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Me: Neutrino Physicist

 Neutrinos?
- Least Understood elementary particles

- They are everywhere et ey
» 400 trillion neutrinos pass your body every second e .
» Your body generates ~340 million neutrinos a day




Me: Neutrino Physicist

 Neutrinos?
Least Understood elementary particles

- They are everywhere Betgyy i ey
» 400 trillion neutrinos pass your body every second
» Your body generates ~340 million neutrinos a day

- They come from everywhere
EPJ H37 (2012) 3:515-565

Cosmological v

Solar v
Supernova burst (1987A)

__Reactor anti-v

Background from old supernovae

Terrestrial anti-v

Atmospheric v

v from AGN

Cosmogenic
v

103 1 10° 10° 10° 10'"? 10'° 10'8
meV eV keV MeV GeV TeV PeV EeV

Neutrino energ




Detecting Neutrinos: Today

Q Liquid Argon
MBOON - Time Projection Chamber
= Digitized, many mega-pixel

photograph of particles

Run 3493 Event 41075, October 23", 2015
75 cm



Detecting Neutrinos: Today

Q Liquid Argon
MBOON - Time Projection Chamber
= it i Digitized, many mega-pixel
photograph of particles
Vu """""" ) 2 p
Y u

Run 3493 Event 41075, October 23", 2015
75 cm



Detecting Neutrinos: Today

uBO&
: Type-A
s Multiple 2D Projections
Main stream in neutrino LArTPC
.. detectors, require data
WBooNE_ reconstruction for 3D imaging
uB0@<

nBooNE _

Run 1463 Event 23. August 15t 2015 10:37

Run 3469 Event 28734, October 21, 2015

30 cm



Detecting Neutrinos: Today

Type-B
3D Imaging Detector

Next generation LArTPC, currently
R&D on-going
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Analysis Goals

 Find neutrino interaction vertex
o Identify neutrino type

« Reconstruct neutrino energy

MicroBooNE > MicroBooNE
Simulation Simulation
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Outline for 20 minutes
1. About me & neutrinos

2. Image of particles

3. Application of DNNs
4. Summary
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Image Classification by DNNs

DNN has been the driver for the recent advancement in
computer vision, the first breakthrough in image
classification tasks (clearly better than me).

For my reference

PIBIFYS%

container ship
lifeboat jaguar
amphibian moped || cheetah
fireboat bumper car snow leopard
drilling platform golfcart Egyptian cat

mushroom | cherry

agaric |
mushroom grape spider monkey
jelly fungus elderberry titi
beach wagon gill fungus |ffordshire bullterrier indri
fire engine || dead-man’'s-fingers currant howler monkey



Image Classification for Physics Analysis
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Beyond Image Classification

Wide variety of applications: classification, detection,
pixel-level component analysis, natural language
processing

RS /@

L —

— —




Application for Physics Analysis

» Object detection technique applied to localize neutrino
interaction region in MicroBooNE data

« DNNs for “feature mining”

Nu: 0.926

Yellow: “correct”
bounding box

Red: by the network

Network Output

- MicroBooNE | . ~ 2.6m (width) x 1 m (height)
Simulation + Data Oveg]lay .




Pixel-level Identification of Electrons

10 cm

£ ] — a‘
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Preliminary Preliminary
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Extra: Qualitative Analysis
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Extra: Qualitative Analysis




Extra: Qualitative Analysis

egion 2 /" PS
e Region 1
/ « Mask all pixels but a small fraction of
Region1 . .
S trajectory. Inspected how the network

response changes as a function of
trajectory length
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Extra: Qualitative Analysis

RIS

iz Region 2
/ « Mask all pixels but a small fraction of
Region1 .-’ .
S trajectory. Inspected how the network

response changes as a function of
trajectory length where dE/dX is high.

n
e

] Shower score | ] Shower score ] Shower score ] Shower score
[] Track score | [] Track score [] Track score [] Track score
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Extra: Qualitative Analysis

RIS

Region 2 "A

Region 3

« Mask all pixels but a small fraction of
trajectory. Inspected how topological
difference affect the pixel score, and
correlation to neighboring pixels.

Region“é

Region1 .

° & =
o ® ©

Pixel Fraction
@)
N

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8
Score Score Score




Feature Space Point Finding
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Application for 3D
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Where We’re Heading Toward
Full Reconstruction Chain o S Sk e s

Tais Gorkhover, Michael Kagan, Kazuhiro Terao and Joshua

Turner will each receive $2.5 million for research that studies
fundamental particles, nanoscale objects, quantum materials
and machine learning.

