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Broad & ambitious program
covering many V sources,
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260 kt (FV 188 kt ~8 x SK)

AG\ 1600 m w.e. —» 50Hz cosmic u

e Shallower than SK (2700 m w.e., 2Hz cosmic u )

e After OD cut, in ID: ~3.8 p/day, ~80 atm. v/day

* [1m from wall] cut —» u contamination x10-3

* HK expects spallation per unit volume ~6-13x SK
= Need improved vertex reco. to reduce u

& correlate with remaining spallation

Qy 20 000 PMT 50cm + ~800 mPMT

* Lowtk trigger rate ~10 kHz
* Algo. scale with # PMT & FV

= / algo performance
for best CPU/GPU usage

B See Talk by Robert KRALIK
HK detector techologies for next gen v physics 5
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Hyper-Kamiokande Reconstructed variables

Cherenkov light

PMT utput: {r,t,q}

Neutrino
J < |
Charged
particle
in water [
Photosensors

Variables of interest for v physics

*Vertex *Energy Cuts
*Limited perf. *Sub/Multi GeV (e.g. FV, angle, ...)
near wall # of rings o |
i i . ubsamples
*Direction IR /MR .p i
-Limited perf.  oPID for Oscillation
low towall ce/u/m Analysis

Fiducial Volume

FV cut SK T2K HK

not yet
dwall >50cm >80cm jqfineg

sample

dependant >170cm >200cm

default

towall

*Values above are provided for illustrative purpose, the final FV cut
can vary depending on the considered analysis
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OUTLINE

2. Likelihood algorithms in HK
a. Low energy algorithms: BONSAI and LEAF

b. High energy algorithms: fiTQun and CORAL

c. Strategies to improve performances
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Likelihood algorithms

O(1 s) per event

CPU-time

BONSAI/

I L "N CTE

ln PDF(tPMT - tvtx - TOF)

a4/ 1L

\I‘JII\lJIIIlIJIllIIIlllL\
0 50 100 150 200 250

tpmur — tyex — TOF [ns]

Prefit vertex — L (vtx) —» L (dir) — Energy

* Time residuals tpy,; - t,, — TOF

« L(vtx) = _ZPMT In PDF (tyes)
* Single particle topology

* Dark noise impact

* Trigger rate limitation
e T reco far from true
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Likelihood algorithms fiTQun/C

e Prefit vertex — Subeventing — 1R fits Z (x) » MR fits
~ unhit hit

NN
A * L(x) = ‘ ‘P(unhitlx) ‘ ‘P(hitIX) fa(ax) fe(E]x)

HighE

Likelihood fit over x (7 par.) using all PMTs (hit g,t & unhit)

Z (x) interpolates MC-based tuning tables at run time

Sequential fit e/u/m™ and incremental # of rings

(1 min) per event
L (x) ratios to determine PID & 1R/MR topology
CPU-time 9
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Likelihood algorithms Strategies to improve performances

SPEEDING-UP LIKELIHOOD ALGORITHMS

 BONSAI, fiTQun — excellent reconstruction in SK for 20+ years

e fiTQun e~ /u~ separation mis-ID< 1% & momentum resolution <4 % for e~
* Nominal version ported to HK as reference C++ algorithms

= Currently ready for day 1 analysis

T ........IDCPU _:
0 |teru
‘W |—CPUfit
| GPU [

Vs

Q 3 strategies to speed-up process time

ﬁ fiTQun on GPU, by N. Calabria

>

* 1R and MR fits succesfully ported S Bl vttt

« GPU process time = 100x CPU © o I FE
0 reconstructed mass [MeV]

10
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Likelihood algorithms

Strategies to improve performances

I L "N CTE

ﬁ Unhit PMTs, by B. Carew

/| fiTQun prefit
e Current: grid 6x6x6x40 = 8640 steps
* Process time ~1s

* New: grid 4x4x4 then subgrid best quadrant,
repeat 8 times = 512 steps in total

/” fiTQun/CORAL
e CORAL = fiTQun ported to python

e Just-In-Time compilation speed-up
* fiTQun’s Z (x) uses all hit & unhit PMTs

* Only 20% unhit contribute to 100% Z (x)

* Prefit time cut by 94%, similar resolution * Full fit time cut by 87%, similar resolution
- Unhit PMT contribution to Z (x)
Distance to true vs =
prefit iteration

Distance from frue vertex (cm)
-3 @ ]

2 ANLL / NLL, o minal

niform contribution reference

k Top n% PMTs (ranked by ANLL) /11
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3. Machine Learning development in HK
a. Convolution Neural Networks

b. Graph Neural Networks

c. Performance comparison with fiTQun

12
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Machine Learning Key principles of HK models (CNN) LA NCE

