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About me

* Born and raised in San Francisco
* B.A., UC Berkeley, 2011

* Stayed at Berkeley/LBNL for
physics Ph.D. on Daya Bay, 2021

* Stayed at LBNL as postdoc then
software developer:

— DUNE Near Detector sim/reco
software

— Data ops for Near Detector
prototypes

— Particle Data Group (PDG) API and
systems




What makes neutrino experiments different?

e Compared to typical collider data:

Much lower event rate

Generally more "homogenous”
detectors

* Potentially very large
May or may not have a beam “trigger”

Special considerations for galactic
supernovas

Possible continuous recording for rare
event searchers

3D schematic of
NOvA particle detector
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Deep Underground Neutrino Experiment

Sanford B — - o - _ Fermilab ° Neutrinos!

Underground
Research

raiy - e = Ghostly shapeshifting fundamental particles

- Could explain dominance of matter over antimatter

- Possible gateway to new physics

DUNE’s design

- Intense (anti)neutrino beam from Fermilab

Incoming beam:

e - Far detectors (FDs) measure neutrino oscillation: 4x huge
0 M0 1200 17-kton liquid argon time projection chambers (LArTPCs), a
Probability of detecting electron, muon and tau neutrinos mile underground in South Dakota

- Advanced near detector (ND) complex for constraining
systematic uncertainties

°* DUNE’s goals

- Search for CP violation (difference between neutrinos and
antineutrinos) in neutrino oscillation

)3
- Determine ordering (“hierarchy”) of neutrino masses
- Supernovas, solar neutrinos, new physics, ...
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Liquid argon TPCs

Interactions in a LArTPC

two signals proportional to the energy

N

ionisation electrons scintillation photons
~27000 e/ MeV ~24000 y / MeV
l For 500V/cm drift field l
drifted and collected in observed by the photon
" incoming v charge readout planes detection system
_.// Liquid argon TPC l l
4
—— Precise tracking to and complementary
Example of single phase & horizontal drift (wp.lancs.ac.uk) and calorlmetry calorimetry

P. Sanchez-Lucas




Reconstruction in LArTPCs

3D Imaging ‘
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Liquid Argon TPC
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DUNE near detector

* Provides systematics constraints that are
essential for DUNE'’s goals

* Multiple components

ND-LAr: Pixelated LArTPC; same
target as FD — many systematics
cancelled

TMS: Downstream muon
spectrometer (replaced by gaseous
ArTPC in Phase 2)

SAND: On-axis beam monitor

PRISM: System for moving
NDLAr+TMS to off-axis positions,
improving oscillation sensitivity




ND-LAr and LArPix

Pixelated

Anode Tile ..
(70x70 pixels) .,

ArClight Tile -

LCM Tiles ...

1 1.40m

High event rate requires novel pixelated (i.e. true 3D) charge
readout

— Contrast with FD’s wire planes (2D projective readout)
* LArPix ASIC designed at LBNL
* Dedicated detectors for scintillation light

* Modular design: 7x5 array of optically-segmented subdetectors
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ND computing challenges

* FD — 5 GB per beam trigger @ ~mHz: 3M wires,
digitized waveforms, sparse activity

Main challenge: Memory management

“Traditional” signal processing and
reconstruction

Uses a software framework developed for
previous LArTPCs

Currently runs almost entirely on CPUs (but
greater future role of GPUs is likely)

* ND(-LAr) — 5 MB for every beam spill @ ~Hz: 12M
pixels, digitized free-streaming hits, dense activity

Unique feature: High channel count, lending
itself to parallelized simulation (on GPUs)

ML algorithms (on GPUs) ideal for
reconstruction

High beam intensity: bulk of DUNE’s
computing requirements




ND sim/reco chain

rdr-----.

[ | run-tms-reco 1

run-validation

\

run-ndlar-flow

¥

run-mlreco

run-pandora

h 4

run-cafmaker

T

CAFs!

