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The SNO+ Experiment Event reconstruction uses the relative timing information

of hit PMTs in an event
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* Multipurpose neutrino physics experiment
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 Held within a large cavity filled with 7kt of ‘ |
ultrapure water for shielding ¢

* Located 2km underground at SNOLAB

« ~6000m water equivalent, flat overburden
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* 12m diameter spherical acrylic vessel (AV)
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* AV filled with 780t of liquid scintillator
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. LAB (bulk solvent) + PPO (fluor)
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e High lightyield; ~250 hits/MeV. " SESEEE S g e e
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* Surrounded by ~9400 photomultiplier tubes S e
(PMTs) to detect light from interactions | | & °
* 18m diameter PMT support structure 200 250 300 350 400 450 500
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1. Maximum Likelihood Fitter 2. Convolutional Neural Network 3. Transformer Neural Network
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