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MiniBooNE event display l l

The MicroBooNE experiment

. Investigate MiniBooNE low-energy excess,
search for BSM physics (including sterile neutrinos),
perform v — Ar cross-section measurements

* LArTPC technology yielding
of particle interactions, and scintillation light
P rovides MicroBooNE event display

* Ability to separate between photons and electrons
(MiniBooNE limitation)

Superb imaging capabilities require

13cm

BNB DATA : RUN 5370 EVENT 1‘:227. MARCH 10, 2016.
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Reconstruction advancements at MicroBooNE

In order to fully interpret LArTPC images, the following steps are crucial: —

Pattern recognition

. multi-algorithm reconstruction

* New Deep-Learning Based reconstruction ( )
. reconstruction

Graph Neural Network-based reconstruction ( ) )
Techniques to reconstruct low-energy signatures

Energy reconstruction
* New Deep-Learning Based energy estimator

RNN estimator | LowE | DL|Wire Cell |GNN



Eur. Phys.].C78,82(2018) ' '

Pandora Multi-Algorithm Approach ©

* Many logical steps to go (charge measurement on single wire at given time)
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 Build up events gradually > 100 algorithms to address specific topologies

e Can construct algorithm chains tailored for different detectors and analyses


https://doi.org/10.1140/epjc/s10052-017-5481-6
https://github.com/PandoraPFA

Pandora Multi-Algorithm Approach (2)

RNN estimator | LowE | DL|Wire Cell |GNN
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Pandora Multi-Algorithm Approach (2)
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Pandora Multi-Algorithm Approach (2)

1. Run cosmic reconstruction, set G
aside “clear” cosmic ray muons

2. Divide remaining hits in group \"\_
that represent Ea)
or \\
77'7;,,,,,

Eur.Phys.J.C 83 (2023) 7, 618

RNN estimator | LowE | DL|Wire Cell |GNN



—

Pandora Multi-Algorithm Approach (2)

1. Run cosmic reconstruction, set

Parent muon (track) particle aside “clear” cosmic ray muons
\///
g 2. Divide remaining hits in group that
represent individual cosmic or

/ Daughter delta neutrino interactions
-— ray (shower)
/ particles

Candidate
shower branches

/ 3. Run both and
on each group
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Pandora Multi-Algorithm Approach (2)

Parent muon (track) particle
\ /
//

Daughter delta

/
/k — ray (shower)

particles

Run cosmic reconstruction, set
aside “clear” cosmic ray muons

Divide remaining hits in group that
represent individual cosmic or
neutrino interactions

Candidate
shower branches

shower spines
W, wire position / /

Run both cosmic and neutrino
reconstruction on each slice L»

Pick best outcome
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Pandora Multi-Algorithm Approach (2)

1. Run cosmic reconstruction, set

Parent muon (track} particle aside “clear” cosmic ray muons
\///
2. Divide remaining hits in group that
represent individual cosmic or
Daughter delta neutrino interactions

Candidate
shower branches

4,,,—— ray (shower)
particles

/ 3. Run both cosmic and neutrino
reconstruction on each slice

4. Pick best outcome

Pandora used in > 20 publications at MicroBooNE
Also see Andy Chappell’s talk on Pandora for DUNE



https://indico.cern.ch/event/1291157/contributions/5892382/
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Pandora recent developments for MicroBooNE

* \Vertex crucial anchor in reconstruction » Correct v interaction reconstruction
* New CNN-based vertex finding algorithm crucial to deliver good input to analysis
* 14% more vertices found within 1 cm * New DL techniqgue under development

Fraction Of Events
° °

RNN estimator | LowE | DL|Wire Cell |GNN

MicroBooNE work in progress

8
reco - true (cm)
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NuGraphZ: A Graph Neural Network for Neutrino Event Reconstruction

Developed by Exa.TrkX collabgration

me - me o |nput features:

©
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https://arxiv.org/abs/2403.11872
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NuGraphZ: A Graph Neural Network for Neutrino Event Reconstruction

Prediction - Semantic (BNB Data, Run 5729 Event 6086) MB()Q@‘ . .
peo * Trained on the MicroBooNE open data sets g
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https://arxiv.org/abs/2309.15362
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Wire-cell LArTPC reconstruction: tomographic approach

JINST 12 PO8003, JINST 13 P05032

After Noise Filtering 1-D Deconvolution  2-D Deconvolution MicroBooNE data =
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https://iopscience.iop.org/article/10.1088/1748-0221/12/08/P08003
https://iopscience.iop.org/article/10.1088/1748-0221/13/05/P05032
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New DL-Based LArTPC Reconstruction

* A New CNN-Based Reconstruction Framework (MICROBOONE-NOTE-1123-PUB)
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RNN estimator | LowE

* Builds on previous DL-based framework designed for quasi-elastic CC v, LEE search
to allow for generic neutrino interaction reconstruction


https://microboone.fnal.gov/wp-content/uploads/2024/06/MICROBOONE-NOTE-1123-PUB.pdf
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New DL-Based LArTPC Reconstruction
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New DL-Based LArTPC Reconstruction
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New DL-Based LArTPC Reconstruction
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New DL-Based LArTPC Reconstruction
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New DL-Based LArTPC Reconstruction
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New DL-Based LArTPC Reconstruction
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New DL-Based LArTPC Reconstruction (2)

