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https://arxiv.org/pdf/1712.10321.pdf
https://arxiv.org/pdf/2109.02551.pdf
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https://arxiv.org/pdf/2106.05285.pdf
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https://arxiv.org/pdf/2006.11239.pdf
https://arxiv.org/abs/2103.01458
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https://indico.jlab.org/event/459/contributions/11454/attachments/9426/14314/Lamarr_mbarbetti_CHEP2023.pdf
https://indico.jlab.org/event/459/contributions/11718/attachments/9544/13848/flashsim_chep.pdf
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https://indico.jlab.org/event/459/contributions/11725/attachments/9653/14070/20230511chep_MoritzWolf_Refinement_v2.pdf
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https://indico.jlab.org/event/459/contributions/11375/attachments/9434/13680/CHEP_GNNonFPGAforEFTracking.pdf
https://indico.jlab.org/event/459/contributions/11414/attachments/9421/13699/CHEP2023%20GNN%20Performance%20for%20ITk.pdf
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https://indico.jlab.org/event/459/contributions/11745/attachments/9491/13757/CHEP-05-2023-Gavalian.pdf
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Detector 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

18


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/9426/14314/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

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

e A deep-learning reconstruction algorithm for cluster counting

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 Detec}_%\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/11749/
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

