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AMS (A TeV precision, multipurpose magnetic spectrometer)
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AMS Electromagnetic Calorimeter
(ECAL)

Highest enegy cells
are in the core of
the shower.

Electromagnetic shower
One of 1296 cells (9x9 mm?)
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Electromagnetic (EM) Shower (e¥)
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Electron Energy Correction (Regression)

* Input Variables: 18x72 ECAL cell energies

e Output Variable: R=((E rec/E_truth)-1)

* Corrected Energy: E crr=E rec/(1+R)
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Shower Simulation (Generator)

Electromagnetic Shower

Physical Simulation

e Simulate the passage of particles through
materials

= Monte Carlo Method: Geant4 toolkit

»Hardware Resources: CPUs

DL-based Fast Simulation

* 100 to 1000 faster than the physical simulation

= DL Algorithms:
Generative Adversarial Networks (GANSs)
Diffusion Model

Physics Variable
(x, y, ©X, By, E)

»Hardware Resources: GPUs

Random Noise

(z)

Figure 1. Electromagnetic shower and hadronic shower.
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Generator

https://pub.towardsai.net/diffusion-models-vs-gans-vs-vaes-comparison-of-deep-generative-models-67ab93e0d9ae

GANSs [1, 2] learn to generate new data similar to a training dataset. It
consists of two neural networks, a generator, and a discriminator, that play a
two-player game. The generator takes in random values sampled from a
normal distribution and produces a synthetic sample, while the
discriminator tries to distinguish between the real and generated sample.
The generator is trained to produce realistic output that can fool the
discriminator, while the discriminator is trained to correctly distinguish
between the real and generated data. The top row of Figure 1 shows the
scheme of its work.

VAEs [3, 4] consist of an encoder and a decoder. The encoder maps high-
dimensional input data into a low-dimensional representation, while the
decoder attempts to reconstruct the original high-dimensional input data by
mapping this representation back to its original form. The encoder outputs
the normal distribution of the latent code as a low-dimensional
representation by predicting the mean and standard deviation vectors. The
middle row of Figure 1 demonstrates its work.

Diffusion models [5, 6] consist of forward diffusion and reverse diffusion
processes. Forward diffusion is a Markov chain that gradually adds noise to
input data until white noise is obtained. It is not a learnable process and

typically takes 1000 steps. The reverse diffusion process aims to reverse the

forward process step by step removing the noise to recover the original data.

The reverse diffusion process is implemented using a trainable neural

network. The bottom row of Figure 1 shows that.
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https://pub.towardsai.net/diffusion-models-vs-gans-vs-vaes-comparison-of-deep-generative-models-67ab93e0d9ae

Geant4 Shower Image GAN
# g

MC Data (x) (Real Sample)
Discriminator Real or Fake
D(x or x’) (1/0)
Random Noise Generator Shower Image
z ’ Fake Sample
2 X'=G(2) ( ple) Steps:
1). Minimizing Discriminator Loss
Discriminator Loss = -mean{ log[D(x)] + log[1 - D(x’)] } = -{ log[D(x)] + log[1 - D(G(z))] } 2). Minimizing Generator Loss

Generator Loss = -mean{ log[D(G(z))] } 3). Repeat 1) and 2)

Conditional GAN

Physics Variable
Geant4 : Shower Image (p =x, Y, 68X, By, E)

MC Data (x) (Real Sample)
Physics Variable Discriminator Real or Fake
(p =x,y, 6, 8y, E) Generator Shower Image D(x or X’,p) (1/0)

X' = G(z,p) (Fake Sample)

Random Noise (z)

Discriminator Loss = -{ log[D(x,p)] + log[1 - D(G(z,p),p)] } MSR(G(z,p), X) = mean {(G(z,p)-x)"2} o
Generator Loss = -log[D(G(z,p))] + A * MSR(G(z,p), x)



Step 1:
Generator Loss = MSR(G(p), x)

Real image (Geant4 MC) E = 1466 GeV
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Step 2:
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Discriminator Loss = -{ log[D(x,p)] + log[1 - D(G(z,p),p)] }

Generator Loss = -log[D(G(z,p))] + A * MSR(G(z,p), x) * G(p)
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Calorimeter Design Tool in High Energy Physics

Detector Hyperparameter

\ 4

Physical Simulation

* Simulate the passage of particles
through materials

A

Setting

Scintillation crystals (LYSO, BGO, ...) and geometries
Electronic type (PMT, SiPM, ...) and geometries

Physical requirement (energy resolution, ...)

A

Feedback

Optimization Method: Grid search, ...

