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Energy Reconstruction

 LArTPC pixel maps for each event are either 3 x 2D 1mages

* CNNss are neural networks specialized to taking images, using a set of translationally
invariant filters

* Therefore, reconstructing DUNE events with CNNs 1s 1deal application of deep
leaming techniques Fully Connected Layer Locally Connected Layer

Example: 200x200 image
40K hidden units
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Example: 200x200 image
40K hidden units

e CNNs can be used for:

. . 7 Filter size: 10x10 *
 DUNE 1s a next-generation Mpaioerts resolution E..;—E o/ Ene
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Traditional artificial neural network Convolutional neural network
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* Far detectors based on liquid EO0Ga/men energy, or event vertex
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* The complex LArTPC offers and event 1dentification
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Events (arbitrary units)
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CNNss are also robust against neutrino interaction modes, Other Methods Being Developed
because of high number of degrees of freedom to fit to 10 5o 55 —15 20 35 30 Sparse CNNs for Semantic Segmentation
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different types of interaction DUNE Simulation * Takes advantage of sparseness of hits |
_ _ — CNN * Shown promise for identifying individual pixels as part of tracks or showers
DUNE Preliminary DUNE Preliminary DUNE Preliminary
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Graph Neural Networks (GNN)

* Breaks up hits into “graph™ comprised as connected nodes with information
such as geometry and energy composition

* Feeds these graphs to a NN which labels individual nodes

* Shown promise in ProtoDUNE
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