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Liquid Argon TPC

 ~mm scale position resolution with multiple 1D DUNE
wire readouts Research Facitty

« Particle identification (PID) with energy e e
depositions and topologies £z \
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Separation of e and y in LArTPC
uBooNE

; 1 Photon
Y # 7. candidates
e N Proton
B \ Candidate
Proton :
Candidate

CCv_ +1 proton candidate data event
Run 8617 Subrun 46 Event 2328

NC =° + 1 proton candidate data event
Run 15318 Subrun 159 Event 7958

* Event topology to separate EM showers (e/y) from tracks (proton, muon)



Separation of e and y in LArTPC
uBooNE

uBooNE’

" 1 Photon
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Distinct
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Gaps =
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B . : Candidate
Proton :
Candidate

CCv_ +1 proton candidate data event
Run 8617 Subrun 46 Event 2328

NC =° + 1 proton candidate data event
Run 15318 Subrun 159 Event 7958

* Event topology to separate EM showers (e/y) from tracks (proton, muon)

« Separation of e and y : Gap Identification



Separation of e and y in LArTPC

e uBooNE

1 Photon ‘ | “d'\da"e
e ’

' -% Candidates tO“Ca :

o N Proton
I - Candidate

CCv_ +1 proton candidate data event
Run 8617 Subrun 46 Event 2328

12 ¢cm

A pair producing photon quite literally has
twice the number of minimally ionizing

+ EVent topology 1 siemmarmencmass ' fe/y) from tracks (proton, muon)

« Separation of e and y : Gap ldentification + dE/dx
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r



Challenge in Automated Event
Reconstruction

U-Induction View V-Induction View
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* How to convert the excellent resolution and
- ma calorimetry in these pictures to rigorous physics
g 2400 ;‘ he o e a. n alys e S ?
gy o « Massive amount of information with tiny signal to

BN background ratio - a big challenge for automated

"~ = \W-Collection View = event reconstruction
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Pandora Pattern Recognition

* The most general pattern recognition

algorithm with the longest history
— Eur. Phys. J. C78, 82 (2018)

MicroBooNE Publications Using Pandora

JINST 12 P12030 (2017);
Eur. Phys. J. C79: 248 (2019
PRD 99, 091102 (2019);
Eur. Phys. J. C79 673 (2019)
JINST 15, P03022 (2020);
JINST 15 P02007 (2020);

PRD 101, 052001 (2020);
PRL 125, 201803 (2020);

JINST 15, P12037 (2020);
PRD 102, 112013 (2020);

Track (p), deaghter of prinsary p

* Currently a hybrid approach of
Deep-Learning and traditional

Deep-Learning (DL) Based Event
Reconstruction

[’ Semantic Segmentation
Using SparseSSNet (pixel-based
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nBooNE2 __  Wire-Cell Event Reconstruction
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Wire-Cell

TPC simulation

noise filtering

signal processing
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3D trajectory &
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Search for Low-Energy Excess in v,CC

Comprehensive search for (examination of) the MiniBooNE low-
energy excess in v,CC with multiple final-state topologies with
different reconstruction paradigms

e | S5

CCQE 1elp Deep Learning 75% 6.6% 2110.14080
1e0pOTr Pandora 43% 9% 34 2110.14065
1eNpOTT Pandora 80% 15% 64 2110.14065

Inclusive 1leX Wire-Cell 82% 46% 606 2110.13978

Wire-Cell based inclusive v ,CC analysis (46% efficiency)
currently leads sensitivity in searching for the LEE
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Events Observed / Predicted (no eLEE)

0.0

2.5 1

2.0 4

1.5 1

1.0+

0.5 4

® MicroBooNE Observed
Non-ve background
Intrinsic ve
. Total, no eLEE (x=0.0)
[ Total, w/ eLEE (x=1.0)

/ /

////]///? A I //{/ v

lelp CCQE leNpOmn 1e0p0n leX
[200 MeV,500 MeV] [150 MeV,650 MeV] [150 MeV,650 MeV] [0 MeV,600 MeV]

arXiv:2110.14054

No excess of low-energy v, candidates!



https://arxiv.org/abs/2110.14054
https://arxiv.org/abs/2110.14080
https://arxiv.org/abs/2110.14065
https://arxiv.org/abs/2110.14065
https://arxiv.org/abs/2110.13978

