi-Layer Perceptron (MLP) E
= ]
> The network is trained on 6 inputs 2 TN
and produces three outputs: i A . A
X - track
> False track 8 T
: = /i\\,//\ l
> Negative Track g |/ N
> Positive Track 3
f T
£

G.Gavalian (Jlab) CHEP 2023 (NORFOLK)
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Track ldentification for CLAS12 using Al

Corruption Auto-Encoder 6

* An auto-encoder is composed of an encoder and a decoder sub-models. The T .. .—_"‘-«.\
encoder compresses the input and the decoder attempts to recreate the input e Trai ning Sample for Auto-Encoder ™=
from the compressed version provided by the encoder. S S
» Typically used for de-noising, but can be used for fixing glitches (our case). ™ [
Input Output * .| .__-‘\""-\_
\ \
\'\ \
™ Inpuc Output ™
— _r\\ ~ - /;: —
N Vo i H\\\
]\ >~ Code - ]
/ \ e /
™ =\ \:\ - N N
— / / —
\, \ / N\ y \
-] | f\ /< >\ /\ | o
——, — 7\ /N AN / \ | —1-“‘\
A /o ~_\ / | ™
N KA IV ~a \\ N
> L/ - 7 S N \\ L I
. .. 1.7
> The network Predicts the missing cluster o S
ags . e . -— e
position with a precision of 0.36 Wire T — — N
Encoder Decoder \.\
Inference of missing Segment: u= —0,058, o= 0,356 5 o o I~
1.2
él.ﬂ ! 80 — |
7 o B
5 ] ™~
- 0.8 3 60 \‘\ \\
%D.ﬁ [ ™~
% 0.4 ”
' N » Use Auto-Encoders to fix the missing cluster (provide a position)

2
o

-6 -4 -2 0 2 4 6 0

Predicted Value - True Value

» Good reconstructed tracks are used to generate training
samples by removing one cluster from each super layer
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Track ldentification for CLAS12 using Al

Putting things together

\AS v/ V/ /S \_/

XY ) f f N/
3\ | A
< ; e e ot

i

Construct pseudo-

Classifier picks Remove all lusters for all 5 Identify tracks Voilal
the correct track clusters belonging clusters Ior a using 6 super ofla:
from 6 super-layer to identified track stperiayer layer candidates

combinations using
Corruption Auto-
Encoder

combinations with pseudo-

clusters




Track ldentification for CLAS12 using Al

Physics Results [ & ]

Al-assisted track candidate classification and Inefficiency Reduction Auto-Encoder
ep — e/t (X) ep = e/ntr™ (X)

» Single particle efficiency increases by ~10%.

» The impact on physics for a multi-particle
final state is dramatic (20% for the two-
particle final state and ~35% for the three-
particle final state)

» The tracking code speedup is ~30%.

3 with Al 3 with Al
. Hl conventional . W@ conventional

1.2} ¢ Conventional Tracking
@ Al assisted Tracking
¥ Ratio of efficiencies
1.1}
0.5 1.0 1.5 20 25 30 0. 05 1.0 1.8 20 25 30 >
Mx(e—+e'n"X) [GeV] Mx(e=e'n"nX) [GeV)] & 10
1.6 1.6 i g "
15} [ 15 ]‘ ; b
i r | Mo . AR oo L s 0.9
s Il LAEILL L6 s B diosaptoidlil] 2
o 13|l |. “l 'o. o 13 I‘:',-y; & TaRle . e ¢ S
S 1.2 H o ﬂan"'*.:a':.:.'.‘:.:.f.g..:v:.r.,;.:'.'a.r.;a.:.-..a«n.:.ao.am 12t “ =os}
ERY! il t “aat i
|
3.2 'l | ,I. ;-2 |“ 07} =1.00+-0.0040x
0.8 H i . . ” " . 08 l [ " ’ " f=1.00+-0.0022x
0.0 0.5 1.0 1.5 20 25 30 0.0 05 1.0 15 20 25 3.0 0.6 . + L L L " .
Mx(e— e'n*X) [GeV] Mx(e— e'n*mrX) [GeV] o 10 2 0 40 S0 60 70

