o TRHRED RGO T A
& N Institute of High Energy Physics
iser? Chinese Academy of Sciences

The application of
ML in simulations

Wenxing Fang (IHEP)
EPD seminar 2024.05.22



Outlines

< Fast simulation
<« More accurate simulation

< Summary



X/
0.0

Background of fast simulation

The HL-LHC experiment will take a huge
amount of experimental data. Significant
computational resources are required for
data processing, MC production, and
analysis. Without R&D, there will be a
shortage of computational resources

The MC simulation takes most CPU
resources. Implementing fast MC
simulation is important

e Traditional method: shower
parameterization, frozen shower, Delphes,

e ML based: fast calorimeter simulation,
Ultra-Fast Simulation ( without Geant4 ),
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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

v

Fake or Real
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https://arxiv.org/abs/1406.2661

CaloGAN

The (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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The BESIII case

+ Reference from 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



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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The BESIII case (performance)
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The ATLAS case

AtlFast3 Configuration for Run 3

Inner q Muon

FastCaloGAN V2 FastCaloSim V2

+ AltFast3 (a detector response fast
simulation system):

e FastCaloGAN V2 (ML-based)

e FastCaloSim V2 (parametrization-
based)

e Geant4 (limited to specific cases)

+ FastCaloGAN:

e Simulating calorimeter showers for
particles between 256 MeV and 4 TeV
over full detector acceptance (protons

Eiin < 8 GeV 8& n| < 2.4, Euin > 16 GeV && [n] < 2.4,
Except [0.9<|n|<1.1, 1.35<|n|<1.5] | All En && [0.9<|n|<1.1, 1.35<|n|<1.5. |n[>2.4]

Charged

Pions
Kaons

Euin > 8 GeV && |n| < 1.4,
Ein>2 GeV 88 1.4 < || < 3.15,
Al Ein && 0] > 3.15

Punchthrough
+ Geant4
FastCaloGAN V2

Ein < 4 GeV 8& n| < 1.4,
Ein< 1 GeV 8& [n] <3.15

Conditional WGAN-GP
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ACAT2024
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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

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

CaloFlow (performance)
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® Dataset:

» photon showers in ECAL
« 30x30x30 voxels

Architecture

layer flow

flow 1

flow 2

flow 30

CHEP2023

rescaleing

The ILC case
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GEANT4 CPU 1 4081.53 &+ 169.92 x1.0
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100 4851 + 0.01 x84.1
1000 48.19 + 0.01 = 84.7
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https://indico.jlab.org/event/459/contributions/11716/attachments/9654/14222/main.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

19


https://arxiv.org/pdf/2006.11239

CaloDiffusion

CaloDiffusion (a fast calorimeter

simulation method based on diffusion
model)

Dataset:

e 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

\/
0‘0

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

e Such as LHCb Lamarr, CMS FlashSim

o0

FlashSim means skipping
all intermediate steps
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] e
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Hoad
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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

Data processing
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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

More accurate simulation

+» The reduce systematic uncertainty is important for
physics analysis.

+» One possible way is to improve the data MC
agreement (achieve more accurate simulation)

+» Usually, for fast simulation, it has a great speed while
the accuracy is lower

+ By using ML, one can improve the accuracy of the
simulation

>

Accuracy

\\-/'\
FullSim T ML
U

FastSim

>

Speed
22



Refining

+ The interested variables can be refined by ML

Fast Full

+» CMS shows how to refine the jet flavor variable ( from
fast simulation )

e Input: xFst (4 jet flavor discriminators ), y ( gen jet pr,n, flavor)
e Output: the refined xReft
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https://indico.jlab.org/event/459/contributions/11725/attachments/9653/14070/20230511chep_MoritzWolf_Refinement_v2.pdf

UI2I (Cycle-GAN)

+ Unpaired Image-to-Image (UI2I)

translation task

E(G:Fa DXaDY) ZEGAN(G:DYaXa Y)