 Individual particle clustering

» Trajectory reconstruction

e : Support from U.S. DOE/NSF
2 Topology classitication « DOE Early Career Award

« DOE ML@SLAC pilot program

o Particle hlerarchy analySIS « Many data science initiatives

Input r - 1 @ - Now here! )




Interdisciplinarity / Synergy

Accelerator Operation/Maintenance

- MA%Q I\‘IE' LEARNING Lots of collaborative effort
/;f{.'f/PARTK:LE to develop and share tools,
= ACCELERATORS experience, and holding

February 28 - March 2, 2018, SLAC National Accelerator Laboratory

workshops for training
across national labs &
universities.

This workshop is great :)

4 '(l,, '.‘f' I
\'ﬂ( P 7 ',(S’-’: ) "":‘.‘
104 A r\;'V',(’)'A‘

R

W
SL28J020833-071414 B SL25J021737-051329 F St g 1 S i S

Gravitational
= e - Lensing
i 2 je t 0 . 9 8 3 m ; @ SL25J141137+565119 9 SL.25J142059+563007 ( L S ST)

jet 0.994

jet 0.978

SL2SJ021902-082934 SL2SJ084909-041226 SL28J135847+545913




... Wrapping Up ...

» Particle imaging detectors are in the core of
experimental accelerator neutrino physics program

« Computer vision techniques are strong tools

» Collaborative development of applications based on
machine learning, in particular deep learning, is
active across and beyond particle physics community.

Thank you!

Please come and talk to me
if you have questions / etc.

Some technical jargons

CNN, RNN, GAN, Graph-CNN,
Mask R-CNN, U-Net, ResNet,
Reinforcement Learning, MXNet, PyTorch, TensorFlow




Back Up Slides

HRERE'S YOQUR
"BLUZZWORD BINGO”
CARD FOR TRHE
MEETING .

-Mail: SCOTTADAMS@AOL.COM

IF THE speaker OSES

A BOZZWORD ON
YOUR CARD, YOU
CHECK T T OFF S THE
OBJECTIVE 1S TO FILL
A ROW .

P—

© 1994 Lnited Feature Syniicate, Ins.

I talked about applying
Machine Learning
technique, in particular
Deep Learning, to Particle
Imaging detector
Data Reconstruction

BINGO,
SIR.




more exclting projects

vector arithmetic
of visual concept
arXiv:1511.06434

Smlhng ‘ Neutral Neutral
Women Women Man Man

Smlhng



https://arxiv.org/pdf/1511.06434.pdf

SBND Cosmic Rejection w/ U-ResNet

4

LR U T

Collection plane view,
similar performance

on induction planes
(from C. Adams)




DL@D

Our Input

Each “pixel” is the integrated ADC response in that t|me/
space slice. These maps are chosen to be 500 wires long
and 1.2ms wide (split into 500 time chunks).

500 | Indyctlon Ylew | 500 | Indyctlon Ylew | 500 | ;ol. V|evy

400} - 400} - 400}

300F il e S 300 . - S e s 300f © -

— - T e o g . - ~ - - 5 B et e A ety . L L D S N i oy
N = st s R s e e .- - e ,—-#._—'__"‘Wﬁ — e — e e oS - A P S L e, e e Y R -
AT L LT R o o ' TN T, TS e R e e T T L e R e e E =
= TN A - 7 = : N Lo S T C ORI fi S 7

Time
Time
Time

2 0 0 | ) :- | | 2 0 O B \ | . . | 2 O O i

100} . 100} . 100}

A ! ! ! ! ! ! ™ ! ! ! ! )
0 100 200 300 400 500 0 100 200 300 400 50! 0 100 200 300 400 500
Wire Wire Wire

