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Score-Based Generative Model
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Forward SDE (data — noise)

dx = f(x,t)dt + g(t)dw



Score-Based Generative Model

score function

dx = [f(x,t) — ¢*(t)Vx log p: (x)] dt + g(t)dw

Reverse SDE (noise — data)
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Determining Score

* Normalized probability density function

Vi logps(x) = —Vifa(x) — Vxlog Zg = — Vi fa(x).
——

e Score

=()

* Train neural network to approximate through score matching EAIGJESAVSSLI:F/169)




Interpreting Score

* Gradient of the log probability density function

Score function (the vector field) and density function (contours) of a
mixture of two Gaussians.



Langevin Dynamics

v

 MC procedure to sample from distribution using score
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Stochastic gradient descent path

Tpe] = X + V. lt;r;;'ptf.-;-';:jl + V2, where z ~ N(0, 1 )
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Process Overview
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Low Density Problem
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Estimated scores
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Diffusion Process

Estimated scores
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Annealed Langevin Sampling
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Physics Application
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NuMI DATA: RUN 10811, EVENT 2549. APRIL 9, 2017.
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Generated Tracks & Shower

Training Images Generated Images

. ‘ .
4
\ .
. . e pu ]

14



15



16



Semantic Segmentation Network (SSNet)
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fraction of images

fraction of images

fraction of all pixels
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Fraction of Images

Track Length Distribution
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Fraction of Images

Track Angle Distribution
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Fraction of Images
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Next Steps & Applications

* Wavelet transform for shower analysis
* Train using physics metrics

* Conditional generation

* Generate background data

* Geantd speed up
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Sources

* https://arxiv.org/abs/1907.05600

e https://arxiv.org/abs/2011.13456

* https://vang-song.github.io/blog/2021/score/

* https://github.com/yang-song/score sde pytorch
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