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Deep
learning:

Particle reconstruction
Recognizing
patterns

- Deep learning is about recognizing patterns
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- Signal encodes type of pulse in ~2000 samples
 Background rejection

- Patterns highly complex — deep learning for
recognition




228Th calibration run I anti-coincide_nc»_a cut (AC) + muon veto (MV)
[ AC + MV + liquid argon veto (LAr)

AC + MV + pulse shape discrimination (PSD)

AC + MV + LAr + pulse shape discrimination (PSD)
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GERDA data: [
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- Terabytes of high-dimensional data, only tiny
fraction labelled

* Not enough labelled training data — Hand-written
parameter extraction (preprocessing)
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Autoencoder:

/

Unsupervised
learning

Compact
Represent.
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- Autoencoders learn the best compression of
unlabelled data

* Encoder, decoder & compact representation are
learned from data

- Compact representation ~2 orders of magnitude
smaller than original pulse
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* Reconstruction from compact representation
* Less information than original pulse

* Noise is not learned as it follows no pattern




* Unsupervised
Adva ntages - Can be trained on unfiltered data sets

Ofthe - Compact representation
aUtoenCOder * Low-dimensional

* No noise information




Classification
with

autoencoder
and neural
network

Inbut Compact Classificat
P Represent. assification

* Train autoencoder on ALL data

* Train neural network on compact representation of
labelled data



Detector RGz, run 62, Autoencoder and PSD
network with 2 hidden layers trained on run 63
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* Performance with autoencoder much better




Summary &

Outlook

- New method for pulse analysis

* Key technique: Unsupervised information reduction
+ Competitive compared to current methods

* Outlook

* Use simulated pulses for training
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