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https://cds.cern.ch/record/2802918/files/LHCC-G-182.pdf

Computational resources for simulations

e Computing budgets are limited — not
scaling with Run 4 requirements

— need optimisations, fast simulation, use of HPCs
and GPUs

e MC production takes ~70% of the GRID CPU
time in ATLAS

e Dominated by MC detector simulation

@ \IC detector simulation

@® WMC Event generation @ MC Reconstruction

ICHEP 2024


https://cds.cern.ch/record/2905117/files/ATL-SOFT-SLIDE-2024-261.pdf

Computational resources for simulations

ATLAS Simulation Internal
Subdetectors CPU Fraction, mc23

e Computing budgets are limited — not 100 ttbar events Other
scaling with Run 4 requirements Oth.LAr 6% EM Barrel
— need optimisations, fast simulation, use of HPCs 7% 17%
and GPUs

e MC production takes ~70% of the GRID CPU
time in ATLAS

e Dominated by MC detector simulation

e Dominated by calorimeter simulation Tracker
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2024-003/

Fast calorimeter simulation for Run-3 within AtlFast3
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e Geant4: all particles in Inner Detector, low energy hadrons in calorimeters, and muons


https://arxiv.org/abs/2404.06335

Fast calorimeter simulation for Run-3 within AtlFast3
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e Geant4: all particles in Inner Detector, low energy hadrons in calorimeters, and muons

e FastCaloSim V2: parametrization of shower development
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e Geant4: all particles in Inner Detector, low energy hadrons in calorimeters, and muons
e FastCaloSim V2: parametrization of shower development

e F[astCaloGAN V2: generative adversarial networks


https://arxiv.org/abs/2404.06335

AtlFast3 quality: speed
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2023-005/

AtlFast3 quality: accuracy
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIM-2023-004/
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CaloChallenge

CaloChallenge:
e  Setting for the calorimeter simulation ML models comparison

e Develop a model that samples from p(shower | E. .. )



CaloChallenge

CaloChallenge:

e  Setting for the calorimeter simulation ML models comparison

e Develop a model that samples from p(shower | E. .. )

Datasets:
. Particle type :
Origin # of voxels Eincident
z
- 1368
AtlFast3 training data 3;: 533 [256 MeV, 4.2 TeV] P se;ginfnts R slices
Par04 from Geant4 e 6480 [1GeV, 1TeV]
N layers
Par04 from Geant4 e 40500 [1GeV, 1TeV]

99—0}\/‘ arxiv.org/abs/2410.21611



https://arxiv.org/abs/2410.21611

CaloChallenge

CaloChallenge:
e  Setting for the calorimeter simulation ML models comparison

e Develop a model that samples from p(shower | E. .. )

Results:

e 30+ submissions 2308.03876

2405.20407

2312.09290
2408.04997
2309.05704
2402.11575

> 2405.06605
2312.09290

e Observed speed/accuracy tradeoff:

better speed

Diffusion Normalizing GAN
CFM flow VAE

2308.03847

2405.09629

-« 2210.14245
better accuracy

T T T ITTT T

{

—— CaloDiffusion
—— L2LFlows MAF
=== conv. L2LFlows
—— CaloVAE+INN

— MDMA

—— CaloClouds

—— CaloGraph

—— Calo-VQ

=== Calo-vQ(norm)

~~ CaloINN

—— CaloScore

—~—- CaloScore distilled
----- CaloScore single-shot
—— CaloDREAM

—— CaloFlow teacher
—=—- CaloFlow student

iCaloFlow teacher
iCaloFlow student } — 2305.11934
SuperCalo — 2308.11700
CaloMan — 2211.15380
CaloLatent —  ML4PS@NeurlPS
BoloGAN —»  ATL-SOFT-PUB-2020-006
DNN CaloSim — 2210.06204
CaloDiT —  OACAT
GEANT4 transformer  — EPJ Web Conf
DeepTree — 2312.00042
CaloForest —  2408.16046
CaloPointFlow —  2403.15782
CaloShowerGAN

- CaloShower2GAN } — 2309.06515

CaloShower3GAN
GEANT4

arxiv.org/abs/2410.21611


https://arxiv.org/abs/2410.21611

Towards Run 4

e Successful insertion of ML-based 0.10F ATTAS Simulation Preliminary — Geanta 7 ATLAS Simulation Preliminary —— Geantd
. . . . ) 3 S : , Photons, - bk
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production 0.08F CaloINN ] CaloINN
2 2
H . C [
e Ongoing development of AtlFast4: 2 0.06 3 0.06
(&) . (®)
o Improved voxelisation ki kS
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geometry 5 5
=2 =2
o  Research diffusion models and
Invertible Neural Networks (INNs)
add to / replace AtlFast3 GANs

Wn2 ‘ le-3

SIMU-2024-10


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIMU-2024-10/

Towards Run 4
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o Research diffusion models and params.
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/SIMU-2024-10/

IJCLab activities

Research INN chosen from CaloChallenge:

O

Full integration with interTwin project
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https://www.intertwin.eu/

InterTwin: itwinai

Sometimes ML workflows can be monolithic scripts, hard to maintain.
itwinai helps to break the code in modular and reusable components.
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InterTwin: itwinai

Sometimes ML workflows can be monolithic scripts, hard to maintain.

itwinai helps to break the code in modular and reusable components.
Example: replace data connector.

Predictions

define  Configuration

4 file
/‘\ "'
[b«‘to. Loader ABCJ

Dataset ABC itwinai.readthe§locs.io
atase




InterTwin: itwinai

Sometimes ML workflows can be monolithic scripts, hard to maintain.

itwinai helps to break the code in modular and reusable components.
Example: add steps.
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InterTwin: itwinai

Sometimes ML workflows can be monolithic scripts, hard to maintain.

itwinai helps to break the code in modular and reusable components.
Example: replace the ML model (training and/or inference).