A Alexander Radovic Slide 1/3 from A. Radovic



DUNE FD Events, With Oscillations,

osure
N
o
S

Arbitrar

y Exp

NuMu Selected Eventsiim.,
Reconstructed Energy Spetedss

Neutrino Beam

Survived NuMu
500 —— Beam NuE
— NC

— Appeared NuE
—— Appeared NuTau

w
o
o

%

Work in progress

l_lll_l_Lqu_l_Il_!_lLl llII T T I M

0 2 4 6 8 10 12 14 16

Appeared

NUE Beam NuE NC

NuMu

Efficiency

Rejection 99.0 98.7 97.6

(\ Alexander Radovic

18 20

81.5

DUNE FD Events, With Oscillations,

Arbitrary Exposure

U]VE FD‘

Anti-Neutrino Beam

Oz_;ﬁ:ﬂi:l-n_a_l.-l—LLJ i L1 | | | L
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Beam NuE NC
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40
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Rejection 99.6 993 98.3 814

Slide 2/3 from A. Radovic



DUNE FD Events, With Oscillations,

Arbitrary Exposure

NUE Selected Events, Recongps

Energy Spectra

Neutrino Beam

Survived NuMu
—— Beam NuE
— NC
— Appeared NuE

50

—— Appeared NuTau

Work in progress
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DUNE FD Events, With Oscillations,

Arbitrary Exposure
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Work in progress
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n-nbar Search in DUNE FD

Deep Learning application for rare event searches
(and more) in DUNE

Group: Georgia Karargiorgi (Columbia U/U
Manchester), Jeremy Hewes (formerly U
Manchester), Yuyang Zhou (Columbia U)

CNN application in DUNE: originally
developed as a DL-based analysis for a
search for rare neutron-antineutron

oscillation events (B-violating signature) in
DUNE.

WENCEENEN = agan e NEVIS LABORATORIES
e~ Ill" COLUMBIA UNIVERSITY

Simulated n-nbar
event in DUNE;
striking (“star event”)
topology




n-nbar Search in DUNE FD

CNN-based search for n-nbar in DUNE

J. Hewes, FERMILAB-THESIS-2017-27
vgg16 network

B Background (atmo v)

120000

Trained to differentiate n-nbar events
from atmospheric neutrino events*®

(training samples of 50k events), and
tested (samples of 200k events).

80000

No. of events

60000

20000

0
00 02 04 06 08

*atmospheric neutrino events expected i
to be the dominant background in DUNE

An optimized cut on CNN score
yields signal efficiency of 14%

MANCHESTER J— background mis-ID rate of 0.003%
ST — NEVIS LABORATORIES
The University IHI COLUMBIA UNIVERSITY




n-nbar Search in DUNE FD

£
CNN-based search for n-nbar in ' R(gg

J. Hewes, i . fOI’

140000 Signal (nnbar) O'I]] ° °
195 BN Background (atmo v) 112 1
€ty 10N
1 Igge
- DUNE sensitivity (10kt/yr)
- DUNE sensitivity (full 40kt)

- = Super-Kamiokande limit (90% CL

Free lifetime sensitivity (90% CL) [s]

— 0 02 04 06 08 1.0
Super-Kamiokande bound limit 1.9e32 yrs CNN Score

Resulting projected sensitivity of

0 2 e el : © | DUNE for given efficiency and mis-ID
rate, as a function of run time.
R Sensitivity shows 5x improvement
MANCH{%%EER 0 NEVIS LABORATORIES y tS EI' it
— "u“ COLUMBIA UNIVERSITY over current super-A Iimit.




Distributed CNN Training at PNNL % Pacific Northwest.

E. Church, J. Daily, C. Siegel, M. Schram, J. Strube, K. Wierman Proudly Operated by Batlelie Since 1963

P> Full event image: 3600 wires x 3600 time bins x 3 planes x 4 Bytes
B MicroBooNE simulated single particle events
B ~150 MB / event

P> Even a moderately small network only leaves room for a mini-batch size of
1-2 events on a modern GPU, for full event fidelity

Bl This is smaller than required given the latent space of the CNN — slow
development. Distributed scaling of compute resources will help significantly.

Bl Scaling allows increase in network depth too (if required)

P> For deep learning, one wants large training samples.
Bl Training may become quickly I/O bound and hence prohibitively slow

Bl Even a dedicated "large-mem” node cannot fit more than a few thousand samples
iInto memory, at best.