Wire-Cell Event Reconstruction
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Wire-Cell

uBooNE

TPC simulation
noise filtering

signal processing

After Noise Filtering 1-D Deconvolution 2-D Deconvolution
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3D imaging

clustering

charge-light matching

MicroBooNE

U wires

V wires

JINST 13 P05032 (2018)

3D trajectory &
dQ/dx fitting

cosmic muon tagger

MicroBooNE

multi-track fitting

DL-3D vertexing

particle identification

JINST 16 P06043 (2021)

MicroBooNE Simulation
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https://iopscience.iop.org/article/10.1088/1748-0221/13/05/P05032
https://iopscience.iop.org/article/10.1088/1748-0221/16/06/P06043
https://journals.aps.org/prapplied/abstract/10.1103/PhysRevApplied.15.064071
https://iopscience.iop.org/article/10.1088/1748-0221/17/01/P01037
https://iopscience.iop.org/article/10.1088/1748-0221/12/08/P08003
https://iopscience.iop.org/article/10.1088/1748-0221/16/01/P01036

Wire-Cell Tomographic Event Reconstruction

Uiguid Argon TPC

. LAITPC Signal Formation P
- P>

{ﬂ'% 7\ | || tiling k:i

At
il
sl
mAp lontzaton i
00 o/mem

5

X

|=*

o
BN\
¥
g
& .
5

4

/ g 7; fi1 ' Drift direction
Lmun ’” =
‘ y . \umnw
Y. ' A \ \
Vs ¢ | F | G (N l\

Xy
R
ok

5u15.law |

b . solving
Fig-1:Basic principle of tomography: e 3 3! oo T
superposition free tomographic ! )* - *"llluul \

cross sections S1 and S2 compared g ' ‘ ij s

with the projected image P 7 N H““[HIH \\

/ Truth rec_simple rec_charge
] L wiki/Te I
L? Brookhaven Three-dimensional Imaging for Large LArTPCs”, .
National Laboratory JINST 13, P05032 (2018)



https://iopscience.iop.org/article/10.1088/1748-0221/13/05/P05032

Solving: usage of Charge, Sparsity, Positivity, Proximity

measured

-

H o . o L o
H o ot a
H L e L
HE o - e
Bt - ’ o o
o o o+
o o o
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o Lot

@ True hit
@ False hit

charges on Wires

y=A-X | e el
(ooo.aaa\(ﬂl\
a a a 0 0 0 H3
=00 a0 0 all
O a 0 0 a 0 H5
\ao()aoo/\%)

matrix determined by geometry, a=1

» The goal is to differentiate the true hits from fake ones by

using the charge information
« ~large charge -> true hits
« ~ zero charge - fake hits

« Sparsity, positivity, and proximity information are added
I through compressed sensing (L1 regularization)
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Llreg. O(N!)>O(mxN)
:(y—A-x)thﬂ,-Z]xi |

E. Candes, J. Romberg, T. Tao
arXiv-math/0503066
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Traditional Reconstruction Approach: 2D matching = 3D

Anode wire planes:

Anode wire planes:
Y

vy

Liquid Argon TPC Liquid Argon TPC

m.i.p. ionization:

2D pattern recognition Matching to 3D objects

Wire-Cell tomographic imaging is topology agnostic

@ Brookhaven
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\ /i » General
View ¥

* Helper

* Monte Carlo
*» Optical Flash
* 3-D Imaging
* Box of Interest

+ Time Slice

sliced mode -
G I opacity
| . - width
\ \ ¢ position
‘ » v Camera
Ortho Camera
- , N Multi-view
2D View
Reset Camera
‘ A Fullscreen

A Voice Control |

Close Controls




Overcome Challenges of 10% non-functional channels

« Impact of 10% non-functional channels is reduced from ~30%

- ~3% dead volume by requiring only 2 out 3 wire planes in  Ywerte) Before

deghosting

reconstruction when necessary -
 Utilizing coverage of 3 planes, but generating a lot of fake
3D activities (ghosts) z<be;m)

« Dedicated algorithm in deghosting, clustering, charge
solving etc. have to be developed