Beam Current (nA)

G.Gavalian (Jlab) CHEP 2023 (NORFOLK)
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Track ldentification for CLAS12 using Al

De-Noising ]

RAW DATA GROUND TRUTH De-NOISED
» Convolutional Auto-Encoder is used to de-noise ! ' ! '
raw data from drift chambers. 2 3 7
» The network is trained on reconstructed data with ' %9 " .
track hits isolated from raw DC hits. 2 v ) '
» The network 1s able to 1solate hits that potentially 5 * X
belong to a valid track through drift chambers 9 & t g (!,
= 1,7 I
I ; { 1 ll )
= ' }
: W/ : \ {
V ‘_l _'l 2 © @ B 00 0 b «© &0 80 o0
A Network Performance Summary
]
' - B mants 5 ents & ent
l +++ 104 W dseq @ Ssegm W & segm
"" - 0 + + + 08
f :' ge:w @ H& reconssruction efficiency 04
l ‘ £ 0 ® Nose reduction efficency -
s 20 02
e gy )

40 S0 &0 70 80 90 100 10 45nA S0nA  SSnA  S0nA  100nA 110nA
Beam Current (nA)

G.Gavalian (Jlab) CHEP 2023 (NORFOLK)

44



Track ldentification for CLAS12 using Al

De-Noising Results (simulation)

» The reconstruction is run on simulated data with a merging background for different incident beam currents

(luminosity)

» The simulated three-particle final state is analyzed to measure yield for de-noised data and for conventional

1000
800 2 —e— conventional 45 nA
45 nA ] conventional 45 nA
400 [] de-noised ai 45 nA
400 ~
200 4

7004 b)
95 nA

. ] 1 ] 1
-e— conventional 45 nA

5] conventional 95 nA
[] de-noised conv. 95 nA

0.80 0.85

G.Gavalian (Jlab)

—e— conventional 45 nA
EX] conventional 150 nA
[] de-noised ai 150 nA

1
0.90 095 1.00

T 1 L] I

105 110 115 1.20
Mx(en*n) [GeV]

1.2¢8

Reconstructed Fraction

o
£
1

0.2 1

- conv/OnA d)
- denoised conv/OnA
- denoised ai/OnA

- ai/OnA

0.0 4
40

M
Ll T T T T

80 100 120 140 160
Beam Current (nA)

» At standard running
luminosity, the de-noising
slightly increases the yield
compared to Al-assisted
tracking.

» With increased luminosity,
the de-noising helps to
increase the yield
significantly compared to
conventional and Al-assisted
tracking.

» Simulation underestimates the
gain 1n yield significantly. In
data the gain is much larger.

CHEP 2023 (NORFOLK)
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Novel fully-heterogeneous GNN designs for
track reconstruction at the HL-LHC