— We are studying PNNL's MaTEXx for distributed training
Easier to "drop in” than say the uber solution, and locally supported!
— And using in-memory loss-less image compression

, DL Software @PNNL
Slide 1 / 2 from E. Church Framework Development



" 7
TensorFlow

Pacific Northwest
ABRORATOR

NATIONAL f RY

Current status (preliminary) o ot et S

Training time: mini-batch size = 2, 10000 steps per GPU ... 10 epochs
|dentical networks, loss functions, optimizers and input data
— MaTEXx does not currently introduce noticeable overhead at this scale

Training loss vs. number of GPU
1.00€+0
1.00E-2
1.00E-2
1.00E-3
1.00E-4
1.00E-5
1.00E-6

1.00E-7
5 10 15 20 25 30

For the same wall time, training improves with number of GPUs
— Studies ongoing, significant updates planned for CHEP2018

, DL Software @PNNL
Slide 2 / 2 from E. Church Framework Development



More Exciting Stuffs ... come chat w/ me :)

3D voxel labeling of Cryo-EM image Multi-network Training
(below: mitochondrion detection) | Techn}ques R&D

person 1.0000

Detection + Clustering (Mask R-CNN)

of ATLAS jet images
(w/ SLAC ATLAS group)
l‘j'] synthetic s, * == }S-l ;"""" synthetic s,
. jet 0.983 - TRAINING TIME

jet 0.994

et 0-ve Pixel-Flow network for 3D track reco
(via cross-plane pixel correlation)
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Why Neutrlno Physms" (I)
Standard Model (SM)

Successful description of how we
know particles interact in nature
.. but not so much on neutrinos!

Neutrinos beyond SM

With neutrino oscillations firmly in place, we know at least there
are 3 mass eigenstates. But there 1s much more to learn...

Mass hierarchy CP violation Sterile neutrino?
m > m3? 39



Why Neutrino Physics? (11)

Neutrinos are everywhere
Which makes them natural probes to the universe and its history

Cosmological v

Solar v
Supernova burst (1987A)

__-Reactor anti-v
p Background from old supernovae

Terrestrial anti-v

Atmospheric v

v from AGN

Cosmogenic
v

10°° 10° 1 10° 10° 107 10" 10" 10'®
pevV. . meV eV keV MeV GeV TeV PeV EeV
Neutrino energ

EPJ H37 (2012) 3:515-565

Need to understand more about them!
Oscillation physics has taught us a lot, but still much to learn...
40




My Interest: ML Applications

Reconstruction chain using DNNs

» Design DNNSs for key feature extraction
- Interaction vertex, particle clustering, type
identification, hierarchy reconstruction, etc. ...

e Chain them up: optimize the whole process
- Still extracts key individual features.
- Leaves flexibility to implement some tasks without
using DNNs.

e

N\‘

N

e

A Ve TR p+p
Muon
Detect intfsraction Clustering
and classity type + Particle ID

41
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Detecting Neutrinos: BMB

We cannot observe neutrinos, but we can detect
particles that come out of a neutrino interaction.

== - ———

B ub]
| traJectory o1

_,sv

B Neutrinotransformed < |
into p-meson ; - \ : V

~ Invisible neutrino

5‘ - collides with proton

The Neutrmo Event
Nov. 13, 1970 — World's first .

observatlon of a neutrmo in a. Collision creates

il T-meson (e




Neutrino Oscillation Experiments (1)

Evolution of Detectors




Neutrino Oscillation Experiments (1)

Evolution of Detectors

Ol

Cd-doped water
0.4 ton, 100 PMTs

(1956)

”




Neutrino Oscillation Experiments (1)

Evolution of Detectors

iy Y . O
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Cd-doped water Ultra-pure water
0.4 ton, 100 PMTs g kton, 1000 PMTs

(1956) (1983)




Neutrino Oscillation Experiments (1)

volution of Detectors

Cd-doped water
0.4 ton, 100 PMTs

(1956)

o (O REXREERART ABTERETARER |
‘

Ultra-pure water
3 kton, 1000 PMTs

(1983)

g.
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o
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Ultra-pure water
50 kton, 11000 PMTs

(1996)




Neutrino Oscillation Experiments (1)

Evolution of Detectors

27 () WEXRFERFRA WEFERN T AR
‘

Cd-doped water Ultra-pure water Ultra-pure water Hevy Wé:cer
0.4 ton, 100 PMTs 3 kton, 1000 PMTs 50 kton, 11000 PMTs 1 kton, 9600 PMTs

(1956) (1983) (1996) (1999)




Neutrino Oscillation Experiments (1)

Evolution of Detectors

Cd-doped water Ultra-pure water
0.4 ton, 100 PMTs g kton, 1000 PMTs
(1956) (1983)