Active detector if three live wires are required prior to tiling B /‘@ A
RO —  JINST 16, P06043
Vertical
30% dead Y (vertical)
volume X deghosting
Beam 5
Active detector if two live wires are required to tile Z (beam)
*
Vertical
3% dead volume O
MicroBooNE (%
k:} Brookhave —
National Laborator Wire-Cell



https://iopscience.iop.org/article/10.1088/1748-0221/16/06/P06043

Old performance in 2015

Zoom in Zoom in
N Specific I
Gaps / track =’ |

along " \absent /
track /S o

Input of Wire-Cell imaging, quality of reconstructed charge
was not sufficient to perform a good image reconstruction

15



TPC Signal Processing = Recover (or Unfold)
lonization Electrons

Time domain

 Signal processing is based on deconvolution technique

M(t, ) =IR(t—to)-S(t)~dt
« O(N3) matrix inversion is achieved through a O(N logN) "
fast Fourier transformation

« Top 10 algorithms in 20" century l tlzrgzggrmation

. o 0 M (w) = R(w) -S(w)
« 1-D deconvolution described in B. Baller “Liquid Argon TPC
Signal Formation, Signal Processing, and reconstruction

Frequency domain
techniques”, JINST 12, PO7010 (2017) ( )
M(w
S(w) =—"— v -F(w)

Back to time l Inverse-Fourier
domain S(t) transformation

k? Brookhaven

National Laboratory
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http://iopscience.iop.org/article/10.1088/1748-0221/12/07/P07010/meta

2-D Deconvolution

2D measurement formation

M(t' ') = / / R(t,t',x,2") - S(t,z)dtdz + N(t',z")

2D deconvolution

F(wr,we) - M(wy, wy
S(uwnyiy) ~ te) M, @)

IFT . S(t )

5\
>

Decon. w/o LF

R(wt: w..L)
2D decon. + ROI
Input Waveform » 2D decon. >
L? Brookhaven
National Laboratory

Decon. w/ Tight LF

N

Decon. w/ Loose LF

U Plane

710'"‘75””(‘)“"5""{0
. Wire Number
Position-dependent responses

Vs

ROI Finding

\ 4

SigProc Result ]

ROI

17



I 1D deconvolution

0.14F

Arb. Units

0.12F

4
=
*

Improved TPC Signal Processing

2D deconvolution

0.1F

— U Plane
==V Plane
=Y Plane

- r — U Plane B
- 012~ —VPlane 7

— Y Plane

-30 -20 -10 0 10 20 30 30 20 -10 0 10 20 30
Time Offset [us] Time Offset [Lis]

The 2D deconvolution algorithm in Wire-Cell allows
to accurately recover the ionization electrons from
recorded original signals

Same number of electrons are reconstructed from
each projection wire plane

©

Brookhaven

National Laboratory

Time [3 us]
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http://iopscience.iop.org/article/10.1088/1748-0221/13/07/P07006

New Performance

2015 1D deconvolution ~ ;
. o Apecific S eI
jiﬁ; track
track ' " ..a_bserlt/ﬂ:

¢ Brooknaven
National Laboratory 19



MicroBooNE detector
operates near surface

4 JINST 16 P06043 (2021)
* clustering
1+ charge-light matching

Phys. Rev. Applied 15, 064071 (2021)
« 3D trajectory & dQ/dx fitting

£ ——1+ Ccosmic muon tagger

1 neutrino interaction in O(20) events
1 event includes 26 comic-ray muons

' = JuUY aAvie
" National Laboratory 20


https://iopscience.iop.org/article/10.1088/1748-0221/16/06/P06043
https://journals.aps.org/prapplied/abstract/10.1103/PhysRevApplied.15.064071

Cluster-flash (light) Matching

Made by Bo Yu (BNL) Anode wire planes
Liquid Argon TPC ) ,f:ff
; J,-’r f:‘“;'{f -_P
C f’f'{r; il
wm—
: :{;_ ]/?f_
- A '—:'"-;é’?_?p
. i e
i) e
i s
1e i 1
il 0 i
Hl '__'-_?_:r;_
i O :f-:ﬁj;__--f-
\— Elij pal
Liquid Argon @ 89 K ¢ 1
x \Josta Egit = 270 Vicm —%ﬂme
PMTs detect the scintillation light, time ~ns Drift velocity 1.1 mm/uys -> several ms drift time

* In LArTPC, the light (PMT) readout and charge (TPC) readout systems are decoupled
« The identification of neutrino interaction candidate requires matching the charge signal
with the light signal in order to obtain the event time

G Brookhaven
National Laboratory 21




Matching Principle

JINST 16 P06043 (2021)

