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● Neural (zero charge), subatomic 

particles

● Three known flavours: 𝜈e , 𝜈μ, 𝜈𝜏
● Move at 99.9̅9̅ c

● Weak interactions & gravity

● Neutrino mass states: 𝜈1 , 𝜈2, 𝜈3

● Masses unknown!

Neutrinos

1.  https://www.annualreviews.org/doi/pdf/10.1146/annurev-nucl-102020-101615

Δm2
32

PMNS Matrix

𝜈µ µ-

w

d u

1.

1.
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● Neural (zero charge), subatomic 

particles

● Three known flavours: 𝜈e , 𝜈μ, 𝜈𝜏
● Move at 99.9̅9̅ c

● Weak interactions & gravity

● Neutrino mass states: 𝜈1 , 𝜈2, 𝜈3

● Neutrinos oscillate! 

● Anti neutrinos!

Neutrinos

1.  https://www.annualreviews.org/doi/pdf/10.1146/annurev-nucl-102020-101615
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● Probability of oscillation can be 

calculated! 

● CP violation, δCP 

Oscillation Probability 

1.  https://www.annualreviews.org/doi/pdf/10.1146/annurev-nucl-102020-101615 2. https://lbnf-dune.fnal.gov/

2.

1.

https://www.annualreviews.org/doi/pdf/10.1146/annurev-nucl-102020-101615
https://lbnf-dune.fnal.gov/
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● Protons => graphite target => 

Mesons (hadrons)!

○ Pions: π+/- => μ+/- +  ̅𝜈μ or e+ + 𝜈e 

or others

○ Kaons: K => μ+ + 𝜈μ or others

DUNE 𝜈-beam 

1.  http://hep.ucsb.edu/people/claudio/ph225a-11/NeutrinoPlots2011b.pdf

Large Magnets!

1.

http://hep.ucsb.edu/people/claudio/ph225a-11/NeutrinoPlots2011b.pdf
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● Long baseline neutrino experiment 

● Near Detector and Far Detector both 

use a technology called a Liquid 

Argon Time Projection Chamber 

(TPC)

Deep Underground Neutrino Experiment (DUNE) 

1.  https://lbnf-dune.fnal.gov/how-it-works/neutrino-beam/ 2. https://lbnf-dune.fnal.gov/
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1.

2.

https://lbnf-dune.fnal.gov/how-it-works/neutrino-beam/
https://lbnf-dune.fnal.gov/


7

● 4 10 kilo-ton TPC’s 

(fiducial volume)

(3 planned in detail + 1)

● Supernova neutrino physics!

The Far Detector

1.  https://lbnf-dune.fnal.gov/ 2. https://cdn.mos.cms.futurecdn.net/r6VkfLP3F2zbrWXdgeDis.jpg

1.

2.

https://lbnf-dune.fnal.gov/
https://cdn.mos.cms.futurecdn.net/r6VkfLP3F2zbrWXdgeDis.jpg
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The Near Detector

1. http://tinyurl.com/49dyncd8 2. https://www.jinr.ru/posts/on-jinr-s-participation-in-dune-experiment/

● Near detector complex 

composed of multiple 

instruments!

● ND-LAr: Liquid argon TPC 

detector, identical to FD!

● Lots of events! 

So…segment the detector 

using modules

1.

2.

http://tinyurl.com/49dyncd8
https://www.jinr.ru/posts/on-jinr-s-participation-in-dune-experiment/
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● Prototype for the Near 

Detector! 

● Currently sits underground at 

Fermilab 

● Will use the NuMI beam

● MINERvA planes repurposed 

to tag muons 

● Hope to better understand 

capabilities of the ND!

● Inactive regions!

● Can we train an ML model to 

learn to infer these tracks? 

The 2x2 Prototype Demonstrator

1.  https://indico.cern.ch/event/1216905/contributions/5451825/attachments/2700861/4687914/NuFact_NearDetector_2023.pdf

1.

https://indico.cern.ch/event/1216905/contributions/5451825/attachments/2700861/4687914/NuFact_NearDetector_2023.pdf
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Vision Transformers! Masked AutoEncoder (MAE)!

1. https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture18.pdf

1.

https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture18.pdf
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Vision Transformers! Masked AutoEncoder (MAE)!
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Vision Transformers! Masked AutoEncoder (MAE)!
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Vision Transformers! Masked AutoEncoder (MAE)!
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Vision Transformers! Masked AutoEncoder (MAE)!
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Vision Transformers! Point clouds!

1. https://www.cs.cmu.edu/~wyuan1/pcn/images/shapenet.png

1.

https://www.cs.cmu.edu/~wyuan1/pcn/images/shapenet.png
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● Images!

● The middle (masked) and right most (reconstructed) point clouds contain half 

the number of points as the most left (raw point cloud), this is true for the 

remaining images

Training Results; PointMAE 

● These are 3D! Some points are on top of each other due to angle of view!

● The results look too good to be true? 

How does the model know this 

batch of points exists?

Ground Truth Masked Reconstruction
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Training Results; PointMAE How does the 

model know 

this batch of 

points exists?
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Training Results; PointMAE 
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Training Results; PointMAE 
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Training Results; PointMAE 

*Here, masking 

and reconstruction 

is done on points 

into the page



21

Training Results; PointMAE 
How does the model know this 

batch of points exists?
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● So, what is happening? 

● The model is “cheating”!*

○ Patching scheme

Training Results; PointMAE 

FPS kNN

kNN

● Center points are not

masked!

● Upsampling performed 

around center points! 

○ ML-based 

upsampling

* not literally
1. https://arxiv.org/pdf/2203.06604.pdf 2. https://arxiv.org/pdf/2211.12294.pdf

1.

Patches

2.

https://arxiv.org/pdf/2203.06604.pdf
https://arxiv.org/pdf/2211.12294.pdf
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Build a Custom Transformer! RNN! GNN? 

● Recurrent Neural Networks!

○ Time!

● Graph Neural Networks!

○ Graph Attention Networks! 
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Breaking Barriers! 

1. https://freewebillustrations.com/static/images/preview/delesign-free-designs-breaking-barriers.png

● Breaking barriers! 

● Normalize stuttering and non-

normative speech! 

https://freewebillustrations.com/static/images/preview/delesign-free-designs-breaking-barriers.png