CTD2022 GNN performance on ITk simulated data

= R L B B B B T T
3 F i ; T - = 1400[ T T ‘ T 1 >
.ﬁ 1A04: ATLAS Simulation Preliminary ] E E ATLAS Simulation Preliminary .99 %
£ [ {5=14TeV, i {u)= 200, primaries (i and softinteractions) p, > 1 GeV - T 1200 . AL e imaries (ff and soft intsractiona) p._ > ’ K=
B 1O02L Lnghiodio i . [Tt o et (ot TR o 098 &
bt E 3 o
E ] 1000 o
-g 1:— - er 1 E i | g'g; ﬁ’ A Myyestreshold
g ogsf.-"" = . Rl 800 [ o~ | 008 g (.f iciency = ”—
= 3 e e® et anre® ] E = true
& 0.96F . - 3 sooE l 094 G . .
3 1 s00f- - ! 0.93 * High efficiency: ~98%
ooeh ] soofd 41, oy Dl im0 * Slight drop of efficiency in the STRIP
.92~ - ' ] T 0.91 .
g ] UL L L ” BARREL region
0.9 3 L e 8006~ —z000 7000 0 1000 2000 3000
z [mm]
n
z 1er ‘ T T ' E — 1400 T T T T T 1 >
5 [ ATLASSimulation Preliminary E T ATLAS Simulation Preliminary g
8 1'1:_ 18 = 14 ToV, W, {s}.= 200, primeries (it and soft Insciane) p, > 1 GeV E = 1200} 5= 14 TeV, i, (1) = 200, primaries (tf and soft interactions) p_> 1 GeV' 0.9 3
3 [ veing Moduie Map E C  using Module Mep g . Mtrue>treshold
e 1F = 1000 S —— ; PL”-‘”‘\' e
g Fe e e o] C . 0.8 i . )
z 0.9 - K 3 800[— g 1} ! e b b e : ; : i z Mrye>treshold + ”ﬁfke>!rm’ho1’r/
5 F - . 3 Eod | I 07 &
08 e E 200 l | l i i - If i | 1 . * Global purity ~85%
0]} E 400: ‘ ’ O I.. IT-.HNI.—IQS'U"-H-I!J'U.I . ; ] Important drop of punty |n the
E ] o i [ !
ok E 2000} 4!y} 444 Lt e—— 05 STRIP BARREL region
E E Cvras '-'-'.'.'.'.“""-—-""
F 4 - nlaly! 'llllﬂ_ 0 4
0.57 _‘3 _'2 _'1 (‘] ; 2‘ é ! 8006 2000 -1000 0 1000 5000 3000
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Novel fully-heterogeneous GNN designs for
track reconstruction at the HL-LHC

2,5¢cm

* I 50um

High pr

STRIP low spatial resolution and Heterogenous Data

preco yreco ,reco _ 1
@52 = f;'trip(cstrip’ vtrtp)

The mechanism that led to the poor purity in
CTD2022 results is understood: straight line
approximation used in the ATLAS space point

reconstruction leads to poor z resolution (O(cm)!)
at low pr

Impossible to exactly reconstruct space point position without knowing curvature of the track !

1400

r [mm]

1200

1000

800

600

|_1||lHlHl|||||||\lH)

400

200

T T T
ATLAS Simulation Preliminary

15 =14 TeV, tf, () = 200, primaries (tf and soft inter teractions) p_> 1 GeV

using Module Map

A ne it LA BN bt

Y |'|||,|,|n|

My rnm

l
11t

g — LA UL

L] b
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I
1

H
8
Y
¥
Y
i

||-1'1_|_|||xu‘ul|n||||

! |III

g..,

-2000

-1000

[ preco

P ec

2000
z [mm]

3000

Key Idea: Give as node features in STRIP BARREL the STRIP clusters data
Hopefully the GNN will be able to learn a better representation of the Space Point

GNN combines space points into tracks, i.e. has access to curvature !

sylvain.caillou@I2it.in2p3.fr | CHEP2023 | Novel fully-heterogeneous GNN designs for track reconstruction at the HL-LHC | 5/13 m
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Novel fully-heterogeneous GNN designs for
track reconstruction at the HL-LHC

Additional GNN improvements

score {”j:" ’
L EdgeDecoder
X ayers
/ h+! Non recurrent GNN layers
B . One instance of edge updater and node
E MDGE ATLAS Simulation Prelimina]ry ' ' e updater per GNN Iayer (NO shared
S 12005 G0 s st s, 1 v e ,eN parameters)
1000 M i = 9< . > o] | * Better function estimation
sooi— Sna——— 4 2 / * Avoid vanishing gradients
E 1 JEN pl
600 ]
. RSt e s A x t+1 le ot t t
100F S [ ’ ' I €jj (_W(ejjlhilhj)
El T NR BT T T TR LN S AR i t+1 lert t t
2000 2 h Y |'|'t=i'fﬁ':'_'m'p':h'l'll'l'l Hal H D hj - ¢) (hl Z 'il Z ez'j)
SRR == R u ~ "=
Hooo 2000 -1000 /o 1000 2000 3000 \ i JENiy JE N out
o reco ol T e ‘ o z[mm] Rt el
[r,““'.rp,"”', z}n.n‘”:uﬂ [r,"‘”, w‘mn.:;ur:)’,’mﬂ [r‘uu.(ﬂ;urﬂ‘#uu: f;’,“‘”] (J i ; { {;, - Preprocessed edge features
h'= e L
‘ ) i Add @,,, which is closely related to p;
NodeEncoder EdgeEncoder