> Hardware Resources: CPUs

Setting

Test

= Monte Carlo Method: Geant4 toolkit

> Hardware Resources: CPUs

A

Training/Test
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DL-based Fast Simulation

* 100 to 1000 faster than the physical simulation

= DL Algorithms:

Generative Adversarial Networks (GANSs)
Diffusion Model

Data Flow | .
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Electronic Simulation/Calibration

e Simulate electronic response
* Calibrate signal

Traditional or DL Algorithms:

To solve the nonlinear relationship
between optical photons and energy
deposition.

Physical Reconstruction

Clustering (# of shower ...)
Classification (p, e ...)
Regression (energy ...)

Data Flow | =

» Hardware Resources: CPUs, FPGAs

»

Traditional Algorithms:

Empirical Parametrization Equations
DL Algorithms:

Convolution Neural Networks (CNNs),

Graph Neural Networks (GNNs),
Transformer

>

Resource requirement: CPUs, GPUs, FPGAs

» Hardware Resources: GPUs

Training
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Computing Resource

[Remote Terminal]
slurm-ui-asiop.twgrid.org
slurm-ui03.twgrid.org

X ASGC-Slurm-ASIOP

torch
torch.nn nn
torch.nn. functional

device = torch.device( torch.cuda.is_available()

PixelShufflelD(torch.nn.Module):
__init__(self, upscale_factor):
super (PixelShufflelD, self).__init__()
self.upscale_factor = upscale_factor

forward(self, x):
batch_size, channels, length = x.size()

channels % self.upscale_factor !=
ValueError(f

channels //= self.upscale_factor
X x.view(batch_size, channels, self.upscale_factor, length)
X = x.permute(o, 1, 3, 2)

X x.contiguous().view(batch_size, channels, length * self.upscale_factor)
X

PixelUnshufflelD(torch.nn.Module):
__init__(self, downscale_factor)
super (PixelUnshufflelD, self).__init__()
self.downscale_factor = downscale_factor

forward(self, x):
batch_size, channels, length = x.size()

length % self.downscale_factor !=
ValueError (f

out_channels = channels * self.downscale_factor
out_length = length // self.downscale_factor

x.view(batch_size, channels, out_length, self.downscale_factor)
x.permute(0, 1, 3, 2)
x.contiguous().view(batch_size, out annels, out_length)

X

[DICOS Apps]
Jupyter Lab GPU

File Edit View Run Kemel Tabs Settings Help

BN : o B raiyichouiytonabi{2ax | = pretestoripynd i
B + XD O » = C » Code ~
Fiter fles by name  Q
O - ri00s awsoania %run -m py_conpile pretester.py
%run pretester. py
| Name - Last Modified
= Now 2024-10-29 04:31:26
™ checkpoint 12 minutes ago Device: cuda
™ jobs 3 hours ago Filepath: ../dataset/YiMdst.hight, test. root
B oot 3hours ago AMS Entries: 215310
analyseripynb 3 hours ago 225
D clearsh 3hours ago GEN
@ datapy 2 hours ago 20.0
@ model.py 3 hours ago
o 7] preanalyser.pyb 3 hours ago 175
[ pretesteripynb 30 minutes ago
@ pretesterpy 31 minutes ago 15.0
pretraineripynb 59 minutes ago N
& pretrainer. 2 hours ago g
P Py 9 125
D slurm_job.sh 3 hours ago
testeripynb 3 hours ago
- 10.0
tester.py 3 hours ago
raineripynib 3hours ago
& wainerpy 27 minutes ago 7.5
5.0
o 10000 20000 30000 40000 50000

Model Paraneters: 39315
Model Structions:
GAN(
(gen): GAN_Generator (
(cproj): GAN_CondProj (
(output): Sequential(
(0): Linear(in_features=5, out_features=16, bias=True)
(1): GELU()
(2): Linear(in_features=16, out_features=16, bias=True)
(3): GELU()
(4): Linear(in_features=16, out_features=16, bias=True)
(5): GELU()

[Slurm]
CPUs, GPUs A100, V100, ...

(ml) [hsinyichou@slurm-ui-asiop GAN14]$ squeue | grep ale®
230030 HMC0034 twchiu PD 0:
231049 HMC0036 twchiu PD 0:
232091 HMC0035 twchiu PD 0:
232098 HMC0033 twchiu PD 0:
233667 handbook noke0681 R 18:
232635 handbook noke6081 R
194890 urg_seja rc PD
194889 urg_seja rc PD
194888 urg_seja rc PD
194887 urg_seja rc PD
194886 urg_seja rc PD
176131 urg_seja rc PD
176130 urg_seja rc PD
176129 urg_seja rc PD
176128 urg_seja rc PD
176127 urg_seja rc PD

(Priority)
(Priority)
(Priority)
hp-teslaa03
hp-teslaa®3
(Dependency)
(Dependency)
(Dependency)
(Dependency)
(Dependency)
(Dependency)
(Dependency)
(Dependency)] 3
(Dependency)
(Dependency)

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

(Nodes required for