* v, and v, selections developed
using LArPID scores for clusters
attached to neutrino interaction
candidates

compare favorably to
MicroBooNE's previous-best results

. in
high-level kinematic distributions

* Not yet finalised analysis, but
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Low-energy signatures in LArTPCs

©
. )
Broad range of energy scales in LArTPCs 2
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Phys.Rev.D 102 9, 092010 (2020)
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Techniques for low-energy signatures at MicroBooNE

Isolated hits are identified on each plane, and timing/charge metrics used to
match between planes

12
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Techniques for low-energy signatures at MicroBooNE

Isolated hits are identified on each plane, and timing/charge metrics used to
match between planes

e During 2021 R&D run, active LAr volume doped with Rn

Rn

3.8 days

alﬁ/

Detect ff produced in
association with 214-Po,

and a from its decay
12
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Techniques for low-energy signatures at MicroBooNE

Isolated hits are identified on each plane, and timing/charge metrics used to
match between planes

e During 2021 R&D run, active LAr volume doped with Rn

O 214Pg @ (7.7 MeV)
A

214Bi B (@=33MeV)

Study detector

Detect 5 produced in response
association with 214-Po,  (e.g. a charge
and a from its decay quenching)

12
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Techniques for low-energy signatures at MicroBooNE

Isolated hits are identified on each plane, and timing/charge metrics used to

match between planes

e During 2021 R&D run, active LAr volume doped with Rn

Rn

a(.:Im { 15'?:} 214Po * o (7.7 MeV)
D Q8 '

al [3/, 2(E‘I (z,l :

Pb Pb 214Bj B (@=33MeV)

Study detector

Detect 5 produced in

response
association with 214-Po,  (e.g. a charge
and a from its decay quenching)

Reconstruction efficiency

PhysRevD.109.052007
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https://journals.aps.org/prd/abstract/10.1103/PhysRevD.109.052007
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RNN energy estimator

Oscillation probability depends on energy = energy estimation of crucial importance
Traditional approach (for CC): E, = E; + Epga + Ebinding

Does not account for energy lost to undetected particles (e.g. neutrons, neutrinos, ...)

New RNN approach to consider kinematic
correlations for final-state particles, and @

LowE | DL| Wire Cell |GNN |Pandora

P Concatenation

Use Wirecell-reco (tracks
start/end, PID, momentum) and

(containment, v, vs v,) variables

—— @ ——| Predictor

T

Preproc & Predictor

Dense(128) )| X3 ~—

* Maintains a fixed-size memory state of the
past tokens, and at the end

13



RNN energy estimator (2)
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Mean of (Eec® — Eire)/ Eirve

MicroBooNE Simulation (,CC FC)

MicroBooNE Simulation (,CC FC)

— 25000 —
8000 1 Traditional RNN Traditional RNN
Mean -0.13 Mean -0.04 Mean -0.05 Mean -0.01
RMS 0.26 RMS 0.20 20000 1 RMS 0.22 RMS 0.15
6000 -
» 15000
4000 - g
* 10000
2000 - 5000 1
0 T T T 0 u T T
-1.0 —-0.5 0.0 0.5 1.0 -1.0 —0.5 0.0 0.5 1.0
(ELeco _ E‘t’vue)/E’:me (E[reco _ El(rue)/Eluue
MicroBooNE Simulation (,CC FC)
024 *  Reweighting applied
ok L to reduce bias
R _ }
= __ .. . |* RMSand bias
—0.2 e e
S R compare favourably
—— Traditional e =] . C.
0.4 = Original RN~ =i 2 with traditional
- e
—— Reweighted RNN
; method

0 1 2 3 4 5
B (GeV)

50001~ MicroBooNE Simulation|
C numuCC FC
4000~ 0 — True Energy
E E 1 - Baseline: reco energy
S 3000— — DL EE: reco energy
2 [ | o
2 £ 1
§ 2000—
[ C
@ £
1000 I
C -
C 1 L L
0 500 1000 1500 2000 2500
10°E
10
' F
> -
° n
T
£
<
L3
F MicroBooNE 6.369x10°° POT
| Sensitivity at 95% CL,
Traditional
—— RNN
107" :
10
sin’20,,

arXiv:2406.10123

DL energy estimator
reproduces true
energy better than
traditional method
Better sensitivity

to oscillation
parameters and to
sterile neutrinos
Study goodness-of-
fit via conditional
covariance tests,
constraining on
muon kinematics
and hadronic energy
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https://arxiv.org/abs/2406.10123
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Conclusions

New Pandora DL vertex reconstruction: 14% more reco vertices within 1 cm from true vertex

NuGraph2 shows 98% signal vs background accuracy and 95% semantic PID accuracy
* v, and Vy selections using a new DL-based reconstruction show improvement on previous results

Novel technigues to reconstruct low-energy signatures and study detector response were developed

New RNN-based energy reconstruction yields better RSM and bias compared to traditional approach

* Stay tuned ©
15



