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Outline
NOvA & our deep learning program 

Experiment, physics, data 
Summary of DL applications 

Challenges & Lessons 
Think about the physics: applications & data 
Think about the physicists: framework & training 
Think about the problems: Robustness, uncertainties, etc
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The NOvA 
Experiment
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Neutrino interaction 
cross-sections 
measurements at 
the Near Detector
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Neutrino oscillation 
measurements at 
the Far Detector

NuMI beam
 at Fermilab
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Continue to take data until ~2025:  
- 50:50 ν:​ν  
- Current dataset represents ~30% of  total expected 
 
With 2019 analysis techniques, expect: 
- Potential 3-5� sensitivity to hierarchy with 
 favorable parameters 
- Possible >2� sensitivity to CP violation 
Depends on true values in nature 
 
Expected improvements: 
- accelerator beam intensity 
- GENIE 3.0; improved cross section models 
- Test Beam; improved detector response model  
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Physics 
Takeaways
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NuMI beam
 at Fermilab

 Most important systematics: 
	  Detector Calibration 
◦  Will be improved by the test beam program 

	  Neutrino cross sections 
◦  Particularly nuclear effects (RPA, MEC) 

	  Neutron uncertainty – with ν̅’s 

Up to 5σ on the 
neutrino mass 
hierarchy by 2025

Systematics limited, 
Detector response is 
the next largest 
uncertainty.

Also… sterile neutrinos, 
supernova neutrinos, 
cosmic-ray physics, and 
more!
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Measurables are Flavor and Energy

Scintillator  Planes  
5

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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NOvA - FNAL E929
Run:   14828 / 38
Event: 192569 / --

UTC Tue Apr 22, 2014
21:41:51.422846016
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NOvA’s Reconstruction in 2 minutes
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Reconstruction  
and  
Identification
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Convolution Inception output
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Convolution Inception output

Neutrino Flavor  
Identification

Two-tower CNN architecture learns from 
the top and side views independently first. 

We train on ~5M neutrino MC + cosmic 
data events. 

This was the first implementation of 
Convolutional Neural Networks on a HEP 
result.  

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

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

�e CC
Top Side

https://arxiv.org/abs/1604.01444
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Existing Deep Learning Applications

In Development
LSTMs for energy reconstruction 

CNN cosmic rejection  

Systematics-robust trainings 

Clustering w/graph networks 

Full event reconstruction with 
semantic segmentation.

https://arxiv.org/abs/1604.01444


Think about the physics
What is the best tool for your problem-set.  

What do you know about your data?  

How can you enhance/best use the information 
contained in your data with  
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Geometrical Reconstruction  

15

Fully  
Connected 
Network

dE/dx
Σ E

# Lines

pTOTAL

*

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

Train a neural network for signal 
vs background discrimination. 

Convolutio
n LAYER

POOLING 
LAYER

Fully            
Connected 
Layer

Convolution 
LAYER

POOLING 
LAYER

Deep Learning with Convolutional Networks 

Disentangle from 
traditional reconstruction.  

The features are learnt 
by the network. 
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Convolution Inception output

ID 

Energy 

Clustering 
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Convolution

Inception output

Event Identification
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Far Detector Data
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Far Detector Data

neutrino anti-neutrino

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

ID 

Energy 

Clustering 
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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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Far Detector Data

neutrino anti-neutrino

Train on neutrino beam and anti-neutrino 
beam simulations separately. 

Utilize differences in event topology.
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No Context With Context 
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Particle Identification 

The task of classification can be aided by 
providing context.
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Think about the physicists
What frameworks are available with:  

- reasonable learning curves 
- applicability to other tasks/career paths 
- A path to plug-in to your workflow. 

How do you train an army of deep learners?