Neutrino Generation
Particle Propagation
File Conversion

Spill Building

Detector Simulation

Reconstruction

GENIE (C++): Beam event generator

Corsika 7 (Fortran): Cosmic event generator
edep-sim (C++): Geant4 wrapper

larnd-sim (Python on GPU via Numba): DetSim
ndlar_flow (Numpy-ish Python): “Reco1”
SPINE (PyTorch-ish Python; C++): ML “reco2”
Pandora (C++): Swiss army reco

MinervaSW (Gaudi C++): MINERVA DetSim/reco
dune-tms (C++): TMS DetSim/reco

sandreco (C++): SAND DetSim/reco
ND_CAFmaker (C++): Analysis file maker

10



larnd-sim: GPU-accelerated simulation

* Completely written in Python (Numba) * Input: edep-sim energy deposits in HDF5
* All heavy computations on GPU (~15 kernels) * Output: “Packet” data, as from DAQ; plus MC
truth info

* Largely developed by 2 people

— Physicists, not GPU experts: A testament * Idiomatic Python, JIT-compiled to CUDA

to Numba’s accessibility - Just apply @numba.cuda.jit decorator

— cupy: numpy on the GPU

edep-sim (Geant4 wrapper) L
Runs on CPU 1a rnd_SJ.m
. . Runs on GPU
1 ™ " E S S ES DS DS DD SRS S S S S S SRR SRS RS D SRS S S S SRS e E e e e .. .
I Passage of particles 1! .
! throgugh rr?atter ! ' HDF5 output file
1 ! > Light > Photocurrent > Optical detector : in LArPix format
! 1! propagation simulation electronics '
B om oo omomom omom o omomom o ] A
1
1 T . .
1| Recombination Scintillation light simulation :
. '
|
: N Drifting _| Induced current _ | Pixelated readout 1
; . electrons . on pixel . response 1
1
. '
1 |

lonization electrons simulation




SPINE: ML reconstruction

SPINE is a end-to-end optimizable neural-network cascade:

1. Voxel semantic classification, point identification (Sparse-CNN: UResNet+PPN, L. Dominé)
2. Dense clustering (Smart DBSCAN, Sparse-CNN: Graph-SPICE, D.H. Koh)
3. Particle aggregation, shower primary identification (GNN: GrapPA-Track/Shower)
4. Interaction aggregation, particle identification, primary identification (GNN: GrapPA-Interaction)
Points EM primaries Primaries
PPN A, X 3 k: §
LT . s
SPINE u][ﬂ ! k_ :
: X W T -
Space Points '; '. Semantics GrapPA Particles GrapPA Interactions
..L\ r I\ % .‘
JH- | !@D |
\ \ 3
Clusters Identification
Fe. . | . . ]
\ i Paper: arXiv:2102.01033 A .,
= GitHub: DeeplearnPhysics/spine E
Graph-5PICE J ' E__J
SPINE for DUNE MD-LAr, F. Drielsma 2
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Pandora: Swiss Army reconstruction

* Many logical steps (> 100 algorithms) to go from input hits to 3D hierarchies

* Build different techniques, including deep learning, and physics and detector
knowledge in the pattern recognition algorithms

2D pattern recognition

2D = 3D matching

Vertex finding

Hierarchy building

— Track/shower ID

M. B. Brunetti
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Phlex framework

The data-processing we do is often not
easily described as a pipeline, or linear
sequence of algorithms to be executed.

The framework will support the execution
of data-flow graphs, not just pipelines.

* Nodes = higher-order functions with
user-defined algorithms.

* Edges = sequences of data products

Configuration

| GDML file | [Drwcr} 1 ROOT input ﬁles(s)

[Spill,

(pmvide(l(}emneu'y)) (provide(SimHi!s})

[Geometry]/ [SimHits;]
unfold(into_apas)

|\’\..1chorm-\ 1 [W 1\;I0n11~. ] v

[ClampedWaveforms,] -

'-_ [fold( sum_wavclbrmsD

[Waveforms ;] |

ROCIT a.nalyms file

observe(high_energy_waveforms D

[SummedWaveforms;]

