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Background

+» HL-LHC data challenge:

e Event rate increased: luminosity from 2 x
103*s7tcm™2 to 7.5 x 103*s~1cm ™2

e Event size increased: finer-grained detector
readout

e Aggressive R&D is needed, otherwise the
resources will be a problem

<« The MC simulation takes most CPU
resources, dominated by the detector
simulation of calorimeter

e Traditional fast calorimeter simulation
methods: shower parameterization (PCA),
frozen shower, ...

e Inrecent years, ML based methods show
significant promise as a replacement
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Figure 1: ATLAS CPU hours used by various activities in 2018
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https://indico.ihep.ac.cn/event/23758/contributions/168118/attachments/82633/104506/IDRC_meeting_2024_v1.pdf

Generative Adversarial Networks (GAN)

+ Discriminator tries to discriminate the Random Latent
real data and generated data

+ The generator tries to produce
generated data which can confuse the
discriminator

Generator

Generated Data Real Data

+ At the end of training, the discriminator

can not discriminate the real or
generated data. The generator learns the
true underlying data distribution
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https://arxiv.org/abs/1406.2661

CaloGAN

+ The CaloGAN (2017) achieved a fast
calorimeter simulation based on GAN
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https://arxiv.org/pdf/1712.10321.pdf

CaloGAN performance
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The LHCb case
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https://www.epj-conferences.org/articles/epjconf/pdf/2019/19/epjconf_chep2018_02034.pdf

The LHCb case (performance)
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BESIII experiment

RPC: 9

+» The BESIIl experiment focuses "
on physics at the tau-charm s
region, such as non-
perturbative QCD, exotic
hadrons, BSM,

o BESIII EMC:

o 44 rings of crystal in barrel and
120 crystals in each ring. The

front size of each crystals is 5x5
cm?

‘ H HH'

O 6 rings of crystal in each endcap

> Apply GAN for EMC barrel
fast simulation for e*




GAN model for the BESIII

< The structure is similar to the LHCb one
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+ They (y;+ y,) contains the momentum of particle and the relative position and angular between
the particle and the calorimeter.
°© N1
» Momentum: the momentum of the particle.
> APMO™: the ¢ difference between the momentum of incoming particle and the direction of the crystal.
> AOMO™: the p difference between the momentum of incoming particle and the direction of the crystal.
o Y2
> AZPOS: the Z difference between the hit point of incoming particle and the z of front center of the crystal.
> AQTOS: the ¢ difference between the hit point of incoming particle and the ¢ of front center of the crystal.
» Z: the Z value of hit point
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The BESIII case (performance)
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The BESIII case (performance)
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« Apply the GAN simulation in BES
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For CEPC experiment

CEPC

« Apply the model for silicon-tungsten ECAL (29 layers).
The model is extended from 2D to 3D (mainly replace

2D convolution operation by 3D convolution)
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https://indico.ihep.ac.cn/event/9960/contributions/113735/attachments/61025/70387/BES_CEPC_20191118.pdf

Summary

+» ML based fast simulation calorimeter is widely studied
in different experiments

«» Many promising results and also challenges

+» The field is in a rapid development stage, e.g. using
the latest diffusion model (CaloDiffusion)

+ Please stay tuned!

Thanks for your attention!
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https://arxiv.org/pdf/2006.11239
https://indico.jlab.org/event/459/contributions/11736/attachments/9599/14176/CHEP23_CaloDiffusion.pdf
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CaloFlow

RQS Transformation

+ The CaloFlow (2021) uses the same dataset as
CaloGAN and shows much better physics performance

+— density estimation in training, F,. from GEANT4 data *+——
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https://arxiv.org/pdf/2106.05285.pdf

Diffusion model

» The diffusion model is proposed in 2020

Po(Xi— 1|Xt)
O @ @y O

'?{X£|Xr 1)

» Diffusion process: x, - xr

e Adding noise step by step, making x; ~ N (0,1)

» Train a model to invert the diffusion process

» When do simulation, start from N (0,I) and denoise it
step by step using the trained model

