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A long baseline
neutrino oscillation
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NOVA Physics Program
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https://novaexperiment.fnal.gov/publications/

NOVA Neutrinos from the Main Injector
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NuMlI is currently the most intense
neutrino beam in the world.

Running at >700 kW since 2017.

Achieved 758 kW hourly peak
average this year.
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NOVA Events

Far detector has cosmic ray flux of ~130 kHz.
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NOVA Events
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NOVA Events
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Reconstruction
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Signature Data Events

400

y (cm)

400

- N
p— . —
--
. = 1
-.- ----..
- l - e .=- ---
.. .---. - --- -
a - el B -
p— ' - "ew, -
. el ™
s
. Run: 15330/4 1 Run: 19058 /3
Event: 11978 / -- Event: 568646 /--
- UTC Fri May 23, 2014 T UTC Sat Mar7, 2015
17:30:2.632293184 _| 2305:47.747174144
=
- - -
o
. 41 al -
- - o
! -8 --..--.- - 1 -l-.=. o —
! Run: 26110/ 49 1 Run: 10713/ 4 -
Event: 3213/ -- Event: 500244 / -- B
- UTCSun May 7, 2017 + UTCTueJan 27, 2015
04:41:20.910875840 05:48:26.091133824
0 200 400 600 0 200 400 600
Z (cm)
q (ADC)
2 3
10 10 10

Micah Groh INDIANA UNIVERSITY

10




Signature Data Events
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Signature Data Events
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Signature Data Events
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Signature Data Events
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Event Classification
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INCEPTION OUTPUT

Classify neutrino events using two tower
convolutional neural network, called the
Convolutional Visual Network or CVN.

Convolutional neural networks are algorithms
designed to utilize topological information in
iImages.

NOVA was the first experiment to apply CNNs
to a HEP result in its 2016 oscillation analysis.

Yielded an effective 30% increase in
exposure.

Has now been used in our last four oscillation
analyses.

Updates in the latest analyses:
Updated simulation.
Classification is done using final states.

Architecture optimizations.

A Convolutional Neural Network Neutrino Event
Classifier

FERMILAB-PUB-16-082-ND

April 2016




Event Classification

Color is Efficiency N OVA P re I | m | n a ry

1
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Neutrinos and Anti-Neutrinos
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The topology of neutrino and anti-neutrino
interactions are different on average.
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Neutrinos and Anti-Neutrinos
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Train two networks on neutrino beam and anti-neutrino
beams separately.

The networks can utilize these differences in event topology.

v Efficiency Improvement
Training Sample (ID > 0.9)
ve CC Signal v, CC Signal v NC Signal
14% 6% 10%
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t-SNE t-Distributed Stochastic Neighbor Embedding

True
Flavor

v, NC

1v_CC

v, CC

https://indico.io/blog/visualizing-with-t-sne/
https://www.nature.com/articles/s41586-018-0361-2
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For now, let’s discuss & ﬁ o 0

some algorithms in
development for future
analyses.

Micah Groh Eﬂ INDIANA UNIVERSITY



ML Infrastructure

We recently revamped our machine learning infrastructure.
With the help of SciDAC at Fermilab, we have a new file format, hdf5s.
Changed from leveldbs, root, and caffe to now use hdf5, pandas, and tensorflow.

Tensorflow runs ~7x faster in our production environment than caffe.

HDF5 File

LevelDB training files + Produced by Reco. Chain
 Train networks on GPUs (Month) 7 Uil M s @l E1R (DEY)

Trained network

+ Make efficiency tables (Day)
+ Run analysis validation scripts
(Day)

Trained Network
« Make efficiency tables (Days)

Network with limited val.

» Run reco on dedicated sample of Ful_ly trained and
validation file - CPU (Month) validated network

- Complete in the order of a Week.
+ All work done on GPUs

Micah Groh Eﬂ INDIANA UNIVERSITY



Cosmic Rejection

Far detector has cosmic ray flux of ~130 kHz.
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COsmIC RejeCthn Top of the atmosphere P

Proton collides with an
atmosphere molecule.

vy Backgrounds

ve Backgrounds

Cosmic rays make a large background in the oscillation analysis.

Predicting this background requires processing a large number of
cosmic events.

1 vy background per ~2.5x107 cosmic rays
1 ve background per ~1.5x107 cosmic rays

We have ~6 years of cosmic data on disk, almost 1071 cosmic rays.
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Fully processing all that data with current Based on resnet-18, the network processes an entire

techniques would take about 2 years. readout in time chunks very early in processing stages.
Instead, use a CNN to evaluate full readout on Network has no dependencies besides the pattern of
wether they contain a neutrino or not. hits.
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Full Event Reconstruction

Cluster and classify
objects simultaneously
using instance aware
semantic segmentation.

palloon

balloon

Use machine learning to
reconstruct an event hit
by hit.

Three outputs:

1. Bounds

2. 1D Score

3. Clusters

Using an implementation of Mask R-CNN:
K. He, G. Gkioxari, P. Dollar, and R. Girshick. Mask R-CNN.
arXiv:1703.06870, 2017.
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Full Event Reconstruction
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Full Event Reconstruction

Bounds - Look for individual particles within the event and construct
bounding boxes containing each.

Micah Groh NNN 2018




Full Event Reconstruction

ID Score - Use a softmax function to classify the particle contained within
each box.