+ EGAN(F: DXaan)
+ Ay (G, F),

« e A 7 ~—"
T

X )% X H Y X
~ S———

<« Often success for color
and texture translations

< Little success for
geometric changes

Unpaired

apple — orange

- -
Vo s

dog — cat
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https://arxiv.org/pdf/1703.10593

UI21 (LArTPC)

+» An example from DUNE
LArTPC detector (ACAT2024)

4

L)

D)

particle tracks: | W=

- For a set of simulated simple . — 1 <=L Clee?
IS B | e

e Domain A: a low fidelity quasi-

A. ionization electron

one dimensional (1D) response % B — - -

function is applied )< -
e Domain B: a high-fidelity 2D

response function is applied

=—p- Translation PLLLLIED » cycle-consistency loss = =-eees, )
====» Loss

+* identity loss «. T@—-p{btm I. . - ’,"'acyc\
' : v y

: - J—
< }--- (- m @ .

discriminator losses

, . y enerator losses
-------- » cycle-consistency loss <=-=«-=-* &
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https://arxiv.org/pdf/2304.12858
https://indico.cern.ch/event/1330797/contributions/5796872/attachments/2818547/4921276/2024-03-12_acat_presentation_final.pdf

Ul2l LArTPC performance

A (quasi-1D)

CycleGAN

translated

ACL-GAN U-GAT-IT

UVCGAN

B (2D)

¢, difference

103
102
10!

10°

¢a(Ga-sn(a)

10!

10°

-10°

_101

Ato B BtoA

Algorithm 4 Uy 0 Uy
CycleGAN | 0.074 0.180 | 0.061 0.159
ACL-GAN | 0.083 0.566 | 0.039 0.121
U-GAT-IT | 0.078 1.187| 0.073 1.161
UVCGAN | 0.030 0.033 | 0.025 0.027

B. /1 on electron count

I f I T

;aa:

t
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Domain Adversarial Neural Network

<« Domain Adversarial Neural Network (DANN)

> oL,
OLy Y
i @\ o 90y @
ﬂ ﬂ ﬂ;ﬁ: |:> ; |:> ﬂ |:> E class label y
e <
E:> I::> I::> = @
D A\ J
n Y
label predictor G, (-:6,)

\
é\&*
” f
k.,’
<
v

= domain classifier G4(+;04)
Z A
38 r
g 2 @ 8,
feature extractor G¢(-;0y) BE
E2 E> |:> E domain label d
D

{ = L }

forwardprop  backprop (and produced derivatives)

X

l Q)I
£~
.

aed
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https://arxiv.org/pdf/2005.00568

DANN (ATLAS)

+ ATLAS signal background classification
e Signal 5%: ttH(H - bb)

e Background 95%: tt + bb (two samples with different
generators)

e Detector simulation: Delphes simulation
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b i o =
5070 % ,,,,,,,,,,,,,,,,,,,,,,, ¥ komogorovD | 0.06 5
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Data-driven simulation

Learning the distribution of real data and applying it in
simulation. For example, the BESIII dE/dx simulation

N /7 _
7+ | n+ | K* | K | p° | p 1 dim [ precumac || MADE [P a1 maDE [ Data

. dE/dx
Training data | IM | IM | 0.5M | 0.5M | 2M | 2M Base dist.

Testing data | 0.AM | 0.4M | 0.2M | 0.2M | 0.OM | 0.0M N©.1) Block

ki Sampled
Table 1. The number of training and testing data in million (M). b .| RQS I RQS ) inference | dE/dx
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Summary

+ There are many applications of ML for simulation

+ Mainly focus on improving the simulation speed and
accuracy

+» Many promising results and many challenges

+» The field is in a rapid development stage. Please stay
tuned

«» More in HEPML-LivingReview

Thanks!
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https://github.com/iml-wg/HEPML-LivingReview
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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
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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 CEPC case (performance)

CEPC 2019

Dataset:
 photon showers in
ECAL Barrel
« 31x31x29 voxel
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https://indico.ihep.ac.cn/event/9960/contributions/113735/attachments/61025/70387/BES_CEPC_20191118.pdf

