D'U'CV‘E l :i

DEEP UNDERGROUND
NEUTRINO EXPERIMENT

Intense Neutrino Reco: MLReco3D
for DUNE’s Near Detector

Jessie Micallef

on behalf of the DUNE Collaboration
IAIFI Postdoc Fellow
jessiem@mit.edu

B B Massachusetts
I I Institute of u ts

Technology UNIVERSITY



https://iaifi.org/

Neutrinos & Machine Learning

Institute for Artificial Intelligence and Fundamental Interactions

“Physics

https://jessimic.github.io/tech-portfolio/

Intense Neutrino Reco: MLReco3D for DUNE'’s Near Detector - J. Micallef WireCell Summit 2024



https://jessimic.github.io/tech-portfolio/docs/poas

DUNE: Deep Underground Neutrino Experiment

Sanford

Underground
Research
Facility

Fermilab

Deep Underground Neutrino Experiment

Sanford Underground
Research Facility
Lead, South Dakota

\ / Sanford Underground

\/ Fermilab Research Facility

Batavia, lllinois
L] s, (Proposed)
——r—rr

K Vi i,
———)

Fermilab




DUNE: Frontier Measurements of Neutrino Physics

Deep Underground Neutrino Experiment

- PIP-II upgrade
Sanford Formilab will lead to world’s

Underground .

Research iles o .- S TR D, N .

Fachty . most intense

A o Y oV neutrino beam

1600 1400 1200 1000 800 600 400

Probability of detecting electron, muon and tau neutrinos




DUNE: Frontier Measurements of Neutrino Physics

Deep Underground Neutrino Experiment

- PIP-II upgrade
Sanford Formilab will lead to world’s

Underground .

Research iles o . SR D N .

Fachty . most intense

A o Y oV neutrino beam

- Near detectors at
Fermilab

1600 1400 1200 1000 800 600 400

Probability of detecting electron, muon and tau neutrinos




DUNE: Frontier Measurements of Neutrino Physics
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Liquid Argon (LAr) Time Projection Chamber (TPC)

Anode- and charge
readout plane

@ |onized atom
@ |onization electron

Charged particle

https://argoncube.org/LArTPCs.html



https://argoncube.org/LArTPCs.html

Liquid Argon (LAr) Time Projection Chamber (TPC)

Anode- and charge
readout plane

@ |onized atom
@ |onization electron

Charged particle

Color = charge deposition
https://argoncube.org/LArTPCs html Output: pion and two protons
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https://argoncube.org/LArTPCs.html

Liquid Argon (LAr) Time Projection Chamber (TPC)

But we're using a 2D pixel plane
Anode- and charge readout! So we get a 3D image!

readout plane

@ |onized atom
@ |onization electron

Charged particle TPC-facing side of pixel plane with 832 pads (left)

and back of plane with 4 LArPix ASICs (right).
LArPix Paper

https://argoncube.org/LArTPCs.html



https://argoncube.org/LArTPCs.html
https://arxiv.org/pdf/1808.02969.pdf

Handling Beam Intensity

- Expect ~55 v interactions!

Simulation of ND LAr
beam spill (10us)

https://argoncube.org/LArTPCs.html
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Handling Beam Intensity
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https://argoncube.org/duneND.html

Handling Beam Intensity

Expect ~55 v interactions!
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https://argoncube.org/duneND.html

Handling Beam Intensity

- Expect ~55 v interactions!

-  Need new technology: e~ %"
- Modular detector for . _
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https://argoncube.org/duneND.html

Handling Beam Intensity: 2x2 Prototype
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https://indico.bnl.gov/event/21492/contributions/89077/attachments/53834/92074/NDLAr_Overview_WireCell_Summit___Russell___11April2024.pdf
https://indico.bnl.gov/event/21492/contributions/89077/attachments/53834/92074/NDLAr_Overview_WireCell_Summit___Russell___11April2024.pdf
https://indico.bnl.gov/event/21492/contributions/88987/attachments/53738/92029/ProtoDUNENDWireCell.pdf

3D LAr TPC: ML Reco 3D
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https://www.deeplearnphysics.org/lartpc_mlreco3d_tutorials/Code/README.html

3D LAr TPC: ML Reco 3D
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3D LAr TPC: ML Reco 3D
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Pixel Features: Semantics

Encoder Decoder
Pixel feature extraction I I III
y 1R Semantics U
M I I ----- - I I I
input