:Muon 0.992

. <l : :éEIectron 0.572
Micah Groh NNN 2018




Full Event Reconstruction

Clusters - Group together hits within each box to make clusters for each
particle.

& )]
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Full Event Reconstruction

Muon 0.992

&Electron 0.572
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Reconstruction
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CNN Energy Estimator

Use a CNN to estimate the energy of
electron neutrino interactions.

Use linear output rather than
classification for continuous variables.

Shows better resolution and smaller
dependence on interaction model.

P. Baldi, J. Bian, L. Hertel, and L. Li,
Phys. Rev. D99, 012011 (2019).
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LSTM Energy Estimator

Recurrent Neural Networks:

Takes sequential data where each
layer takes the next input and an
output from the previous layer.

LSTM: RNN with a

L
o [IdAL A ]
© ® ©

LSTMSs are capable of maintaining
information across many inputs.
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LSTM Energy Estimator

Feed reconstructed quantities from particle
clusters into an LSTM:

Number of Hits

Calorimetric Energy

| ength

Direction

—ven more. ..

As well as information about the entire event.

8000

Kinematic LSTM
6000 M: 5.9x10-3 M: 6.0x10-3
0: 6.2x10-2 o: 5.3x10-2

4000

Events

2000

| | 1 | 1 1 | 1 1 1 1
-0.2 0 0.2 0.4

Reco-True/True Energy

ol
0 0.4

Micah Groh Eﬂ INDIANA UNIVERSITY



Data Check: MRE
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Data Check: MRE

Neutrino beam, MRE
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NOVA Test Beam oo

NOVA Preliminary
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The NOVA test beam will begin production 90; ; m s
running this fall. B . . -
10

With a library of labeled data from single
particle interactions of known identity and
momentum, NOVA will expand the data-driven
checks of our deep learning algorithms. : #..:-“' o
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Summary

2200 2400 2600 2800 3000 3200

3400

~300
©-400

-500 -

Interaction
Vertex

Vu - 2.8 GeV

NOVA uses deep learning for neutrino flavor and particle
ID in our analyses, Ryan’s talk is imminent.

Used to improve oscillation measurements since 2016, Can you beat
and now being incorporated into cross sections analyses. our neura|

Our deep learning program incorporates data driven network at

cross checks from cosmic, neutrino, and soon test beam

data!

NOvVA deep learning efforts are broad, including
algorithms for identification, clustering, energy
reconstruction, and more!

neutrino
classification?
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http://nusoft.fnal.gov/nova/public/nova-events/nova-events/
http://nusoft.fnal.gov/nova/public/nova-events/nova-events/
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Neutrino Identification (First Analysis)

LID

Likelihood Identification

Premise: Electron showers have characteristic
transverse and longitudinal energy deposition

profiles.
| = W
120 NOvA Simulation
2100}
7 80
£ 60F
e I
2 49
" 20} :
03 95 =T 05 005

05 0. 05 1
Longitudinal log likelihood (e/y)

T5
Transverse log |Ike|lh00d (el)

In practice:

* Reconstruct electron shower.

* Find likelihoods from it’s dE/dx profiles
compared to particle hypotheses.

Likelihoods == Neural Network

Cell

Cell

NOvA BACKUPS

42

LEM

Premise: We have a large library of simulated
event templates, large enough that we can use it
to compare pixel by pixel.

Library Event Matching

:Tria'l event Trial potential Best library match
|
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u |
OF— m . [} —]
. l ] - . |
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FTrial event ' Trial potential Best library match ]
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- LD
= | : - |
10— -B" 1| -
u |
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o B L . -
| - ]
L |
10 [ | —]
i =
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Plane

Plane

In practice:

* Find the best matches from the event
library.

* Extract features from best matches.
Features =9 Decision Tree
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Nue Spectrum

. Anti-Neutrino Beam NOVA Preliminary
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Numu Spectrum
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PandAna

3 R T - RN - Y e G5~
~
]
S PR
: W,
S e L s
T ;
A
m‘?"

The hdf5 files contain the same information as our |
standard root analysis files, as well as training
iImages.

We created a new python-based analysis
framework to compliment the root one, PandAna.

PandAna does a column based
analysis with pandas.

Allows for carefully crafted
PANDAnNG training sample.

Additionally, we can do a full
algorithm validation within the
CARAna hdf5 files.

Micah Groh E INDIANA UNIVERSITY



Regression CNN

Bias against true energy.
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Inputs Outputs
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LSTM Variables

3D prong vars:
vtx.elastic[0].fuzzyk.png:

png.bpf[i] .energy

png.bpf [i] .momentum. {x,y,z}

png.bpf[i].overlapE

png.calk

png.cvnpart. {
muon,pion,proton,
electron,photonid

}
png.dir.{x,y,z}
png.len
png.nhit{,.x,.y}
png.nplane

png.start.{x,y,z}
png.weightedCalE
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2D prong vars:
vtx.elastic[0].fuzzyk.png2d:

png2d.calk
png2d.dir.{x,y,z}
png2d.len
png2d.nhit{,.x,.y}
png2d.nplane
png2d.start. {x,y,z}
png2d.weightedCalE

Slice vars:

calE
IsCoarseTiming
IsLowGain

nHit

orphCalE
remPngCalkE
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NOVA Features
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NOVA Features
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