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𝑓: 𝐼 → 𝑂

𝐼 O

𝑥 = 3 𝑦 = 12 𝑦

𝑥

DL performs a mapping 
from inputs to outputs

Different architectures 
utilize different symmetries 
and domain knowledge
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Exploit Periodicity:

𝑥′ = 𝑥 mod 𝑇
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Amundsen-Scott South 
Pole Station, Antarctica

86 Strings:
  78 Main Array
  8 DeepCore

5160 Digital Optical 
Modules (DOMs)

Credit: Martin Wolf, IceCube/NSF

IceCube Laboratory

17 m

DeepCore

Main Array

IceTop



U [mV]
Q [PE]

Time [ns]

Cherenkov 
Radiation

Pulse Series: (𝑡𝑖 , 𝑞𝑖 )

ℒ Ԧ𝑥 Ԧ𝜃 = ෑ

𝑖

𝑝(𝑥𝑖| Ԧ𝜃)

Data rate: ~1 TB/day



ns

Event Classification
Topology? Neutrino?

Event Reconstruction
Direction? Energy? Vertex?

1 2

Track Event Cascade Event

ns

Ratio of signal to background: ~ 1: 100 million
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Colors: 
DOMs at different 
distances from cascade
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