Core Charge-Light Matching Algorithm

2 2 2 2 2
X~ :ZZXE;"FX.;] TXp2 T Xp3

A be minimized

Overall test statistics to

o (Mij— Yrair - Picj — bi - Mjj)”

» Comparison of the

Xij — measured and predicted
' OM;; light pattern
Rule 1st -
2 = Z (2xaix —1)° Each charge cluster
r! - (:2| can only be used once
Rule 2nd 5
XE _ i Observed light flash may not
P2 ; c% correspond to any charge cluster

Compressed sensing to
select the best pairs

 Light signal proportional to
(reconstructed 3D) charge

* Known light acceptance given position

« Predicted vs. Measured light pattern
with Compressed Sensing

k? Brookhaven

National Laboratory

All possible hypotheses

* One cluster > at most one flash
(inefficiency in the light system)

 One flash > many or zero TPC clusters
within corresponding active volume
(activities in inactive volume)

Iogi0 PE

M: Measured Light Pattern
P: Predicted Light Pattern
6 : Uncertainty

i: ith Light Flash

j: jth PMT

k : kth Charge Cluster

Aggressively pursue charge-light
matching

Additional cuts to examine the
“light mismatch” events

N

PMT flashes

6

L Coin. with

- v beam
4

: ——t‘ﬂ' 0.002 0004 D008 ?l'.al-:‘fm\ei.m
| ‘ ‘ ‘ ‘
%% 2 e

Timg, (ms)

40-50 PMT activities


https://iopscience.iop.org/article/10.1088/1748-0221/16/06/P06043

Rejecting Through-Going Muons (TGM)

« Only event with flash(light) time matching the neutrino beam spill window is a neutrino candidate

Side View Dead volume
— yi

/ « TGM: cosmic-ray muons go all way
through the active TPC volume

>Z (beam direction)  |dentification: the two endpoints of

TPC cluster at/outside the effective
End view / -

detector boundary
Effective detector boundary
because of space charge effect

Fiducial volume used in apalysis:
3 cm inside the effective Boundary

Neutrino:Cosmic-ray
Charge-light 1:6.4
matching Improved by

TGMrejection 1:0.9 factor of 6

23




Rejecting Stopping Muons

<

[

X (drift direction)

20

—— Proton
— Kaon
—— Pion
—— Muon
Electron

dE/dx (MeV/cm) ™

O "5 H0 15 20 25

STM: cosmic-ray muons enter and
stop inside the active volume

|dentified by directionality: from outside to inside
» Tracks from neutrino activities will go out of
detector from inside
« Tracks from background will enter the
detector from outside

Trajectory and dQ/dx fitting = Bragg peak
—> directionality

dQ/dx vs. residual range is also important for
the particle identification for tracks

24




3D trajectory

Principle of the Fit |
< />
s

« Come up with a 3D track hypothesis (3D
trajectory points and dQ/dx)

-

- Predict the deconvolved signals on all projection o B
Views ol

o

* Minimize the difference between the observation vview g
and prediction -

-

I @ Brookhaven E::E E




Simplified Prediction of the Deconvolved Signal

Convolve with

+ Simulation dQ/dx at diffusion f Ejactron at field res. Induced current
- : > -> :
a0t~ : ¥ |+ Prediction generation anode plane on wires
100~ " : . : :
NI 3 0 Aé ds_lgnal Ipr(;fcessllng stage, we have two S = Q
S o 3 additional effects: 0 F|9
“E . i . % S « Software filters (time and wire dimension) @[S
-y § . - I » Usage of position-averaged overall response ® §
R o function
C "' [ *» *
O!E!Iél = I1|0|-I'i1|5I = ‘2‘0‘ ‘ II2|5I = I;Ol = IBISI I |-4.0“‘ I I45 v
: : . Signal Processin iqiti
Pixel # in 2D Projections = D_econvolved mr?am : D|g|t|_z c d
signal amplified current

 Full process of signal formation and signal processing is complex - significant burden in
computation

