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2
Beam 

Technology:  A neutrino beam, two functionally equivalent detectors. 

The NOvA Experiment
Physics:  
Neutrino oscillation,  
Sterile neutrinos,  
Cross Sections,  
Cosmic Ray Physics,  
Supernova Physics,  
NSI Searches,  
Exotics searches 

Fernanda Psihas

https://novaexperiment.fnal.gov
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Measurables are Flavor and Energy

Scintillator  Planes  
3

For oscillations we want to measure the 
incoming neutrino flavor and energy.

Outgoing lepton matches 
incoming v flavor

⌫e +N ! e+X

⌫µ + n ! µ+ p
Final state particles 

For interaction cross-sections we want to 
measure the incoming neutrino flavor and 
energy, as well as the final state. 
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NOvA event topology 

Long tracks are typically 
muons (minimally ionizing).  

e and γ produce 
electromagnetic showers 
spanning multiple detector 
cells. 

Heavier particles typically 
shorter, higher dE/dx tracks.  
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Why deep learning? 

5
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Why deep learning? 

6

1. Data rates 
2. Functionality
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Geometrical Reconstruction  

7

Fully  
Connected 
Network

Extract information 
(features) from the event 
which can separate 
signal vs background. 

Train NNs with these 
features from MC libraries 

INPUTS HIDDEN LAYERS

OUTPUT

dE/dx

Σ E

pTOTAL
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Convolutional Neural Networks

8

Convolution and pooling layers extract features and reduce the 
map dimensions.


Architectures vary by application, but the basic structure has 
convolutions, pooling and ends in a fully connected layer


Convolution LAYER POOLING LAYER

Fully            
Connected 
LayerConvolution LAYER POOLING LAYER

Feature extraction + Classification
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Convolutions for feature extraction

9

Convolutions operate 
kernels over a matrix/map 
to extract features. 

The size of the kernel 
determines the level of the 
features which can be 
extracted. 
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Deep Learning for Identification 

10

Premise: Rather than select a set of features a priori, let a deep 
learning network extract learned features. 

In practice, using convolutional 
neural networks CNNs also 
decouples from traditional 
reconstruction, reducing the 
inefficiencies and bias upstream. 

NOvA event input are fixed-size 
2D-view pixel maps of the  
calibrated hits.  

Color is charge
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Inception output

Event Identification

11

Inception output

Neutrino ID is done mostly with our CVN or 
convolutional visual network  

CVN is a two-tower convolutional neural network  
which learns from the top and side detector 
views independently first. 

Trained on cosmic ray data events and 
neutrino MC with overlaid cosmic data.  

Convolution

 ��CC

}

layer {
  name: "inception_5b/relu_1x1"
  type: "ReLU"
  bottom: "inception_5b/1x1"
  top: "inception_5b/1x1"
}
layer {
  name: "inception_5b/3x3_reduce"
  type: "Convolution"
  bottom: "merge_x_y"
  top: "inception_5b/3x3_reduce"
  param {
    lr_mult: 1
    decay_mult: 1
  }
  param {
    lr_mult: 2
    decay_mult: 0
  }
  convolution_param {
    num_output: 96
    kernel_size: 1
    weight_filler {
      type: "xavier"
    }
    bias_filler {
      type: "constant"
      value: 0.2
    }
  }
}

layer {
  name: "inception_5b/relu_3x3_reduce"
  type: "ReLU"
  bottom: "inception_5b/3x3_reduce"
  top: "inception_5b/3x3_reduce"
}
layer {
  name: "inception_5b/3x3"
  type: "Convolution"
  bottom: "inception_5b/3x3_reduce"
  top: "inception_5b/3x3"
  param {
    lr_mult: 1
    decay_mult: 1
  }
  param {
    lr_mult: 2
    decay_mult: 0
  }
  convolution_param {
    num_output: 192
    pad: 1
    kernel_size: 3
    weight_filler {
      type: "xavier"
    }
    bias_filler {
      type: "constant"
      value: 0.2
    }
  }
}

layer {
  name: "inception_5b/relu_3x3"
  type: "ReLU"
  bottom: "inception_5b/3x3"
  top: "inception_5b/3x3"
}
layer {
  name: "inception_5b/5x5_reduce"
  type: "Convolution"
  bottom: "merge_x_y"
  top: "inception_5b/5x5_reduce"
  param {
    lr_mult: 1
    decay_mult: 1
  }
  param {
    lr_mult: 2
    decay_mult: 0
  }
  convolution_param {
    num_output: 24
    kernel_size: 1
    weight_filler {
      type: "xavier"
    }
    bias_filler {
      type: "constant"
      value: 0.2
    }
  }
}

layer {
  name: "inception_5b/relu_5x5_reduce"
  type: "ReLU"
  bottom: "inception_5b/5x5_reduce"
  top: "inception_5b/5x5_reduce"
}

layer {
  name: "inception_5b/5x5"
  type: "Convolution"