| (informative for the curvature of the tracks)
Ar’;f'r:n’ Aq)é;m'o, AZ';’:F{'(), A’?f;ﬂr‘u, qo"'!f{;!::”, I‘q’):;;!::”
Global architecture
Move to 3 layers per MLP (vs 2 layers per MLP in the CTD2022 GNN model)

Add BatchNorm layers to make the training faster and more stable
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GNN per-edge efficiency

GNN per-edge purity

Novel fully-heterogeneous GNN designs for
track reconstruction at the HL-LHC

CTD2022

Heterogeneous Data + Extended GNN

- Efficiency and purity vs n

I B o o o e L B o T I e o o e B I B
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n
efficiency =

true>treshold

”H'UL’

Similar efficiency for the same threshold (0.5)

n

triue>treshold

purity =

MNirue>treshold T ”ﬁl!’((’>!."(‘.\'/1()[([

Significant improvement of purity in
the CENTRAL region

L2AT

49



Scalable, End-to-End, Machine-Learning-Based Data
Reconstruction Chain for Particle Imaging Detectors

. ‘ h NATIONAL

Liquid Argon Time-Projection Chambers SRS

The modern Particle Imaging Detector

w7 . = "5z LAFTPC are at the center stage
) i L = ... o of beam v physics in the US
(&) . ; :
a == .. % Short Baseline Neutrino program
.§ s ~ 3« uBooNE, ICARUS, SBND
- <
# =7 2. 2 DUNE long-baseline experiment
_— .« Wire: DUNEFD
a * 2« Pixel: DUNE ND-LAr
o ""c."," @
a v 3 B © Advantages:
2 o g g .
S WS 2w« Detailed: O(1) mm resolution,
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Scalable, End-to-End, Machine-Learning-Based Data
Reconstruction Chain for Particle Imaging Detectors

ﬂ NATIONAL
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B ™\ | /BORATORY

(1)

Reconstruction in LArTPCs

Hierarchical feature extraction

What is relevant to pattern recognition in a detailed interaction image?

3. Cluster individual particles (tracks and full showers) ; Bikstaridevei
4. Cluster interactions, identify particle properties in context

ML-based Reconstruction for Imaging Detectors, F. Drielsma (SLAC) 10
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Scalable, End-to-End, Machine-Learning-Based Data
Reconstruction Chain for Particle Imaging Detectors
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(1]

Pixel-Level Feature Extraction

Backbone

UResNet (UNet + ResNet + Sparse Conv.) as the backbone feature extractor

Input Features

Encoder Decoder

----- -
— Residual connections
I - ==» (Concatenation

Paper: PhysRevD.102.012005

ML-based Reconstruction for Imaging Detectors, F. Drielsma (SLAC) 11
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Scalable, End-to-End, Machine-Learning-Based Data
Reconstruction Chain for Particle Imaging Detectors
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Particle-Level Aggregation

Graph Particle Aggregator (GrapPA)
Graph Neural Network: fragments/particles (nodes), correlations (edges)

Fragments Edge Update Node Update

} Oo Oo Output graph Groups

o o

4 Input Graph 6] ‘ ( | i

o o) R

(‘ . OO NodeLayer ° :

A % o°® o o‘%. o
P Primaries

-
' (% Node o Lo
. O O sssss on
% 2 ° o
Y o o ° o 0°

© © Paper: PhysRevD.104.072004
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Scalable, End-to-End, Machine-Learning-Based Data
Reconstruction Chain for Particle Imaging Detectors

=3 Fead!! A F5 NATIONAL
Conclusions T NS [CELERNTOR
Takeaways

End-to-end ML-based reconstruction chain mature and functional

« UResNet for pixel feature extraction, GrapPA for superstructure formation
« Used on ICARUS sim./data and DUNE-ND (high neutrino pileup) sim. today
o Check out this ICARUS interactive reconstructed event !
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Simulation