« A simplified model was developed

G‘ Brookhaven

National Laboratory 26




Trajectory and dQ/dx Fitting

Overall Test Statistics

T(%,Y;,2,,Q;) =T
Tovm =225 G

507

I . pixel in 2D projection
: 2 2
dis(U); =AU

AU bin size in U view,

o+ Ty + Ty,

-dis(U /V /W),

AX:binsiz in drift time t

+ T Overall Test Statistics
Unknowns T(Xj:yj;Zij):TU +T, +1Ty +Treg
Measurements 2
j : 3D trajectory point 5 (qi _; RUU'QJ']
T =
2 2 U 2 !
'(Ui -U; (Xj’yj’zj)) +AXT ’(ti =1 (Xj’yjizj)) sl o
Ry : smearing coefficients

120

dQ/dx [1000 & /cm)

. Bragg peak

s . Track direetion | i i 7 g

AAAl“llillAiAAAill‘illAilllilllil
100 120 140 160 180 200 220 240

Distance from start [cm]

Neutrino:Cosmic-ray
Charge-light 1

matching :6.4  Improved by

. factor of >6
TGMrejection 1:0.91

. 1036 Improved by

STM rejection . 0. factor of ~3
Additional Cuts 1:0.20

27




Preselection

« Generic neutrino detection powered by many-to-
many charge light matching and additional
cosmic taggers to reject in-time coincidence
cosmic-ray muons

* 99.999% cosmic-ray muon background
rejected

e Start with 1:20,000 neutrinos to cosmics
 End with 5.2:1 neutrinos to cosmics

* 90% efficiency for v,CC and 80% efficiency
for v,CC

 v,CC purity ~0.4% at this stage

k? Brookhaven

National Laboratory

93500 4 MicroBooNE —e— Beam-on data, 17305
2 il stat. error (beam-off data + MC)
8 3000 = [ | cosmic (beam-off data), 1987
% 2500 (%% cosmic (beam-on MC), 589
z v, CC in FV, 11379
§2000 v, NC in FV, 1629

""""""""" v, outside FV in cryo, 964
K500 —

Event fraction

VwWesVe in cryo, 257

1F =
0_8 :_ o :- = =
0.6 :_ T = o= Purity of v interactions in FV
E --e-- Impurity of cosmic rays
0.4 pe- —e— Efficiency of v, CC interactions in FV
0.2 ::._:“.":--o--- ° :";":
b e et e D
0 200 400 600 800 1000 1200 1400

E. ;. [MeV]

Phys. Rev. Applied 15, 064071
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https://arxiv.org/ct?url=https%3A%2F%2Fdx.doi.org%2F10.1103%2FPhysRevApplied.15.064071&v=c1754ed8

— Vi 93.65%
—V,.: 5.79%

-
§ — _— —1 _ ‘—v 0.51%

BNB @ MicroBooNE V.. 0.05%
Mean Neutrino Energy 0.8 GeV
Over 99% v /v -

~0.5% v,
=y _ _ r 6":;4 f .

Neutrino vertex + gap identification +
-~ dE/dx ely separation are essential to
| achieve the v,CC selection
— need new tools

A
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3D Pattern Recognition

(b) Track/Shower
separation

(c) Particle-level
sub-clustering

(a) Selected neutrino
activity

. i

" %

Vs

-

‘

(d) 3D dQ/dx
displayed with
PID capability

\
<
- \\
Y\ -P
~2MIP A
4 MIP / €

(e) Particle flow
starting from
neutrino vertex

‘b.

X . ¢t~ ™ [J mu- 160 MeV
5 - ¥ |iJ proton 10 MeV
sl[ - UJ proton 133 MeV

- UJ e- 199 MeV

<[] [) e-21 MeV

= l I LJ gamma 1 MeV

¢-[] L) gamma 0 MeV

l l | LiJ gamma 3 MeV

Sparse Regression U-Net

SC Block (repeat 2)

BN: Batch Normalization

L:.‘ Brookhaven

National Laboratory

vvertex candidate in |
each cluster

| First iteration: towards v vertexing _ B
»  dQ/dx PID \
proto vertices and * p/mu separation | direction |-
track segments + track/shower \.
finding topology separation P
— — B ’7,//
Space points e —
/// 3D charge - d"'ﬂ)l
/ raditional | 0TI
/ G raph theory v vertexing \ - -
' Hybrid v Full EM shower Particle
1 1 y vertexing | clusterin Flow | | v Energy Reco.
(e.g., Steiner tree) :
! | DNNvV |
: vertexing

Second iteration: particle flow tree reconstruction

JINST 17 P01037 (2022)