2’

U

i
i?‘ s

Ultra-pure water Heaw'ater
50 kton, 11000 PMTs 1 kton, 9600 PMTs
(1996) (1999)

“Near” & “Far” design
2 x 16 ton detectors with 400



Neutrino Oscillation Experiments (1)
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Neutrino Oscillation Experiments (I)
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Water Cherenkov Detector
Super-Kamiokande



Neutrino Oscillation Experiments (1)

KamLAND Event Display o o o o
e rezze: 1 1quid Scintillator Detector
UT: Sat Feb 23 15:25:11 2002

TimeStamp : 13052924536
TriggerType : 0x3al0 / Ox2
Time Difference 28,3 msec
NumHit/Nsum/Nsum2/NumHitA : 1317/264/1322/46
Total Charge : 3.21e+05 (465)
Max Charge (ch): 2,22e+03 (640)
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Less topological information
but excellent energy resolution
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Neutrino Oscillation Experiments (II)

How can we do better?
Three important detector features for oscillation measurement

1.27 Am? L
E,

P(v, — v,) = sin”20sin’ (

Good Energy Large Mass
Resolution (scalable)

Precise Ey reduce “More” statistics to measure Better v identification
oscillation uncertainty rare physics process background rejection
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100 cm

E
o
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C
=

Analysis Challenges

: i 1 h2
| I M

There may be lots of backgrounds

COSIIllC Data : Run 6280 Event 6812 May 12th 2/16




Analysis Challenges

100 cm : | "
> uBooNE .
- .‘ 'I
H ¥y
‘ =~ 200 cCIM
MicroBooNE ._ HBooNE_ / P

T Simulation \ . ‘ ' \ /
"'I'. II. . ‘ t /
'.‘ | \w\
.II. l Run 3469

Interaction vertex can be anywhere
in LAr, varying in size (cm meters)

Cosmlc Data : Run 6280 Event 6812 May 12th 2016




Analysis Challenges

| Cosmics

1] -/ Cosmics

Must identity event vertex
+ neutrino interaction topology (partlcle types)

Run 3469 Event 53223, October 21°%, 2015
57
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24 cm

40 cm

Analysis Challenges

uBO@g

Cluster energy depositions
for an accurate calorimetry

Run 1153 Event 40. August 6™ 2015 21:07
58



Challenges

Run 1463 Event 23. August 15t 2015 10:37




NN & CNN
Basics




How Image Classification Networks Work

Goal: extract features to give “single label” to an image

1. Convolution operation
2. Down-sampling

Down-sampling
Feature Maps

D)
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| After 3rd convolution

2nd convolution
After

1st convolution

Series of convolutions
+ down-sampling

61



How Image Classification Networks Work

Goal: extract features to give “single label” to an image

1. Convolution operation
2. Down-sampling -

. B

“Written Texts”
Down-sampling feature map

Featwre Maps
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Aftér
After 3rd convolution

2nd convolution
After

1st convolution

“Human Face”
62 feature map



How SSNet Works

Goal: recover precise, pixel-level location of objects
1. Up-sampling
- Ex atial dimensions of feature maps

2. Convolution
- Smoothing (interpolation) of up-sampled feature maps




DNN for LArTPC Data Reconstruction

How does
U-ResNet Work?

Concatenation of 512 x 512 tensors
CDl‘l\-‘OlutiDnS ------------------------------------------------------------------------ ¥

..' . . . y - | ...
Intermediate High spatial resolution lllﬁ)# o Intermediate
512 X 512 X b6: . - T 512X 512X 64
B Concatenation of tensors g g

\ at all spatial dimensions
(32, 64, 128, 256) . L
Repeat .
1/2 downsampling - -Dngerreressnrereesnre i x2 up-sampling Interpolation filters

+ ResNet convolutions + ResNet convolutions (up_s ampling)
\ ﬁ] / "+ Convolutions
_ (“learnable” filter)
Int diat
o[ P moncromenn
16 x 16 x 1024
16 U-ResNet

Down smplin + Convolutions to identify
highly abstract features (e.g. “human face”)







Response Study on Real Data

 Physicist labeled pixels, compared with DNN

« Repeated procedure for real detector data and
simulation sample. Validated response on real data

MicroBooNE
Data

MicroBooNE

~ MicroBooNE
Data

\\_ Data

> MicroBooNE
30 cm Data
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