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* Observe neutrinos from NuMI

The NOvVA Experiment neutrino beam line at Fermilab
* Two functionally identical
detectors

810 km baseline, the longest
in the world

Uses four oscillation channels:

Yy — Yy 7u — 7u
Measure 013, 023, Am232, mass
hierarchy, and Ocp

Sterile neutrino searches,
exotic searches, neutrino
Cross sections
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NOvVA Detectors

15.5 M

'. ~ ": | 4 Single Cell\

To APD
Readout
o . Scintillati
’% Light
Two functionally identical detectors B
“““ g
Extruded plastic cells alternating vertical and horizontal R
orientation filled with liquid scintillator Trajectory
. . . Waveshifiin
Charged particles passing through cells produce light Fiber il
which is collected. .
\ 3.9cm 6-6‘:“)
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3.2 Normal Hierarchy, 90% CL ]
NOVA Results 2016 : forarchy, Q0% L
_ Y| A T2K 2014 -
* 6.05e20 POT neutrino data < [ MINOS 2014 ]
2 2.8]- =
me F O\ g Ly .
* Vp—>Vy s F -
& Ly N, i
* PRL 118, 151802 Saap N L T ©
« exclude maximum mixing at 2.5 o 2ol e o -
2.0: — — ' :
0.4 0.5 0.6 0.7

* Vy—> Ve sin°6,,
 PRL 118, 231801 ——————T T T
_ _ 5—_NOvA FD —— NH lower octant -
* Inverted hierarchy, lower octant is -6.05x10%° POT equiv. —— |H lower octant -
excluded at > 93% C.L. af - -~ NH upper octant_f

* first implementation of a convolutional ---- IH upper octant

neural network in a HEP result

Significance (o)

_ _ oF -

- Sterile neutrinos ; et . :
* arXiv:1706.04592 | N g
* No evidence in NC disappearance 05 A L 3 >

search 2 Scp 2
3¢ Fermilab
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The Challenge

4800

NOVA - FNAL E929

2} 3
Run: 21259/45 Z10% §
Event: 678909 / -- 10 &

UTC Sat Nov 21, 2015 I
10:04:0.679051776

2% Fermilab
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Cell hits colored by

Far Detector 550 us Readout Window charge deposition
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Cell hits colored by

Far Detector 10 ps NuMI Beam Window
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Cell hits colored by

Far Detector Neutrino Interaction charge deposition
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Observing Neutrino Interactions
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Vi
Charged Current

Ve
Charged Current

Neutral Current
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Event Reconstruction in NOVA

Isolate the event 3 Fit trajectory

5 Define clusters

3% Fermilab
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10 ys Near Detector Beam Window
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After Space-Time Separation
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After Vertex and Prong Formation
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Event Classification before NOVA Preliminary
Deep Learning | s

0.1

= 0.02 0.08

A

- Likelihood Identifier (LID)

- Compare longitudinal and
transverse dE/dx in leading shower
to templates for different particle
hypotheses

- Build neural net from these inputs 0 20 s S
o N plane from start point
and reconstructed quantities.

o
o
—
0

—0.06

Ilqll

0.01 0.04

Plane dE/dX (GeV/cm

o
o
o
5

0.02

Cpe . x10°
- B 1 1 | 1 1 1 1 | 1 1 1 |
|dentifies electron neutrinos Sraton Serodiod Evorts
0.61— — Simulated Background ]
- —¢— Data -
B [ ] Shape-only 1-c syst. range ]
¢ ReM I D i ND area norm., 3.72 x 10%°° POT
0.4—

- Build a KNN classifier from four
reconstructed quantities related to
muons (length, dE/dx, scattering) 0ol

- ldentifies muon neutrinos

Events

| | | | | | | |
093 -2 1 0 1

dE/dx Log-likelihood

3% Fermilab
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[nput Hidden Output
Neural Networks layer layers layer

Xm

"yp

http://www.cs.us.es/~fsancho/?e=135

Neurons with activation and propagation functions, weights between inputs

Loss function to calculate network performance

* Regularization of weights to avoid overtraining

Back propagate errors in loss function to nodes, update weights with

gradient decent

& Fermilab
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Enter Deep Learning

Can we improve the networks by making them deeper to extract increasing
complex features?

