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Unfolding: Bridging the Gap...

Necessary to
compare data
across
different
experiments /
with theory
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Unfolding as a Classification Task
Classifying the reco-level values into truth-level bins

* |terate to reduce prior dependence

 Can start with flat prior F (xg) = const.

« [rained classifier applied to data — ql.e’ data (predicted probability for truth bin 1 event ¢)
1 Nevt,data
: / _ e, data : :
_ Update and obtain F,(x) = Z q! for iteration n

N, evt,data

e=1

 Re-sample the MC & re-train the classifier

* (Ensembling to get the result)
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Classifying the reco-level values into truth-level bins
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Performs very well even for huge off-diagonal
response elements from a shift (x, — x, + 0.05)!
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Optimizing reco Observable (O ) with ML 2203.16722
What to unfold?

* Usually we discuss the art of matrix inversion (i.e. How)

 Step 0: What is the observable?

 Can we do better than simply adding variables / going to higher dimension??

e YES!

» Particle-level: from a list of 4-vectors, must be linked to theory for comparison

* Detector-level: from energy flow objects
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What to unfold?

2203.16722

2110.05505

ATHENA fast simulation (Rapgap+Delphes)
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Optimizing reco Observable (O ) with ML

What to unfold?

 ML-assisted reconstruction goals
 Reduce bias

* |mprove resolution
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What to unfold?

ATHENA fast simulation (Rapgap+Delphes)
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ATHENA fast simulation (Rapgap+Delphes)
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Normalized response matrix, electron

What to unfold?
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Normalized response matrix, electron
0

What to unfold?

 ML-assisted reconstruction
reco-level observables has the
most diagonal fractions
throughout phase space
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Normalized response matrix, electron
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Fully Bayesian Unfolding:

Neural Posterior Unfolding 1201.4612

24006.XXXXX

Fast regularized neural posterior estimation with NFs

e Motivations

Bayesian: access to full posterior

Circumvent MCMC for sampling to fit parameters via amortized VIL: directly
learn Pr(tj | m.) from prior pairs that are passed through R

Normalizing Flows (NFs) as the density estimator is inherently reqularizec
through model selection (i.e. the validation loss)

Still sensible in phase space poorly constrained by data (i.e. response matrix
with degeneracy)
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Neural Posterior Unfolding
Fast regularized neural posterior estimation with NFs
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Neural Posterior Unfolding
Fast regularized neural posterior estimation with NFs
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Neural Posterior Unfolding

IBU result
overlaid In blue
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Neural Posterior Unfolding
Fast regularized neural posterior estimation with NFs

. IBU result
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Neural Posterior Unfolding
Fast regularized neural posterior estimation with NFs
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Neural Posterior Unfolding
Fast regularized neural posterior estimation with NFs
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