18


https://arxiv.org/pdf/2006.11239

CaloDiffusion

CaloDiffusion (a fast calorimeter

simulation method based on diffusion
model)

Dataset:

o ATLAS-like geometry, 5 layer cylinder with
irregular binning, 368 voxels

Denoise model:
e U-net architecture with 3D convolutions
e Input: Noisy shower

e Condition inputs: incident particle energy,
diffusion step

e Output: noise

Good agreement with Geant4, some
properties (e.g. total shower energy), can
still be improved

Generation time is slower than other ML
approaches (still faster than Geant4)
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https://indico.jlab.org/event/459/contributions/11736/attachments/9599/14176/CHEP23_CaloDiffusion.pdf

Ultra-Fast Simulation

R/
0‘0

Without Geant4 simulation, from MC particle
to physics analysis object simulation

e Such as LHCb Lamarr, CMS FlashSim
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FlashSim means skipping
all intermediate steps
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Most parts are ML-based:
e GBDT for acceptance
e MLP for tracking efficiency
e GAN for tracking resolution and PID

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

e Sequence of N generated photons — sequence of N’
reconstructed clusters

e Approached as a language translation problem

Detailed Simulation
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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

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

21


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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https://indico.jlab.org/event/459/contributions/11472/
https://indico.jlab.org/event/459/contributions/11482/

The ATLAS case

+ AltFast3 (a detector response fast AvFest3 Configumstion for Run 3

o FastCaloGAN V2 (ML-based) P

Except [0.9<In|<1.1, 1.35<In/<1.5] | All Ein 8& [0.9<([<1:1, 1:35<|n[<1.5, [n[>2.4]

e FastCaloSim V2 (parametrization- Charged

Pions Ein> 8 GeV 8& |
in nl <1.4,
B =4 Qe 8&Inl =1 ] £ 2 Gevaa 1.4 <[y <315,
5

ba sed) Kaons Eiin< 1 GeV && || <315 Al Ein && 0] > 3.1

Punchthrough
+ Geant4
e Geant4 (limited to specific cases)

« FastCaloGAN:

e WGAN:Ss trained for each particle type,
for each | n | slice.

"
e Conditioned on truth momentum
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https://indico.cern.ch/event/1330797/contributions/5796510/attachments/2816905/4917912/ATL-COM-SOFT-2024-012.pdf
https://indico.cern.ch/event/1330797/contributions/5796510/attachments/2816905/4917912/ATL-COM-SOFT-2024-012.pdf

The ATLAS case (performance)
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+ Simulation time in AtlFast3 completely dominated
by full simulation of the Inner Detector


https://indico.cern.ch/event/1330797/contributions/5796510/attachments/2816905/4917912/ATL-COM-SOFT-2024-012.pdf
https://indico.cern.ch/event/1330797/contributions/5796510/attachments/2816905/4917912/ATL-COM-SOFT-2024-012.pdf

Normalizing Flows
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CaloFlow

« The CaloFlow uses the same dataset as CaloGAN and shows
better physics performance
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https://arxiv.org/pdf/2106.05285.pdf

® Dataset:

» photon showers in ECAL
« 30x30x30 voxels

Architecture

layer flow

flow 1

flow 2

flow 30

Link

rescaleing

The ILC case

Preliminary Results

GEANT4

GEANT4
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Simulator Hardware Batch size time [ms] Speedup
GEANT4 CPU 1 4081.53 4 169.92 x1.0
BIB-AE CPU 1 10225 + 0.64 x40.0
10 3781 + 0.13 x108.0
100 4351 + 0.01 x84.1
1000 48.19 + 0.01 = 84.7
Flow CPU 1 1746.61 =+ 64.50 x2.3
10 39261 + 034 x10.4
100 228.86 + 7.09 x17.8
1000 27555 4+ 3.01 x14.8
BIB-AE GPU 1 7422 4+ 3.18 x42.5
1000 0.249 + 0.002 x16326.1
Flow GPU 1 2471.07 4+ 70.20 x1.7
1000 339 £ 0.09 x1202.3
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https://indico.jlab.org/event/459/contributions/11716/attachments/9654/14222/main.pdf