1938
1939
1940
1941
1942
1943
1944
1945
1946
1947
1948
1949
1950
1951
1952
1953
1954
1955
1956
1957
1958
1959
1960
1961
1962
1963
1964
1965
1966
1967
1968
1969
1970
1971
1972
1973
1974
1975
1976
1977
1978
1979
1980
1981
1982
1983
1984
1985
1986
1987
1988
1989
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
2022
2023
2024
2025
2026
2027
2028
2029
2030
2031
2032
2033
2034
2035
2036
2037
2038
2039
2040
2041
2042
2043
2044
2045
2046
2047
2048
2049
2050
2051
2052
2053
2054

ConvolutionS

POOLING

LRN

INCEPTION OUTPUT

Fully 
Connected 
Layer

Data

side 
view

top 
view

}

layer {
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JINST 11 (2016) no.09, P09001 Published. 2016

*NOvA’s convolutional visual network 
CVN architecture is a “siamese” CNN 

https://arxiv.org/abs/1604.01444
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Convolution

Inception output

Event Identification

12

Inception output

NOvA had the first implementation of Convolutional Neural Networks 
on a particle physics result.  

It increased our effective exposure by 30% compared to traditional 
ID methods.  

http://nusoft.fnal.gov/nova/public/nova-events/

Can you beat CVN?

*F. Psihas, Ph.D. thesis, Indiana University, 
2018,doi:10.2172/1437288.

NEW for the anti-neutrino analysis: 
Improved simulation.  
Training is final-state based. 
Network optimizations* 
Beam-mode training  

New beyond 2019:  
Moving from caffe to TensorFlow 
NOvA is now using HDF5 files + Python 
based analysis infrastructure
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Particle Identification with CNNs
We use our Deep CNN classifier to 
identify each cluster.

We use an adaptation of 
MASK-RCNN to cluster 
and identify all activity.

Localizing + Clustering + Identification Under development

MASK-RCNN
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NOvA - FNAL E929
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Reducing Cosmic rays

NOvA is exploring a CNN software trigger to 
reduce cosmic ray background reduction  

INPUTS:  X and Y views of the whole detector  

The target is to reject 
full detector readouts. 

Cosmic rays make up an important background to 
our oscillation signal. 

We use cosmic ray data to predict our backgrounds.  
    1 ! background per ~107 cosmic rays 

Using TensorFlow and HDF5s.  
Evaluated on GPUs. 

Particle in the 
atmosphere 

p 
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Energy Reconstruction with CNNs

Convolution 
LAYER

POOLING 
LAYER

Fully            
Connected 
Layer

Convolution 
LAYER

POOLING 
LAYER

The target is Energy instead of 
PID values. 

VERTEX

Recurrent  Neural Networks:  
Sequential network using the current state of 
the system + the output from last iteration. 
Long + Short Term Memory Nets add a long 
term memory cell to RNNs 

Energy Reconstruction with LSTMs

Phys.Rev. D99 (2019) no.1, 012011 Published. 2019
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Convolution Inception output

simulated data vs real data - ex1

16

Lessons:  
Apply  an 
understanding 
of your data…
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Convolution

Inception output

Event Identification
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Far Detector Data
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Far Detector Data
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neutrino anti-neutrino

The topology of neutrino and anti-neutrino 
interactions is different on average.
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Convolution

Inception output

Event Identification

⌫̄ E�ciency Improvement
Training Sample (ID > 0.9)

⌫̄e CC Signal ⌫̄µ CC Signal ⌫̄ NC Signal
14% 6% 10%
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Train on neutrino beam and anti-neutrino 
beam simulations separately. 