Theoretical GFLOP/s

Stora Ee€ in optimally compressed MB 15,86 billlon giEgabytes 5750
avgvcmoe oAty | g 5500
4 At aeeb o, e i -""."‘ SE NVIDIA GPU Single Precition
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2L

.02 Dallion

2750
2500
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2002: o hard b S4.0% 1750 'QSLa K‘j
123 BINoN GAgatyTa Teda K20X

the beginning 1500
of the digital age 1250

1000 Tega M2090
B L B e O R R
e O TOo RS . 00 gaTwee 750 v Lo Tewta C7040
- ) eelq C1D60 vy Bridgc
% digital: 1% 3% 25 % 94% | s 300 e ‘
276.12 billion axatiytas 250 Woxdared
Sewrws Waalumgean ol baave v ilbotome Losee, 2l Q Perilionm A Weslimere

Apr-01 Sep-02 Jan-04 May-05 Oct-06 Feb-08" Jul-0S Nov-10 Apr-12 Aug-13 Dec-14
http://www.martinhilbert.net/worldinfocapacityppt-html/
http://www.dual.sphysics.org/index.php/gpu/

Advancement in GPUs and data storage make this possible

2% Fermilab
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Computer Vision
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* Deep neural networks for object recognition with pixel inputs to network

* First GPU trained network at 2012 ILSVRC (ImageNet Large-Scale Visual
Recognition Challenge) reduced classification error rate from 26.2% to
15.4%

* Now achieving super human performance (<5%) with image net dataset

& Fermilab
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Convolutional Neural Networks

* Instead of training with a weight for each pixel, convolve kernel operations
across the image to extract features

* |Inspired by the visual cortex

( 195 + 196 + 193
X -1 X -1 X -1

+ 152 + 164 + 199

x-1 x8 % -1

+ 162 + 155 + 169

X -1 p | X -1

-109

kernel:

vulline

input image output image

3¢ Fermilab
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layer m-| hidden layer m

CNN Components

* Convolutional layers
train an array of
kernels to output
feature maps

Single depth slice

* Pooling layers 11112 4
downsample the : max pool with 2x2 filters
feature maps by taking 5|6 |7 8| andstide2 6 8
the average or alal1]o0 3 |4
maximum value from
image patches 1| 2 i
y
& Fermilab
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Early CNNs

« 1989 “LeNet”

Inpuc layer (S1) 4 feature maps

1 (CI) 4 feature maps (S2) 6 feature maps (C2) 6 feature maps

convolution layer l sub-sampling layer | convolution layer l sub-sampling layer | fully connected MLPl

http://deeplearning.net/tutorial/lenet.html http://yann.lecun.com/exdb/lenet/

3% Fermilab
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Training Advancements
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+ Better activation NN VA
functions to avoid I O Y AT
saturation o2 S | /R e
w1 .

* Dropout layers to
prevent over training

* Stochastic gradient
decent
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a) Standard Neural Net (b) After applying dropout.

3% Fermilab
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Advanced CNNs

* 2014 GooglLeNet

» C. Szegedy et al., arXiv:1409.4842
* “Network-in-Network”

* Uses kernels of serval sizes

« Number of maps controlled by series
of 1x1 convolutions

. A I ’ ‘§r ! :
HHHHHHHEE mike piHE
3'; il il
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1x1 convolutions

Filtzr
concalenation
_ —
3x3 convolutions 5x5 convolutions 1x1 convolutions
4 4 t
1x1 convalutions 1x1 convolutions 3x3 max pooling
——— I

Convolution
Pooling
Softmax
Other
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Input Images

* Produce a pair of pixel maps for the X and Y view of each interaction
* Input images are 80 cells by 100 planes
* Sparse images compared to computer vision field

80 | | | | 80 | | | |
70r X View 1 01 Y View
60} = 60}
50+ B = 50
€ _ b, =
40 o = 1 8 40p '-._Il_rlll.
o

30} - 30} "
20} — 20}
10} — 10}

O ] ] ] ] O ] ] ] ]

0 20 40 60 80 10C 0 20 40 60 80 10(

Plane Plane

3¢ Fermilab
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] = = [JATA
Network Architecture = B CONVOLUTIONS
S == | RN
_ — —

* Architecture adapted from GooglLeNet — =

- Each event view processed separately and ther Ll =

merged = =
« Sparse images allow for shallower network — m POOLING

Convolutional Visual Network (CVN) R R e
—/

Pixel intensities varied with 1% gaussian e SmEs Eeee e

noise - S
[ [

* Images randomly flipped along cell axis

| — —3
— -
* Output classifies neutrino interaction type _-_ AEFTION BTFel
(Vy,Vt,Ve,NC, cosmic) L K [
Network-in-network inception modules =
with kernels of multiple dimensions smmm  FULLY CONNECTED
{& Fermilab
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Training the Network

27

0.04

Trained on 4.7 million minimally
preselected events, distributed among
all neutrino interaction categories (80%
training, 20% testing)

