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Liquid Argon Time Projection Chamber

* Detector for HEP experiments
- Ongoing neutrino research
- Particle interaction images
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PILArNet

* Public dataset for particle
Imaging liquid Argon detectors
In high energy physics

« Geant4 simulation projected to
XZ plane and cropped to 64x64

Adams, Terao, & Wongjirad, arXiv:2006.01993


https://arxiv.org/abs/2006.01993

Why Generative Modeling

Faster than full simulations

Experiment independent

Another tool for analysis

Proof of concept + ML advances




Image Generation P j>j> /

Y. Song, S. Ermon,
arXiv:1907.05600



https://arxiv.org/abs/1907.05600

How to Generate Images
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https://yang-song.net/blog/2021/score/



How to Generate Images v, logps(x) = - Vofo(x) - Vylog Zo = — Vs fo(x).
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How to Generate Images
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How to Generate Images
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Sparsity Problem

« Manifold Hypothesis

Data density Data scores Estimated scores
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Annealed Langevin Sampling
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LArTPC Image Generation

Training Images Generated Images
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LArTPC Image Generation

Training Images Generated Images




Continuous Domain

Forward SDE (data = noise) Reverse SDE (noise = data)

score function

dx = f(x,t)dt + g(t dx - 2(t)&x logpt(xj] dt + g(t)dw

VPSDE perturbation kernel: p()_ft])zg) = N(X()Ei_% JoBs)ds 1 1= o fls)ds)




Continuous Domain

Data Forward SDE Prior Reverse SDE Data

2(0) de = f(z,t)dt + g(t)dw >@— dz = [f(=,t) — ¢° (t)V. logp (z)] dt + g(t)dw

N~

Yang Song et al., arXiv:2011.13456


https://arxiv.org/abs/2011.13456
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Loss
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High Dimensional Goodness of Fit Tests
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Semantic Segmentation Network (SSNet)

- . - o

Track

\ B Shower
",

MicroBooNE Collaboration, arXiv:1808.07269


https://arxiv.org/abs/1808.07269
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Physics Metrics: Showers

Shower Charge Distribution
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Physics Metrics: Tracks
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Physics Metrics: Chi-Squared

Track Length Track Width Shower Charge

10 Epochs 6458

50 Epochs 126 418 228
150 Epochs 130 175 382




Frechet Inception Distance (FID)

* Process:
1. Getlayer activations from classifier

- Typically use Google’s Inception v3 deepest activation layer (pool3)

e 2048-dimensional activation vector

2. Fit activations to multidimensional Gaussian distribution
3. Find Wasserstein-2 distance between the Gaussians

 \WWe can use activations from SSNet instead




SSNet-FID

SSNet-FID
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Turing Test

Turing Test Accuracy
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Next Steps & Applications

« Conditional generation

- Reconstruction comparisons

- Background data generation

- Propose corrections to fill detector gaps




The End

 Score-based Diffusion Models for Generating Liquid Argon Time
Projection Chamber Images
- Zeviel Imani, Shuchin Aeron, Taritree Wongjirad
- arXiv:2307.13687

* Questions?



https://arxiv.org/abs/2307.13687
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Generated Images


https://arxiv.org/abs/1902.02346
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