Fernanda Psihas DANCE 2019 20

Standard art (root) File
• Run pre-processing jobs

Root to LevelDB conversion
• Inputs to caffe. Create DBs and transfer 

to GPUs

Train Network
• Train plus simple loss-accuracy 

validation 

Physics validation
• Re-run reco on dedicated 

samples (caffe c++ api) CPU

Analysis validation
• Produce analysis files and full-chain 

validation

HDF5 File
• Now produced by the standard 

Reco. Chain
• Train Network on GPU (Day)

Train network
• Train plus simple loss-accuracy 
• Tensorflow infrastructure + 

physics information

Fully trained and 
validated network
• Physics and analysis validation
• All work done on GPUs

OLD Framework NEW Framework 

~month
~weeks

~days
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TRAINING In-house 

Targeted workshops  

Organized by young NOvA 

Target specific tasks and 
experiment specific tasks

CROSS-Experiment

FNAL ML group is a community 
knowledge-sharing group  

ML experts across experiments discuss 
technical details of their applications 



Think about the problems
Bias introduced from MC 
training.  

Mis-modeling translating into 
data/MC differences  

Uncertainties and other 
practical considerations 
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Convolution Inception output

Data-driven test example 

ID 

Energy 

Clustering 
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CVN
0 0.2 0.4 0.6 0.8 1

 E
ve

nt
s

3
10

20

40

60

80

 Preselected MRE Eventseν

Data
MC Total
MC QE
MC Res
MC DIS
MC MEC

NOvA Preliminary

 ClassifiereνCVN 
0 0.2 0.4 0.6 0.8 1

Da
ta

/M
C

0.8

1

1.2

MRE (Muon Removed - Electron):
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.

Data MC  in  DATA   μ          e 
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Convolution Inception output

ID 

Energy 

Clustering 
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Robustness against data. 

★Data driven performance tests 

★Using data to correct simulation effects.  

★Studies of systematic uncertainties 

★Assessment of bias or bias reduction

Uncertainty & Bias assessment

We currently apply the same systematic 
treatment through the whole analysis, 
including our DL algorithms.

Data-driven tests are an essential tool to 
show data/MC robustness & assess some 
of the potential biases. 

NOvA test beam running through 
2019-2020 will provide us labeled particle 
data for training. 

We are exploring adversarial training in to 
reduce the impact of detector uncertainties 
in the training.



Thank you.
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These are not the 
slides you’re looking for

death star
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NOvA Test Beam

27

The NOvA test beam detector is being commissioned and 
will be taking data this year.  

With library of labeled data for single particles of known 
identity and momentum, NOvA will expand th data-driven 
checks of our deep learning algorithms.  
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How is your model biased? 

ID 

Energy 

Clustering 
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Energy 
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Particle Identification 

Convolution

Inception output
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Particle Identification 

Convolution

Inception output
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Context Improves Classification

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
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Context Improves Classification
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Up to 11%  improvement from 
adding context to the classifier. 
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Context Improves Classification

Color is efficiency taking the 
highest softmax output. 

Color is difference in efficiency 
taking the highest softmax output. 

Larger with context Larger w/o context
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Convolution Inception output

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

t-Distributed Stochastic Neighbor Embedding

Nature Vol. 560 
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Convolution Inception output

t-sne 

ID 

Energy 

Clustering 
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CNNs + Regression for 
Energy Reconstruction

Reconstructed - True / True Energy
0 0.5 1 1.5 2

Ev
en

ts

0

1000
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3000

NOvA Simulation

CNN 
(RMS = 0.97)

2016 Estimator
(RMS = 0.109)

EnergyThe target is Energy instead of PID values 
Incorporate information from the reconstruction 
at the fully connected stage.

Fully            
Connecte
d Layer

ConvolutionS

POOLING

LRN

INCEPTION OUTPUT

νe CC

VERTEX
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γ
γ

Reconstruct the well known π0  mass 
from well identified pairs of photons.  

This is a handle on the dead material 
correction for electromagnetic deposits.

OLD SELECTION

Physics measurements with data
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Physics and Calibration with CNNs 
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Reconstruct the well known π0  mass  
from well identified pairs of photons.  

CNN based selection yields 60%     
background reduction for the same 
efficiency
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Neutrino Identification (First Analysis)
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Trial event Trial potential Best library match

Trial event Trial potential Best library match

LEMLID
  
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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Introducing a Systematic Shift
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