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Noisy environment of ATLAS
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* Most experiments works in a noisy environment

* ATLAS => pile-up

* Classifier based removal is common (0: pile-up particle, 1: true particle)
* Using variational inference to generate the clean event

* Like super-resolution for image generation

Classifier removal Variational inference removal

Observed event
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1. Can overcome in-efficiencies (based on simulation) Set-to-set diffusion
 Detector limitation l {Cpred }
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Noise removal using diffusion
models

Variational inference for pile-up removal (VIPR)

Set-to-set diffusion Results of set-to-set generation

Not Iimited to The ATLAS Experiment ’“’“‘”’“ e e

schemes (SoftDrop, PuppiML)
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If classifier-based noise removal is used, 8\
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Posterior estimation using VIPR [ Calibrated estimates

Using a generative model for probabilistic regression to generate | If your posteriors are calibrated, the
the posterior distribution of an estimate nominal and empirical coverage should
be identical

Other items we can talk about:

Integral of truth quantiles
; o 10

Diffusion models \

Overconfident

Transformers

Nominal coverage

Accounting for inefficiencies in the detector:

] Let's say your detector merges some particles together or does not reconstruct all
0 pt I m a I t ra n S po rt particles. Generative models can account for missing observed particles or other
inefficiencies, whereas classifier-based models cannot.
We introduce a flat inefficiency of 10% (i.e., 10% of particles are missing):

Domain adaptation

Decorrelation
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