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AMS (A TeV precision, multipurpose magnetic spectrometer)
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Transition Radiation Detector 
(TRD)

Identify 𝒑±/𝒆±

Silicon Tracker (Tracker) 
𝒁,𝑷

Electromagnetic Calorimeter (ECAL) 
𝑬 of 𝒆± and Identify 𝒑±/𝒆±

Ring Imaging Cherenkov 
(RICH)
𝒁, 𝜷

Time of Flight (TOF) 
𝒁, 𝜷

The charge (𝒁) and energy (𝑬) or rigidity 
(𝑹 ≡ 𝑷/𝒁) are measurement 

independently by several detectors

Magnet (∼0.14 Tesla) 
±𝒁

1m

Absolute Charge |𝑍|
Tracker & TOF

Energy of 𝑒±
ECAL

Charge-Sign
Rigidity 𝑅
Tracker with Magnet

Velocity 𝛽 = ⁄𝑣 𝑐
TOF & RICH

𝑝±/𝑒± identification
TRD & ECAL

Volume: 5m x 4m x 3m
Weight: 7.5 tons
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AMS Electromagnetic Calorimeter 
(ECAL) 

Electromagnetic shower
Highest enegy cells 
are in the core of 
the shower.

1296 cells = 72 cells/layer x 18 layers

Y Y X X Y Y X X Y Y X X Y Y X X Y Y
Direction Projection of Layers (10 in Z-Y, 8 in Z-X)

Particle
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Electromagnetic (EM) Shower (𝑒±)

Hadron Shower (𝑝±)
X-Y Projection Z-X Projection

X-Y Projection Z-X Projection

Bremsstrahlung

Pair production
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Classification

40% 95%

1% Proton Background

Deep Neural Network (DNN)

Electron Efficiency

Boost Decision Tree (BDT)



Electron Energy Correction (Regression)
• Input Variables: 18x72 ECAL cell energies
• Output Variable:  R = ((E_rec / E_truth) - 1)
• Corrected Energy: E_crr = E_rec / (1 + R)
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Preliminary Results (1584-2000 GeV)
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Physical Simulation

• Simulate the passage of particles through 
materials

§ Monte Carlo Method: Geant4 toolkit

ØHardware Resources: CPUs

DL-based Fast Simulation

• 100 to 1000 faster than the physical simulation

§ DL Algorithms:
Generative Adversarial Networks (GANs)
Diffusion Model
…

ØHardware Resources: GPUs

Shower Simulation (Generator)

Physics Variable
(x, y, θx, θy, E)

Shower Image

Domain Knowledge

NN

Random Noise 
(z)

Physical Simulation

DL-based Fast Simulation 7



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


Real or Fake
(1/0)

Shower Image
(Fake Sample)

Generator
x’ = G(z)

Physics Variable
(p = x, y, θx, θy, E)

Random Noise 
(z)

Geant4
MC Data (x)

Discriminator
D(x or x’)

Shower Image
(Real Sample)

Discriminator Loss = -mean{ log[D(x)] + log[1 - D(x’)] } = -{ log[D(x)] + log[1 - D(G(z))] } 
Generator Loss = -mean{ log[D(G(z))] }

Steps:
1). Minimizing Discriminator Loss
2). Minimizing Generator Loss
3). Repeat 1) and 2)

Real or Fake
(1/0)Shower Image

(Fake Sample)
Generator
x’ = G(z,p)

Random Noise (z)

Geant4
MC Data (x)

Discriminator
D(x or x’,p)

Shower Image
(Real Sample)

Discriminator Loss = -{ log[D(x,p)] + log[1 - D(G(z,p),p)] } 
Generator Loss = -log[D(G(z,p))] + λ * MSR(G(z,p), x)

Physics Variable
(p = x, y, θx, θy, E)

GAN

Conditional GAN

MSR(G(z,p), x) = mean {(G(z,p)-x)^2} 9
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Generator Loss = MSR(G(p), x)

Step 1:
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Reconstruction image G(p)

E = 1466 GeV

• x
• G(p)

• x
• G(p)
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Step 2:

Discriminator Loss = -{ log[D(x,p)] + log[1 - D(G(z,p),p)] } 
Generator Loss = -log[D(G(z,p))] + λ * MSR(G(z,p), x)

Z = 12
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ll 
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 [G
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]

Simulation image G(z,p)

• x
• G(p)
• G(z,p)

• X
• G(z,p)
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E = 1466 GeV



Physical Simulation

• Simulate the passage of particles 
through materials

§ Monte Carlo Method: Geant4 toolkit

Ø Hardware Resources: CPUs

DL-based Fast Simulation

• 100 to 1000 faster than the physical simulation

§ DL Algorithms:
Generative Adversarial Networks (GANs)
Diffusion Model

Ø Hardware Resources: GPUs

Physical Reconstruction

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

§ Traditional Algorithms:
Empirical Parametrization Equations

§ DL Algorithms:
Convolution Neural Networks (CNNs),
Graph Neural Networks (GNNs),
Transformer

Ø Resource requirement: CPUs, GPUs, FPGAs

Electronic Simulation/Calibration

• Simulate electronic response
• Calibrate signal

§ Traditional or DL Algorithms:
To solve the nonlinear relationship 
between optical photons and energy 
deposition.

Ø Hardware Resources: CPUs, FPGAs

Detector Hyperparameter

• Scintillation crystals (LYSO, BGO, …) and geometries
• Electronic type  (PMT, SiPM, …) and geometries
• Physical requirement (energy resolution, …)

§ Optimization Method: Grid search, …

Ø Hardware Resources: CPUs

Calorimeter Design Tool in High Energy Physics

Training/Test

Training

Test

Data Flow Data Flow

Setting

Feedback

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

slurm-ui03.twgrid.org
…

[DiCOS Apps]
Jupyter Lab GPU

[Slurm]
CPUs, GPUs A100, V100, …

Computing Resource
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