Utilize differences in event topology.

neutrino anti-neutrino
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The task of classification can be aided by 
providing context.
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Context-aided classification
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The task of classification can be aided by 
providing context.
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Single Particle Tagging

Using the existing 
reconstruction, classify       
clusters of hits. 

Modified to take 4 views        
(event + clustered particle hits) 

Trained on clusters from all events 
above some minimum purity. 

Electron
side 
view

side 
view

top 
view

top 
view

Soon to be on PRD

Up to 11%  improvement from 
adding context to the classifier. 



Challenges of 
applying ML 
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Performance and Robustness
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Performance…  

�Overall accuracy 
�Behavior of loss functions, etc 

Robustness of the algorithms… 

�Effects of training sample composition 
�Studies of systematic uncertainties 
�Data driven performance tests 

How do we find the biases we 
have introduced in our training? 
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Convolution Inception output

Data-driven test example 

ID 

Energy 

Clustering 

  

24
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MRE (Muon Removed - Electron added): 

Select a muon neutrino interaction with traditional ID 
methods. 

Remove the muon hits and replace them with a single 
simulated electron of matching momentum. 

Data/MC comparisons show less than 1% difference in 
efficiency.
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Muon Removed
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<latexit sha1_base64="44SwN10BK5xFwVnc9PA7RIS+wF0=">AAAB8nicdVBNS8NAEN34WetX1aOXxSJ4Ckms2GPRi8cq9gPSUDbbTbt0kw27E6WE/gwvHhTx6q/x5r9x20ZQ0QcDj/dmmJkXpoJrcJwPa2l5ZXVtvbRR3tza3tmt7O23tcwUZS0qhVTdkGgmeMJawEGwbqoYiUPBOuH4cuZ37pjSXCa3MElZEJNhwiNOCRjJ793w4QiIUvK+X6k6tueceW4NL4hTL4jrYtd25qiiAs1+5b03kDSLWQJUEK1910khyIkCTgWblnuZZimhYzJkvqEJiZkO8vnJU3xslAGOpDKVAJ6r3ydyEms9iUPTGRMY6d/eTPzL8zOI6kHOkzQDltDFoigTGCSe/Y8HXDEKYmIIoYqbWzEdEUUomJTKJoSvT/H/pO3Z7qntXdeqjYsijhI6REfoBLnoHDXQFWqiFqJIogf0hJ4tsB6tF+t10bpkFTMH6Aest0/PPZGb</latexit>
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NOvA Test Beam

25

The NOvA test beam detector is currently taking 
data and will continue throughout 2019. 

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.  
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NOvA has adapted deep learning algorithms for 
classification, energy reconstruction, full event 

reconstruction, and other applications are being explored.  

NOvA has demonstrated substantial improvements in 
performance from the use of deep learning.

SUMMARY 

Applying our understanding of physics, our problem 
set, and our data can yield comparably large 
improvements in performance. 

Data-driven tests are essential to show robustness 
of algorithms and assess some of the potential biases. 



Thank you.
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A quadratic fit to true energy as a function of em energy and had 
energy is used for estimation:
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A quadratic fit to true energy as a function of em energy and had 
energy is used for estimation:
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t-SNE

https://indico.io/blog/visualizing-with-t-sne/

t-Distributed Stochastic Neighbor Embedding

https://www.nature.com/articles/s41586-018-0361-2

https://www.nature.com/articles/s41586-018-0361-2
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t-SNE

https://indico.io/blog/visualizing-with-t-sne/

t-Distributed Stochastic Neighbor Embedding

https://www.nature.com/articles/s41586-018-0361-2

https://www.nature.com/articles/s41586-018-0361-2
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Trial event Trial potential Best library match

Trial event Trial potential Best library match

LEMLID
Neutrino Identification (First Analysis)

  
Premise: Electron showers have characteristic 
transverse and longitudinal energy deposition 
profiles. 

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

Library Event MatchingLikelihood Identification

In practice:   
Reconstruct electron shower. 
Find likelihoods from it’s dE/dx profiles 
compared to particle hypotheses. 

  Likelihoods        Neural Network

In practice:   
Find the best matches from the event 
library. 
Extract features from best matches. 

  Features       Decision Tree
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Convolution Inception output

ID 

Energy 

Clustering 
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Up to 11%  improvement from 
adding context to the classifier. 

Soon to be on PRD
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CVN prong results