_________
-
-

/\ /\
i [Data Looader )(Yzj ( Data Pre-processor j

Dataset XYz o

Predictions

Con‘-‘.gura'tion o
fle

itwinai.readthegiocs.io




InterTwin: itwinai

itwinai machine learning toolkit

e Unified logger interface (MLFlow,
TensorBoard, WandB)
o itwinai.loggers

. A . MLFl
o itwinai.torch.loggers
>
Calls .logQ)

miflow

Weights
& Biases

itwinai
Logger

L

yProvML TensorBoard

https://github.com/HPCI-Lab/yProvML
(UNITN)

itwinai.readthedocs.io
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IJCLab activities

e Research INN chosen from CaloChallenge:

o  Fullintegration with interTwin project O 1 0 |

o Validation with Open Data Detector
more realistic detector geometry, open-source

o Refine distribution tails ,':S
introduce postfix to the most problematic areas CU O 05 i
and/or improve model training strategy :
— better quality keeping speed

Etot/Einc



Refine distribution tails

e Research INN chosen from CaloChallenge:

O

O

Full integration with interTwin project

Validation with Open Data Detector
more realistic detector geometry, open-source

60GeVpion

Refine distribution tails

introduce postfix to the most problematic areas
and/or improve model training strategy

— better quality keeping speed

6 T T T T T
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6:;
[k UL L L B
t IRTTTT METTIY M RRTTIT ARWETI

Ratio

0.2 0.3 0.4 0.5 06 0.7 0.

W, = shower width in EM strip layer

Normalised to unity

0.7

0.6
0.5
0.4
0.3
0.2
0.1

ATLAS Simulation Preliminary
p, 0.2 < n| <0.25, E=4.1GeV

- { - FastCaloGAN V2
- ¢ - FastCaloSim V2

TTT T[T T[T T[T T[T T[T T[T T71g
enc b b b e B b e

4

6 7 8
Leading Cluster Energy [GeV]

22



Refine distribution tails

e Research INN chosen from CaloChallenge:
o  Fullintegration with interTwin project

o Validation with Open Data Detector
more realistic detector geometry, open-source

60 GeV pion

o  Refine distribution tails
introduce postfix to the most problematic areas
and/or improve model training strategy
— better quality keeping speed

=

Fullsim | x
Ground | g /

truth \ , ‘ ' .
isti - o Fastsim [——— Refiner NN —Refined fastsim
Already existing solution - FastPerfekt: e.g., genera asts h’

correction of the “high level” features

Figure 1: A schema of the Fast Perfekt training and evaluation. The fullsim features x
and h and fastsim features x’ and h’ share the same ground truth g. The refiner
network is trained to apply a residual correction to obtain the refined fastsim data
set X. The hidden features are used for an evaluation meta-study (green box) but are

not incorporated into the training procedure (yellow box).
East Perfekt

PAC]



https://arxiv.org/pdf/2410.15992

Refine distribution tails: CaloChallenge dataset with pions

Select not well simulated showers

O

Dimensionality reduction for visualisation

500 voxels (normalized by total shower energy) ->
50 features after U-map ->

2 features after TSNE

Component 2

t-SNE of Shower Data (Class 1)

Geant4 showers

- 6.5

- 6.0

&5

w w & &~ o
o w [=] w [=]
Log10(Incident Energy)

~
w
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Refine distribution tails: CaloChallenge dataset with pions

Select not well simulated showers

O

Dimensionality reduction for visualisation

500 voxels (normalized by total shower energy) ->
50 features after U-map ->

2 features after TSNE

Component 2

t-SNE of Shower Data (Class 1)

CaloINN showers

- 6.5

- 6.0

&5

w w & &~ o
o w [=] w [=]
Log10(Incident Energy)

~
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Refine distribution tails: CaloChallenge dataset with pions

e Select not well simulated showers

O

Dimensionality reduction for visualisation

500 voxels (normalized by total shower energy) ->
50 features after U-map ->

2 features after TSNE

Use anomalous score from Isolation Forest as a
metric of “normality” of a shower

Trained on the Geant4 data, applied to both Gean4
and CaloINN generated showers

Anomaly Score Comparison

[ Geant4
[ CaloINN

012

014 016
Anomaly Score from Isolation Forest

018

020

Smaller the score, more anomalous are the showers

2
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Refine distribution tails: CaloChallenge dataset with pions

Showing 73 / 10000 samples (pred <= 0.1298)

t-SNE of Shower Data (Filtered by Anomaly Score) Anomaly Score Distribution
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75 e
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Refine distribution tails: CaloChallenge dataset with pions

Showing 64 / 10000 samples (pred <= 0.1290)

t-SNE of Shower Data (Filtered by Anomaly Score) Anomaly Score Distribution
— wo T
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Refine distribution tails: CaloChallenge dataset with pions

Select not well simulated showers

o  Dimensionality reduction for visualisation
500 voxels (normalized by total shower energy) ->
50 features after U-map ->
2 features after TSNE

o Use anomalous score from Isolation Forest as a
metric of “normality” of a shower
Trained on the Geant4 data, applied to both
Gean4 and CaloINN generated showers

Improve the simulaiton

Anomaly Score Comparison

[ Geant4
[ CaloINN

012 014 016 018 020
Anomaly Score from Isolation Forest

Smaller the score, more anomalous are the showers

2

9



Thank you



Refine distribution tails
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Refine distribution tails
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Refine distribution tails
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