0.03

Hits/MeV
o
N

0.01+

Second training stage added cosmic
data events

1 | 1 1 1 1
— Arbitrary Precision

— 8-Bit Precision

OO
—
o

1 1 1 1 1 | 1 1 1
20 30

40 50
Reconstructed Energy (MeV)
Calibrated energy depositions reduced e
to 8 bit precision to compress filesatno  “f —— E
loss of information g 10 o E
% 104 |- —=
doF
Network implemented and trained in the £ f E
Caffe Framework (Y. Jia et al., arXiv: g ok .
1408.5093) ol N
5 ¢ 21883828885 ¢
Use two k40s within Fermilab Wilson A
Cluster, ~1 week wall time _
3¢ Fermilab
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Training the Network

28

Trained on 4.7 million minimally
preselected events, distributed among
all neutrino interaction categories (80%

. o . _ 7

training, 20% testing) e — P
! 5_——TestLoss _O

I - 1'22_ — Test Accuracy AN ~.,‘M'~f“\ w5068

Second training stage added cosmic - o oo

data events 1.4 Y2 f\/ \\f “oe7
:Q‘ \ "‘/\ v \’ \/ -

g 1.05 . / \ —0.68

: . i :\‘?:“th J / 1065

Callbr_ated energy depositions _reduced et/ TS Mag s

to 8 bit precision to compress files at no ogfl P s 1063

loss of information ossif foee

6 200IC~OC AOOIDOO 600|000 800I000 1 Oof'DCO

Number of Training Iterations

Network implemented and trained in the
Caffe Framework (Y. Jia et al., arXiv:
1408.5093)

Use two k40s within Fermilab Wilson

Cluster, ~1 week wall time

& Fermilab
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Classification Matrix

Casmic

NC

-

Selgcted

v, CC v. CC v.CC NC Cosmic
True

3% Fermilab
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Events / 18x10°° POT

CVN Performance

* vy signal separation is excellent, but ~identical to the existing KNN based
selector. Expected since muons are easily identified.

* Ve Selection 73% efficient, 76% pure with the CVN classifier. Performance
gain is equivalent to 30% more exposure for the traditional selection

techniques.
I
] p— Appeared v,
: — Survived v,
- —— NC background
40— —— Beam v, background

0 0.2

0.4 0.6
v, CC Classifier Output
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0.8

Events / 18x10°° POT

15

10

| —— Appeared v,
| — Survived v,
| —— NC background

—— Beam v, background

||||i||'—|—|—|-|_

0.2 0.8 1

0.4 0.6
v, CC Classifier Output
3F Fermilab



Convolutional Neural Networks

* Showing a muon neutrino interaction and the feature maps extracted from
the convolutional kernels after the first inception module.

: L- ' H - = i Fi: ™
] L ?:-
% & : ! - L r—. — il
U _—— == _— -
. I ; -
FEATURE MAPS
2= Fermilab
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Convolutional Neural Networks

* Showing a electron neutrino interaction and feature maps extracted from the
convolutional kernels after the first inception module

* The strong features extracted are the shower as opposed to the muon track
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v, NC

1v_CC

v, CC

t-SNE representation of CVN classification. Truth labels shown for the training sample.

3% Fermilab
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v. NC

] B {v, CC
A e {v, CC
53
v, CC
t-SNE representation of CVN classification. Truth labels shown for the training sample.
3F Fermilab
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Performance Cross-checks on Data

NOVA Preliminary NOVA Preliminary

[ | T T T T | | 3000 — T T T T T | T | |
wof 305 do . o
5 i Flux Uncert. i 5 B &- — Flux Uncert. |
o L ——NC i g —— — NC
S 800} Beam v, CC Q B —— Beam v CC 7
- i v, CC | 5 2000~ n — v, CC _
- p— — _._ —
X 600} - X i |
QV = - QV
~ | 11Nt —
™ = - ™ n _
~ 400} 0~ 58
2 - R 1 & 1000} = _
> ] > L |
LLI 200 _— —_ LLI i ]
» - - _ N %
! | | | | ! ! ! | ! m | | | | | |

| | | | | | | | | | | | | | | |
0.75 0.80 0.85 0.90 0.95 1.00 0 1 2 E 4 5
CVN v, classifier Reconstructed neutrino energy (GeV)

* Excellent data/simulation agreement in the Near Detector with high statistics

3% Fermilab
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NOVA Preliminary

Performance Cross-checks on Data a0~ .
— v, Preselected MRE Events —

MRE (Muon Removed - Electron): ol o -
* N —  MCQE -

* Select muons in Near Detector interactions with a § | —— MC Res -
= - MC DIS -

traditional classifier. o a0l G MEC i

* Remove the muon hits and replace them with a - 0 -
single simulated electron of matching momentum. 20 =

* Data/MC comparisons show less than 1%
difference in efficiency.

