Noise removal using diffusion

models

Variational inference for pile-up removal (VIPR)

Set-to-set diffusion

Training setup for EDM for set-to-set diffusion
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Generated Jets:

Results of set-to-set generation

The model is trained to generate a pile-up free jet from an observed
jet contaminated with pile-up. Standard methods use classification
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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
Posterior of a single event Iin py
— VIPR === SofiDrop Integral of truth quantiles
—— Ground truth - PuppiML | 10 10
: % %
0.90- E E 0.8 Underconfident E 0.8 Underconfident
0 | g_-’ g
= : ) e _
Eﬂ.l':'r E O 0.6 ) 0.6 Z
- ; = = VIPR
E | O 0.4 U 0.4 / — D>
E 0.10- ] - . = .
$ Q0.2 / 12 202 ~ Mass
= 005 E uE.I #" Overconfident vV dos I.IE.I Overconfident —— pt
i 0.0 , . . 0 1 , ,
| (?.00 0.25 0.50 0.75 1.00 (?.00 0.25 0.50 0.75 1.00
0.00- —r ko i

Nominal coverage

Accounting for inefficiencies in the detector:

Let’s say your detector merges some particles together or does not reconstruct all
particles. Generative models can account for missing observed particles or other
inefficiencies, whereas classifier-based models cannot.

We intfroduce a flat inefficiency of 10% (i.e., 10% of particles are missing):
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