UResNet
tconv-s2-fdec

UResNet = U-Net + Residual connections
- Uses autoencoder — Residual connections
Phys Rev D (102) 012005 =~ — Uses submanifold sparse convolutional layers =~ = @



https://journals.aps.org/prd/pdf/10.1103/PhysRevD.102.012005
https://arxiv.org/abs/1505.04597
https://arxiv.org/abs/1512.03385
https://arxiv.org/pdf/1706.01307.pdf
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https://journals.aps.org/prd/pdf/10.1103/PhysRevD.102.012005
https://journals.aps.org/prd/pdf/10.1103/PhysRevD.104.032004
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https://journals.aps.org/prd/pdf/10.1103/PhysRevD.102.012005
https://journals.aps.org/prd/pdf/10.1103/PhysRevD.104.032004

Pixel Features: Semantics
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Submanifold Sparse Convolutions
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https://arxiv.org/pdf/1706.01307.pdf

Sparse CNNs on LArTPCs

Gives capability to train on entire LArTPC image, instead of multiple crops!
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https://arxiv.org/pdf/1903.05663.pdf

Pixel Features: Points of Interest
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.104.032004

Pixel Features: Points of Interest
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.104.032004

Pixel Features: Points of Interest
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Pixel Features: Points of Interest
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Pixel Features: SPICE Clustering

Scalable Particle Instance Clustering using Embedding
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https://arxiv.org/abs/2007.03083

Pixel Features: Output
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Cluster Clustering
Use Graph Neural Network
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https://arxiv.org/pdf/2007.01335.pdf

Cluster Clustering: Inputs
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Cluster Clustering: Inputs
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Cluster Clustering: Particle Clustering
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Output: Primaries & Particles
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3D LAr TPC: ML Reco 3D
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Interactions & Identification
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Performance: Example for Prototype ND
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Performance: Metrics
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See Brooke’s ND-LAr
Overview from
Thursday afternoon!

12 MINERVA 2x2 Cryostat 32 MINERVA
Modules and 4 TPCs Modules


https://indico.bnl.gov/event/21492/contributions/89077/attachments/53834/92074/NDLAr_Overview_WireCell_Summit___Russell___11April2024.pdf
https://indico.bnl.gov/event/21492/contributions/89077/attachments/53834/92074/NDLAr_Overview_WireCell_Summit___Russell___11April2024.pdf
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DUNE Near Detectqr 2x2 Prototype MINERVA: Solid scintillation particle

detector with 3 orientations

12 MINERVA 2x2 Cryostat 32 MINERVA
Modules and 4 TPCs Modules




SUE DUNE 2x2 uses Liquid Argon TPCs

NEUTRINO EXPERIMENT

4 LArTPCs
with 3D pixel
readout

DUNE Near Detector 2x2 Prototype

12 MINERVA 2x2 Cryostat 32 MINERVA
Modules and 4 TPCs Modules

MINERVA: Solid scintillation particle
detector with 3 orientations
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Wait! MINERVA has different detection resolution

— CNN would be affected by this
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https://www.deeplearnphysics.org/lartpc_mlreco3d_tutorials/Code/README.html

ML Reco 3D: Adding MINERVA
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Future AppliCatiOHS - Integrating detection from multiple

detectors into single network

Single ND-LAr Module - Light & Charge
Light Collection Module

TPB on fibers shift 128 n

128 nm
LAr scintillation light

WLS-fibers shift 425 nm -> 510 nm,
510 nm light is detected by SiPM

ArCLight

LAr scintillation light

TPB
DF-PA dichroic film

Cathode

Charge
readout

Mirror




Future AppliCatiOHS - Integrating detection from multiple

detectors into single network
Single ND-LAr Module - Light & Charge
Light Collection Module - ND-LAr & TMS
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https://www.deeplearnphysics.org/lartpc_mlreco3d_tutorials/Code/README.html

Thank you for your attention!
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Pixel Features: Output
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https://journals.aps.org/prd/pdf/10.1103/PhysRevD.102.012005

Cluster Clustering: Primary Classification
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2x2 Prototype Beam vs DUNE Beam
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https://indico.cern.ch/event/881216/contributions/5048756/attachm
ents/2534229/4361050/Klustova_MINERVAFIux_NulNT22.pdf

https://arxiv.ora/pdf/1803.08848.pdf



https://indico.cern.ch/event/881216/contributions/5048756/attachments/2534229/4361050/Klustova_MINERvAFlux_NuINT22.pdf
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