SC: SubmanifoldConvolution
Conv: Convolution
+ Decon: Deconvolution

Concat-Join
SC Block
H 32— 16

sCBlock | | - P
PO R 1 -------- 5
BN, Conv SCBlock | | Concat-Join | | BN, Decon | :
16—32 32—32 . 32,64,32 32— 16 :

30


https://iopscience.iop.org/article/10.1088/1748-0221/17/01/P01037

Deep Learning based Neutrino Interaction Vertex Finding

Regressional segmentation with a sparse U-Net
« U-Net: efficiently use geometry info which is critical

« compared to graph networks
« Regressional loss on distance based “confidence map” to use a region of points instead of only one

« otherwise, data is highly imbalanced (Z. Cao etc, arXiv:1812.08008)

« Sparse: boosted computing efficiency with our sparse 3D data
« Submanifold Sparse Convolutional Networks (B. Graham etc, arXiv:1706.01307)

3D points from Wire-Cell

'\? Broc

Natione

o
Z[cm]

2D projection

;;’“w o Truth
»  DNN
f b o Traditional

Zoom in

Z[cm]
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Regressional segmentation

Initially we used Cross Entropy loss

» effectively only use the vertex information for one space point

« doesn’t care about the distance between the prediction and the target.
« while our main metric is this distance.

— encode the distance information for a region of points
» predicting the full “confidence map” instead of only one point

IX — ﬁtmthllz)

OpenPose:
202

https://arxiv.org/pdf/1812.08008.pdf

* current mapping: Confyyy = exp (_

k? Brookhaven

National Laboratory
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https://arxiv.org/pdf/1812.08008.pdf

Network structure and data format

Used SparseConvNet to realized 3D sparse conv. DNN
https://github.com/facebookresearch/SparseConvNet

This work: https://github.com/HaiwangYu/uboone-dl-vtx

3D charge Fully confidence
, Sparse | -
reco’ed from > » connected — value for
: U-Net ) .
Wire-Cell + sigmoid each voxel
coordinates features label
X y Z g conf.
int int int float float 407
int int int float float
E
int int int float float = 201
10+

L:.‘ Brookhaven

* National Lahoratory

30{

input: color is
charge

input: charge

SparseConvNet

’._.,u

<

™

MicroBooNE simulation

10000

8000

6000

4000

2000

0

10 20 30

Z [em]

Y [cm]

40/
30{
201

10

label: color is truth
confidence map

label: conf. val.

<

/

10 20 30

Z [em]

1.0

0.8

0.6

0.4

02

0.0


https://github.com/facebookresearch/SparseConvNet
https://github.com/HaiwangYu/uboone-dl-vtx
https://github.com/facebookresearch/SparseConvNet

Deep Learning based Neutrino Interaction Vertex Finding
JINST 17 P01037 (2022)

lllustration of impact of vertex ID on the v,CC vertex identification efficiency

full event reconstruction I
0.8 e G
(Incorrect) neutrino vertex by (Correct) neutrino vertex by J_’_'_‘_,_,_v!'—"_f—_
traditional reconstruction . DNN reconstruction a\_ - iy . I
O 2 0.6f jlr 2 Rel ed30%
. ' 4=
| . S 04f
~ e~ : — DNN
B 0.2 e
:’J — Traditional
00 1 2 3 4

Distance between reco. and true vertex (cm)
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https://iopscience.iop.org/article/10.1088/1748-0221/17/01/P01037

Neutrino Energy Reconstruction

« Calorimetry energy reconstruction with
particle mass and binding energy included
If PID can be done

« Track: Range, dQ/dx - dE/dx correction

» Calibrated by stopped muons/protons

 EM shower: scaling of charge
 Calibrated by 1% invariance mass

 Fully contained events

v,CC 10-15% resolution

~7% bias

vﬂCC 15-20% resolution ~10% bias

JINST 17 P01037 (2022)
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Boosted Decision Trees (BDT) for neutrino flavor tagging