ROOToutputfile(e) |- -~~~

[V\ du&.lurmsu]
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Backup




Data acquisition
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FD sim/reco

e ART/LArSoft driven
e ART is the framework and LArSoft is the data model + algorithms
e External packages (Pandora, wirecell etc) interfaced with LArSoft
e FCL for configuration of algorithms, services, jobs

¢ Far detector workflow separates into several steps:

e ‘gen’: event generation using GENIE, MARLEY, MUSUN etc

e ‘g4’: Particle tracking using GEANT4 + ionisation/scintillation calculation

e ‘detsim’: Detector response for TPC (using wirecell) and PDS
e Process and save raw TPC waveforms OR process raw + signal processing

and save sparsified deconvolved waveforms

e ‘recol’: Low-level reconstruction, up to hit reconstruction. Signal processing if not
already run during detsim

e ‘reco2’: High-level reconstruction. Pandora, PID, CVN, energy estimators

D. Brailsford
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Supernovas

Raw wire plane

ML-based in situ data reduction

Radiological Bka

rejection with
2DCNN

Raw waveform
ROI finding with
1DCNN

Denoising raw
waveforms in
ROIls with
1D AutoEncoder

data
_____________________ network _ @ o e e m e m——————— e —————
Dataprep . . . . " Likelihood fit
e Gaushit H SP Solver H DisAmbiag HTrmCIusterH PmTrack H PointTreeRes ]—b[ P——— }

Raw output ML-processing

processing underground
Total data rate 48 TB 0.000151TB
Transfer time 13 hrs 12 ms
Processing time 88 hrs 0.06 hrs (3.5 min)

Probability/minute

103}

10

10—1 L

1072}

— SNEWS

-- KM3NeT

99%

99.2% efficient

1 10
Time since supernova (minutes)

10
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Data volumes (FD)

Beam event 41/day 3.8 GB 30 TB/year
Cosmic rays 4,500/day 3.8 GB 6.2 PB/year
Supernova trigger 1/month 140 TB 1.7 PB/year
Solar neutrinos 10,000/ year <3.8 GB 35 TB/year
Calibrations 2 /year 750 TB 1.5 PB/year
Total 9.4 PB/year

Raw Physics data 2 indefinitely 1 1 year
Test test and commissioning 1 6 months 1 6 months
Waveforms processed waveforms 1 10 years 1 1 month
Reco pattern recognition 1 10 years 2 2 years




Storage management

Data Ingest /
Declaration

MetaCat:
Metadata
Catalog

exptgpvmxx

[nashome

fexpt/app

[expt/data

e
—
B tape_backed
S o - - -
[ — i Remote expt
] disks
persistent «— U Rucio
s S
e el ifdh
xroot
scratch %
—xroot = ¢ ifdh
~— xroot grid node
deache
cvmfs L —
e cvmfs
Jevmfs
— <
b"‘-—._____—l-’
stashcache
. SR
e
/cvmfs-dropbox
RCDS dropbox
\“-——-_--‘/
cvmfs
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Grid computing
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! . New components
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HEPCloud

HEPCloud Architecture

Workflow 1 Facili Autheiticati d
(resource provisioning J > | fr—‘:c y U;\ e?]llﬂ:allﬂlﬂ an
trigger) J nterrace uthorization
Manitoring takes input +
from all components
Monitoring Decision Engine ——» Facility Pool <

v

l Provisioner

Local HPC
Resources Resources

Grid
Resources

(B. Holtzman; FNAL)

2= Fermilab

50 Years of Discovery




GlideinWMS

HTCondor
Startd

Job

Virtual Machine

Grid/Cloud Site
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Spack

Spack

Build stacks of
packages

Manage
dependencies and
versions between
packages

Combinatorial
versioning in diverse
environments

Platform A

Dependency 1

VERSION
1.7

VERSION 2

Package
Dependency 2

Coomiorn)
Library A

VERSION 3
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CVMES

What is CVMEFES?

Network filesystem

Read-only POSIX
interface

— FUSE mounted
Fetches files via http
— Verifies data integrity
Aggressive caching

— Local disk

— Web proxies

/cvmfs/MyRepo

httpdO httpd1 httpd2

| CUMFSFUSE

client
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