1.2 +

o 12fF =
E = -
-'C\E 1 :_ +++++++++++++++++ ++-|—|'+++++'|—|-++-H' ++-|—|--'—'-_ _:
© s ]
D - .

PID | Sample | Preselection PID Efficiency | Efficiency diff % 08 | | | | e

0 0.2 04 0.6 0.8 1
Data 262884 188809 0.718222
CVN -0.36% e
‘ MC | 277320 109895  0.720809 B CYN v, Classifier

Fermilab
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Performance Cross-checks on Data

MRBrem (Muon Removed
Bremsstrahlung showers):

NOVA Preliminary

* Neutrino events are rare in the Far T 1 T T ]

DefeCTOI’, mUIﬁTUdeS Of CosmiC I’CIY B —+— Muon-removed FD cosmic data B
30 1
muon evenTS. O B Muon-removed FD cosmic MC 7
O — _
o | _|
()
Q i ]
e Select cosmic muon events with an > 20— T
e [ |
electromagnetic shower from S :
[ ] [ ] > [ —
bremsstrahlung radiation. w | |
Al
o 10 —

* Remove the muon hits and apply
CVN classification to the remaining
electromagnetic shower.

—

* Data/MC comparisons show very
good agreement

3% Fermilab
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Events / 0.5 GeV

One Network, Many results

Network produces multi-dimensional classification output, normalized to 1.
Reduces processing time running one network for many analyzes.

Electron Neutrino Selection Neutral Current Selection

ool 0.75<CVN<0.87 | 0.87<CVN<0.95 | 0.95<CVN<1 N B ] I
O_ NH _ B —¢— FD Data i
6.05x10% POT equiv.| - FD Data 1 F 1 s Total Sflavor Predicion

B — Best Fit 1> B . [ CC Background i
15 B I Background - N 8 20— 7] Cosmic Background —
| 1 w0 : —— :

— 1 AN [ i

- 1o 151 —
10— — ~ B ]
i 1 @ - .

i T 1 & 10 .

. 13 - :
5/ B - -
i ! | S5 —
=" "3 1 2 3 12 3 % i 2 3 4

Reconstructed energy (GeV) Calorimetric Energy (GeV)
PRL 118, 231801 arXiv:1706.04592
2= Fermilab
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Other applications: Particle Identification

* Instead of classifying the
entire event, identify
iIndividual particles

— = o =
. 1 [I— [ I
* |Input pixel maps of the — — - -
particle and the neutrino - - - -
Interaction S SIS SESSES GHNEN GESEE S S WG
--- CONVOLLTIONS
. ---- %Bﬁ.ﬂhﬂ&%ﬁllﬂm?{
. Couples tg reconstruction - CEPTONOUTPT
quality of input tracks,
train above a minimum
purity
2= Fermilab
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cvnlD

Other applications: Particle Identification

Color is Puri

Color is Efficienc

(-
-

Proton > Proton
O

Pian Pion

Muon 0.013 0.0014 0.026 0.0025 Muon

Gamma Gamma

Electron Electron A3 0.0068
) 0
Electron Gamma Muon Pion Proton Electron Gamma MLion Pion Proton
truelD truelD

Go one step further in the future, classifying individual image pixels by particle via
semantic segmentation, then feed back into the reconstruction.

3% Fermilab
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Other applications: Energy Estimation
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Recurrent Neural
Networks are sequential,
using the current state of
the system and output of
last iteration

Add Long-Short Term
Memory cell as secondary
path to keep longer
memory

Feed reconstructed

iInformation from tracks,
particle IDs, and energy
estimators into network
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Other applications: Energy Estimation
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Other applications: Energy Estimation
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More to Explore

* Inter-experimental LHC Machine Learning group
* https://iml.web.cern.ch

* Inter-experimental Machine Learning working group for the intensity and
cosmic frontiers

* http://machinelearning.fnal.gov

* MicroBoone: “Convolutional Neural Networks Applied to Neutrino Events in a
Liquid Argon Time Projection Chamber” JINST 12 (2017) no.03, P03011

* Vertex Reconstruction in MINEVA
» jeeexplore.ieee.org/iel7/7958416/7965814/07966131.pdf

Adaptation of CVN in DUNE as well as semantic segmentation and other
networks

Many applications in colliders, astrophysics and more
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Summary

* Advancements in GPUs and the field of computer vision make training deep
neural networks with minimal reconstruction feasible

* Many detectors in particle physics have an image like quality that makes
them natural candidates for convolutional neural networks

* In NOvVA a multi-classification CNN was developed that produced a
performance gain equivalent to 30% more exposure, proven robust in Data/
MC studies

* Expanding NOvVA DL applications to look at particle identification, energy
estimation, vertexing, clustering, and more

* Just the tip of the iceberg! Many more applications of deep networks in HEP

Thanks!
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