« Calorimeter Fast simulation:
e FastCaloGAN: a fast simulation of the ATLAS Calorimeter with GANs

e gaede chep23 caloml v01 (jlab.org)

e Generating Accurate Showers in Highly Granular Calorimeters Using
Normalizing Flows

e Fast and Accurate Calorimeter Simulation with Diffusion Models

e Transformers for Generalized Fast Shower Simulation

< Ultra-fast simulation
e THE LHCB ULTRA-FAST SIMULATION OPTION, LAMARR

e Flashsim: an ML simulation framework

+ Refining fast simulation using machine learning

« Hadronic Simulation with conditional Masked Autoregressive
Flow

57


https://indico.jlab.org/event/459/contributions/11762/
https://indico.jlab.org/event/459/contributions/11777/attachments/9359/13597/gaede_chep23_caloml_v01.pdf
https://indico.jlab.org/event/459/contributions/11716/attachments/9654/14222/main.pdf
https://indico.jlab.org/event/459/contributions/11736/attachments/9599/14176/CHEP23_CaloDiffusion.pdf
https://indico.jlab.org/event/459/contributions/11742/attachments/9625/14221/Copy%20of%20CHEP'23%20Transformers%20for%20FastSim.pdf
https://indico.jlab.org/event/459/contributions/11454/attachments/9426/14055/Lamarr_mbarbetti_CHEP2023.pdf
https://indico.jlab.org/event/459/contributions/11718/attachments/9544/13848/flashsim_chep.pdf
https://indico.jlab.org/event/459/contributions/11725/attachments/9653/14070/20230511chep_MoritzWolf_Refinement_v2.pdf
https://indico.jlab.org/event/459/contributions/11759/attachments/9730/14224/CHEP_2023.pdf
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Reconstruction

PID:

e Particle identification with machine learning in ALICE Run 3

e Pion/Kaon Identification at STCF DTOF Based on Classical/Quantum Convolutional Neural Network

e Fast Inclusive Flavor Tagqging at LHCb

Vertex:

e Advances in developing deep neural networks for finding primary vertices in proton-proton collisions at LHC

Tracking:

e An Object Condensation Pipeline for Charged Particle Tracking

e End-to-End Geometric Representation Learning for Track Reconstruction

e BESIII track reconstruction algorithm based on machine learning

e Track Identification for CLAS12 using Artificial Intelligence

e Novel fully-heterogeneous GNN designs for track reconstruction at the HL-LHC

e HyperTrack: neural combinatorics for high energy physics

Cluster:

e Improved Clustering in the Belle Il Electromagnetic Calorimeter with Graph Neural Networks

e Development of particle flow algorithms based on Neural Network technigues for the IDEA calorimeter at future
colliders

LArTPC:

e Neutrino interaction vertex-finding in a DUNE far-detector using Pandora deep-learning

e Scalable, End-to-End, Machine-Learning-Based Data Reconstruction Chain for Particle Imaging Detecé%rs

e Graph Neural Network for 3D Reconstruction in Liguid Argon Time Projection Chambers