Bootstrap aggregating or Models are built sequentiall Optimized Gradient Boostin
Bagg'ng ISa ensemb e by mlnlmlzmg the ec;ITOI'S fr0l¥'l glgorithm through para“el 8
meta.-algo"thm comb!nlng previous models while processing, tree-pruning,
predictions from multlﬁle- increasinﬁ\(or boosting) handling missing values and
decision brees thipligh o influence of high-performing reguérization to avoid

majority voting mechanism models

Trees vy {ostm

overfitting/bias

éoost

: Bagging-based algorithm Gradient Boostin
re ﬁe%ganptra"tcigL of W gereg only a subset of employs gradien
osgible selitioneto features are selected at descent algorithm to
pa decision based on random to build a forest minimize errors In
certain conditions or coIIectlton of decision sequential models
rees

https://towardsdatascience.com/https-medium-com-vishalmorde-
xgboost-algorithm-long-she-may-rein-edd9f99be63d
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Gradient Boosting

ensemble
output
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Neutrino Selection through Machine Learning

Wire-Cell generic neutrino selection

: = interaction-level variables

Reject residual cosmic and out-of-FV

events
Shower exists and energy threshold vector varlable set #1 round 1 BOT ecore round 2 BDT score
} particle-level variables
Wire-Cell 3D pattern recognition k vector variable set #15 round 1 BDT score round 2 BDT score
1-0.97
XGBOOST, 99.9%, 30-fold reduction | 4
L 00 . 1 —0.999
)
= TMVA, 99.5*
Human feature engineering c 7-fold reductipn
O
+ ‘= 0.98 :
8 Box-cut result, 97%
Maching learning algorithm: | '@ s A
XGBOOST: extreme Gradient Boosting 2 :
K / m 0.96 1 —— XGB ROC !
—— XGB-Converted-Tg-TMVA ROC
—— Old TMVAROC
0.95 \

0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90

Signal (good vertex) efficiency
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v,CC and v,CC Event Selection
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Event counts / 100 MeV

Data/Pred

arxXiv:2110.13978
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Efficiency: 46%
w.r.t to all v,CC w. vertex in fiducial volume
Purity: 82% (>800 improvement in S/B)

We are ready to do physics!
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https://arxiv.org/abs/2110.13978

Application of Wire-Cell in Physics Analyses

Energy-dependent Cross Section
arxXiv:2110.14023, accepted by PRL

MicroBooNE 5.3 x 10°POT
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c)
» Good separation power of model
predictions from different generators

» GiBUU'’s central prediction gives best
. agreement at low energy transfer for Ar =
L more contribution of 2p2h

Search for v, Low Energy Excess
arxiv:2110.13978

MicroBooNE 6.369%x10%° POT

# MiniBooNE 68.3% CI (stat.)
MiniBooNE 68.3% CI (stat.+syst.)

Best-fit value 0.00
[ ]68.3%ClI
[ ]95.5% CI
[ 99.7% CI

= 15—
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=
n
—_—
(o
n
(W]

eLEE strength

* 68% stat-only (full) uncer. MiniBooNE Cl is
disfavored at over 30 (2.60)

* v, cannot be the sole explanation of
MiniBooNE LEE!
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Future Developments

 DNN ROI finding
 RNN Energy Estimator
« Computing Parallelization/Acceleration
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DNN ROI finding to improve LArTPC Signal Processing

* “Prolonged Track™ — weak signal < OF
« “Tear Drop” - distorted waveform = 20l |
o Noisy dots - noise % - JINST 13 P0O7006 (2018)
o-40
g L £-60f
) f‘: 00y (2 36 S(1g, fo(fg-j’oraé?orqgj%mgﬁor?q / 5 ,, ) (85&4(8789(89 5
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DNN ROI finding with multi-plane information

Multi-plane information in Signal Processing

JINST 16 P01036 (2021)

DNN ROI finding with multiple input channel

1: make time slices

U

\ |
|
|

time

W

7

channel

2: Matching active wires (with
initial ROI) from multiple planes

—— active wirein the time-slice :
— ref. plane,target plane

-—— in-active wire in the time-slice

channel

channel

matched ROIls (MP2)

L‘-‘6§ %

Wire-Cell

3: On target plane, tag 3-plane
matched ROIls (MP3) or 2-plane

k}‘ Brookhaven
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input: waveform frame

128
HH
' 256
M0
Bomm- ko mmomm
' 1

N L. I
50%37%512

=) conv. 3x3
=) BN, RelLU

m Max Pool, 2x2

output: tagged ROI

128 T
[!-I'I-I*I

256
CE+E+E+0+0

copy and crop

=) Up sampling, pad ™ out conv.
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https://iopscience.iop.org/article/10.1088/1748-0221/16/01/P01036

