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Introduction

With improved luminosity, MC with higher statistics is required

MC simulation, especially for electromagnetic calorimeter (EMC), takes large

CPU resources

 Traditional: Geant4, gradually calculate the next state, complex due to secondary particles

 ML: without Geant4, calculate hit map from input conditions

EMC: 44 layer*120 crystals in barrel, we focus on barrel region firstly
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Introduction

A discriminator tries to discriminate the real and fake data

A generator to produce fake data, tries to confuse discriminator

rrgn max V(D,G)=E,., xllogD)]+E,., llog(l—D(G(2))]

Train D and G alternately

Real

arXiv:1406.2661
Generative Adversarial Networks (GAN) is one of the most popular models
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Introduction

arXiv:1701.07875
Wasserstein GAN, an improved GAN

’ To solve instability and gradient vanishing K-Lipschitz Constraint:
f(z2)] < K|z, — z9

. Especially if two distributions are non-overlapping. /(=)
 Replace Discriminator with a Critic

. Replace JS divergence with the Wasserstein distance, print scores instead of probabilities

. Lipschitz Constraint: via weight clipping or gradient penalty (WGAN-GP)
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Introduction

arxiv: 2006.11239
 Denoising Diffusion Probabilistic Models (DDPM)

 Add noise steply
 Train a model to do denoising

Generated data/
Training data / Image New image
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Introduction

 GAN and Diffusion models are studied at LHCb and ATLAS
 BESIllis an ideal place to perform ML-simulation: simpler detector, smaller phase space

“Gaussian Geant
Noise” Shower Shower
400 Diffusion
Steps

Lin EPJ Web Conf. 214 02034 (2019)
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https://indico.jlab.org/event/459/contributions/11736/attachments/9599/14176/CHEP23_CaloDiffusion.pdf

Samples

« We simulate ~1M single-track events for e* /e~ /y as train set
*  With 0<Mom<3, O<theta<2m, O<phi<2n
* Andsmaller samples as test set
* Remove random trigger, remove randomness of IP
* Simulate 11x11 hit map
*  Below shows EMC hit map in barrel region from 100 events with P>1 GeV/c?
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EMC simulation with ML - GAN

e  Similar strategy as LHCb case

 Use MC truth as input conditions
 Use regressor to reconstruct observables
* Use observables to constrain

« ~46k trainable parameters in generator

max
E

_______ X By dm)|o_g(p_(x))_+ Eg~p( mke.)jog_(j-o(f))_ _____ D(x)

ﬂ_lwrem mm=) | Discriminator | ms) score
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D

Input: (EMC Map,
condition)
Y

Normalize (EMC/Mom)

v

Conv2D (32,(2,2))+LeakyReLU+
DropOut(0.1)

Input: (noise + condition) +
v Conv2D
Dense(16xdx4) + reshape (16,4,4) (16,(3,3))+LeakyReLU+DropOut(0.1)
v Conv2D (16,(3,3))+LeakyReLU+
UpSample2D (3,3) DropOut(0.1)
* Conv2D
Conv2D (16,(4,4))+ReLU (16,(3,3))+LeakyReLU+DropOut(0.1)
* AvgPool (2x2)+
Conv2D (16,(3,3))+ReLU Flatten
y = Minibatch
Conv2D (16,(3,3))+RelLU energy, e-p-diff Discrimination
* + concatenate(minibatch, condition,
Conv2D (8,(3,3))+ReLU Dense(20)+LeakyRelLU sparsity)
v ¥
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v ¥
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v
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Nosie+y

EMC simulation with ML - GAN

Similar strategy as LHCb case
Use MC truth as input conditio

ns

Use regressor to reconstruct observables

Use observables to constrain

~46k trainable parameters in generator
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EMC simulation with ML — GAN for e*

*  With 1<Mom<1.5, O<theta<2r, O<phi<2n
e 50k tracks ~ 2s
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EMC simulation with ML — GAN for e”

With 0<Moms<3, O<theta<27, O<phi<27 T i
50k tracks ~ 2s L A
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EMC simulation with ML - GAN for e*
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Repeat the simulation for a single track to study the resolution from simulation

EMC simulation with ML — GAN for e*
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EMC simulation with ML — diffusion for y

 Use a diffusion model to generate the shape of hit map
 U-net architecture
« 8.5 M trainable parameters

% =X

\_l ’_| Diffusion Model Architecture Analysis
Convolutional Layers: 18

Fully Connected (Dense) Layers: 9

Normalization Layers: 17

Activation Layers: 19

Conditional Encoding Layers: 21
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EMC simulation with ML — diffusion for

Use a diffusion model to generate the shape of hit map (E/Etot)
e 8.5 M trainable parameters

A20 ANALYSIS

I Real Data

[] A42 ANALYSIS

* A20 Distribution [1 A42 Distribution
6 4 o o A o A g, o ————
Generated Data  [==o:.. e
o 00
Energy Sum Distribution (center 1x1) Energy Sum Distribution (center 3x3) Energy Sum Distribution (center 5x5)
Energy Sum Distribution (1x1 center) Ensrgy Sum D (3x3 center) Energy Sum Distribution (5x5 center)
— Real Data m—Rasl Ceta — Raal Data
300 Generated Data Konprornd Cviw Generated Data 600
E
€
S
a0
H ]
3 3 H
3 3 K 200
= B s
03 o 9 v 03 naz
ors 10 125 o0
Enaray sum e N .
[ Second Moment ANALYSIS [ Lateral Moment ANALYSIS
i i i - - . [ Second Moment Distribution [ Lateral Moment Di
Energy Sum Distribution (center 7x7) R . Energy Sum Distribution (center 11x11)
Eneroy Sum Distribution (707 contor) Energy Sum Distribution (center 9x9) bt e Oota
Energy Sum Distribution {11x11 center) Ganerated Data
— s Energy Sum Distribution {9x9 center)
= real Dot
Generated Data fr——
Generated ata

- el Datn
Genaratad Data

s00.
Ganeratad Data

e

125

100
Energy Sum

100 D)
Energy Sum

a z
Secand Momant

z
Lateral Moment

E1x1, E3x3 ... E11x11 a20Mom, a42Mom, secondMom, latMom

Quantum Computing and Machine Learning Workshop 2025 16



Summary & Next

We use ML to speed up the simulation

The preliminary results are close to Geant4
e GAN@CPU : 50k tracks ~ 2s

Further improvement are needed



GAN - gam

*  0<P<3, O<theta<2pi, O<phi<2pi
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GAN - gam

e (Px,Py,Pz,E)=(0.32 0.73 0.01 0.80)
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Readout region

*  EMC hit map in barrel region from 100 events with P>1 GeV/c?
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Readout region C [emar/eeen

Gamma 99.8
EMC hit map in barrel region from 100 events with P>1 GeV/c? " 87.7
nbar 91.6
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