https://indico.jlab.org/event/459/contributions/11734/attachments/9290/13481/Kabus%20CHEP%20May%202023.pdf
https://indico.jlab.org/event/459/contributions/11728/
https://indico.jlab.org/event/459/contributions/11750/attachments/9603/14039/FlavourTaggingAtLHCb.pdf
https://indico.jlab.org/event/459/contributions/11714/attachments/9420/13920/Sokoloff_Garg_CHEP-2023.pdf
https://indico.jlab.org/event/459/contributions/11741/attachments/9643/14086/230507_oct_chep_v3.pdf
https://indico.jlab.org/event/459/contributions/11743/
https://indico.jlab.org/event/459/contributions/11721/
https://indico.jlab.org/event/459/contributions/11745/attachments/9491/13757/CHEP-05-2023-Gavalian.pdf
https://indico.jlab.org/event/459/contributions/11713/attachments/9572/13900/chep2023_Sylvain_Caillou.pdf
https://indico.jlab.org/event/459/contributions/11748/attachments/9580/14256/HyperTrack_Mieskolainen_CHEP2023_v1.pdf
https://indico.jlab.org/event/459/contributions/11756/attachments/9700/14154/IsabelHaide_CHEP_Talk_110523.pdf
https://indico.jlab.org/event/459/contributions/11798/attachments/9413/13654/CHEP2023_ADOnofrio.pdf
https://indico.jlab.org/event/459/contributions/11757/attachments/9214/13375/ACha_CHEP_May23.pdf
https://indico.jlab.org/event/459/contributions/11729/attachments/9540/13940/CHEP2023%20ML-Based%20Reconstruction%20for%20LArTPCs.pdf
https://indico.jlab.org/event/459/contributions/11733/attachments/9550/13855/2023-05-09%20CHEP%20talk.pdf

Online

« Trigger:
e Applications of Lipschitz neural networks to the Run 3 LHCb trigger

system

e Development of a Deep-learning based Full Event Interpretation
(DFEI algorithm for the future LHCb trigger

« Continual Learning :
e The Deployment of Realtime ML in Changing Environments

e Embedded Continual Learning for HEP
« FPGA:
e Symbolic Regression on FPGAs for Fast Machine Learning Inference

e Machine Learning for Real-Time Processing of ATLAS Liguid Argon
Calorimeter Signals with FPGAs

e Acceleration of a CMS DNN based Algorithm
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https://indico.jlab.org/event/459/contributions/11738/attachments/9635/14031/Delaney_LipMonLHCb_CHEP23.pdf
https://indico.jlab.org/event/459/contributions/11719/attachments/9682/14245/DFEI_CHEP2023_jonas_live.pdf
https://indico.jlab.org/event/459/contributions/11751/
https://indico.jlab.org/event/459/contributions/11735/
https://indico.jlab.org/event/459/contributions/11740/
https://indico.jlab.org/event/459/contributions/11755/
https://indico.jlab.org/event/459/contributions/11726/

Analysis

<+ Efficient search for new physics using Active Learning
In the ATLAS Experiment

«» Using a Neural Network to Approximate the Negative
Log Likelihood Distribution

+» A method for inferring signal strength modifiers by
conditional invertible neural networks
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https://indico.jlab.org/event/459/contributions/11747/attachments/9393/14081/CHEP%202023%20-%20Active%20Learning.pdf
https://indico.jlab.org/event/459/contributions/11730/
https://indico.jlab.org/event/459/contributions/11732/attachments/9619/13993/cINN_farkas_CHEP23.pdf

Anomaly Detection

+» Multi-Module based VAE to predict HVCM faults in
the SNS accelerator

+ Resilient Variational Autencoder for Unsupervised
Anomaly Detection at the SLAC Linac Cohrerent Light

Source
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https://indico.jlab.org/event/459/contributions/11753/attachments/9409/13650/HVCM_Anomaly_Detection_CHEP_2023.pdf
https://indico.jlab.org/event/459/contributions/11752/attachments/9432/13678/CHEP%20Resilient%20VAE%205-8-22.pdf

General

+ Uncertainty Aware Machine Learning Models for
Particle Physics Applications

+ Exploring Interpretability of Deep Neural Networks in
Top Tagging

+ JetNet library for machine learning in high energy
physics

+» New developments of TMVA/SOFIE: Code Generation
and Fast Inference for Graph Neural Networks

+» Machine learning based compression for scientific
data
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https://indico.jlab.org/event/459/contributions/11739/attachments/9521/14253/Kishan_CHEP23_UQ.pdf
https://indico.jlab.org/event/459/contributions/11737/attachments/9578/13899/2023-05-09_XAI4TopTagger-CHEP23.pdf
https://indico.jlab.org/event/459/contributions/11754/
https://indico.jlab.org/event/459/contributions/11746/
https://indico.jlab.org/event/459/contributions/11723/attachments/9295/13647/Baler_v2.pdf