DNN ROI finding with multi-plane information

tested on ProtoDUNE data

ProtoDUNE simulation
ROI finding on V plane (2"9 induction)
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RNN Energy Estimator: variable length list of particles
— energy

Inputs Outputs

Lepton
Energy

@
®

Particles

Event

Neutrino
Energy

Simple RNN RNNEE | |
@? ® ﬁ? « Extracts information from each patrticle
« Aggregates it with a help of an LSTM neural network
[ A | ﬂ A J‘ « Then combines aggregated information with event level variables

| | | and predicts energy of neutrino and energy of the primary lepton.
3 ©) &)
k:.‘ Brookhaven

National Laboratory
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Initial results on MicroBooNE

New RNN EE improved the neutrino energy reconstruction with first try:
* resolution: 24% — 14%
* bias: -12% — 0.6%

Hadronic energy reco: traditional vs. RNN-EE Neutrino energy reco: traditional vs. RNN-EE
600 -
400 - _
Base Model Base Model
Stats: Stats: . Cate-
3501 Mean -2.184e-01 Mean -3.609e-02 500 - o 069601 ean 4 67 7e0
RMS 5.224e-01 RS 379 7e01 RMS 3.452e-01 RMS 2.462e-01
300 - Std 4.746e-01 5td 3.780e-01 Std 2.763e-01 Std 2.417e-01
Gauss: Gauss: 400 - Gauss: Gauss:
Mu 0.000e+00 _Mu -7.959€-02 Mu -1.237e-01 Mu 6.167e-03
250 - Sigma 0.000e+00 Sigma 3.214e-01 Sigma 2.413e-01 Sigma 1.402e-01
@ Peak 0.000e+00 ' Peak 2.464e+02 @ Peak 3.938e+02 Peak 5.348e+02
c =
[ [
@ 200 & 300
150 A 200 -
100
100 1
50
0 T T T T T T T 1 0 = ' ! ! ! 1 ' - = e
—-1.00 -0.75 —0.50 —-0.25 0.00 0.25 0.50 0.75 1.00 —1.00 —-0.75 —0.50 —-0.25 0.00 0.25 0.50 0.75 1.00
(Reco - True) / True Hadronic Energy (Reco - True) / True Neutrino Energy
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LArTPC simulation acceleration with portable solutions

arxiv:2203.02479

« LArTPC simulation is one of the most time-consuming
Components. ScatterAdd M Rasterization B FFT

» A portable acceleration solution seems more attractive than
dedicated ones, e.g., CUDA

« Some serious refactoring performed to achieve efficient
acceleration

« Significant single process acceleration and node level
throughput increasing observed

« ~ 7 x per watt throughput using Kokkos-CUDA
* On-going work - FFT with CPU backend

20

15

10

Timing (seconds)

CPU-ref Kokko-CUDA Kokkos-HIP Kokkos-OMP48

Relative throughput on Perlmutter, GPU vs 64 CPU Processes

B relative throughput w/ 1 GPU [l relative throughput w/ 4 GPUs

Wire-Cell LArTPC Sim. Kokkos Porting s

depo: 1 grid: 6
Host 11 Dos: 20 x 2 | 100K 10k x 10k |1 ]
\ $ 3

v scatter ' £ 4
_ depo: 1 rasterize | patch: add grid: FT grid: 2
B 100k — -, SELEN 3

Device |l 0s:20 x 2 | * 100 20%20 |* 10k x 10k |1 10k x 10k [ s

L? Brookhaven. 1 2 3 4 5 6 7 8 9 07 N1 12 13 14

National Laboratory Number of Processes per GPU using CUDA-MPS



https://arxiv.org/abs/2203.02479

Summary

Noise Filtering and
Signal Processing

LArTPC Signal Formation 3D Imaging

JINST 13, PO5032 (2018)
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Summary (I

Two main approaches: first principle &human learning

The development of Wire-Cell has paid off in the MicroBooNE experiment
Knowledge cumulation from the developing

A 4

machine learning

MicroBooNE 6.369x10%° POT

[ #%% MiniBooNE 68.3% CI (stat.)
25 MiniBooNE 68.3% CI (stat.+syst.)

[ Bestfit value 0.00
E [ 68.3%CI
BE g esswa
0: [ 99.7% C1

The LArTPC technology advancements made by MicroBooNE is building a
solid foundation for next discoveries in neutrino physics (SBN & DUNE)
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