PMT := 2 channel (9,t) pixel Boundary condition

50
30 —

20 TRANSFORM Double cover transform for all

events helps generalisation

Kernel optimization
e.g. 3x3 kernel

e.g. 3x3 kernel

50 9é<‘n n) ‘ : hil (J {\
PATCHING O \0/.\ 2
B 2 %/ —O11P
. * Image — N patches
“£ e« 1token @ per patch
- . e.q. 4x4
Shuoyu Chen 20 * Learnable position embedding on tokens omel
ViT 10 * Tokens — transformer encoder
' e N
CNN + Transformer CNN Andrew Atta
\ResNet-l y

3 PREDICTIONS | «—{38 e’

(ResNet-2 i3
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Machine Learning Key principles of HK models (GNN) LA NCE

PMT — 5D nodes (7,q,t)

o 5 =
—] ®
POINT o 53, §  GENERATE
CLOUD e Aty EDGES
FOR FREE © o ©q Node proximity
2 ] OQo..S (#,t,kD projection,...)
o

PPREDICTIONS|
| i | e

Machine learning based inference techniques greatly improved in last decades
1M events — fiTQun +10k CPU hours / ML 100 CPU hours or 10 GPU minutes

* N tokens @ per event to aggregate node info
* Tokens — transformer encoder

14
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Vertex regression for 1R

Machine Learning

120- A
VERTEX RESOLUTION | [rowe| g e e
£ ~ CheRP = ViT

<> 2 o]
2

Ar Cl 68% i
(o'

*fiTQun results presented “

here are preliminary. 20, - - " - - o
Kinetic energy [MeV]

-35%
80 50
70 . - ResNet-1 45 - Hi fiTQun* = ResNet-1
ighE

_ 60| nghE = ResNet-2 407 & = CLSGAT = ResNet-2
5., fiTQun* £, =)~ CheRP = ViT
E 40 ﬁ'— CheRP _5 30 1
5 EPYY
g 30, 2
& ol 9 20

o] 15 |

101 — — ——
%5 250 500 750 1000 1250 1500 1750 2000 0 750 1000 1250 1500 1750 2000

Kinetic energy [MeV]

-55%

-57%

Kinetic energy [MeV]

15
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Machine Learning Direction regression for 1R

DIRECTION RESOLUTION o |LowE| _ LEAF = Reshetd

&) cherp - viT

)]
o

w
o

Resolution [deg]
N
o

0 Cl 68% 301
204
*fiTQun results presented 107 —_—
here are preliminary. o) - s = v - 4
Kinetic energy [MeV]
5 12
HichE — ResNet-1 HighE fiTQun* = ResNet-1
10-
4 g @7— ResNet-2 — CheRP = ResNet-Z@Q
o 3 o .
9 fiTQun* < 5 = VIiT
I—I37 e
c - CheRP -
. o 6
5 5
S 2] 5
3 o4
o o
1A 5.
%0 250 500 750 1000 1250 1500 1750 2000 %3 250 500 750 1000 1250 1500 1750 2000
Kinetic energy [MeV] Kinetic energy [MeV]

-62% -47% 16
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Machine Learning

Energy regression for 1R

IAE|/E Cl 68%

*fiTQun results presented
here are preliminary.

**fiTQun results for Super-K

5

= ResNet-1
@7— ResNet-2
fiTQun**

- CheRP

. | HighE
S
c 3]
2
)
=
O 21
wn
a
2’
1_
0 . .
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40
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= \/iT
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Machine Learning PID classification
Erwan Le Blevec ] [Naomi Fosterj [Andrew Atta]

PARTICLE CLASSIFICATION [GAT CheRP ResNet-1
] R

>~ 1.00 S —— > | J =i I R B

U ,,’ rJ’ U | ’, ‘._..'

c ” ; c | /
Q_) i ,’, / QD os; /
O 098¢ / 7 2 /
t I / ! t I H

Ll Y i Ll I !

—_— ! ] — 0.&6f 1

(O 0.96 H / © —

c / ! c |/

Q0 | ; ; o | |!

o — I I * —

[~ HI(AUC=0.999) CheRP ; i »n o4 || 1 (AUC=1.00) ResNet-1

C | —— u(AUC=1.00) GAT / I CCD ," 1 (AUC=0.999) fiTQun

o (1 (AUC=0.999) fiTQun i | O | - v (AUC=0.633) ResNet-1 |
O gl —-- 1 (AUC=0.985) CheRP ; ; 0 E y (AUC=0.526) fiTQun |
L%-’ H === 1% (AUC=0.94) GAT ! : L%J - --- 1% (AUC=0.953) ResNet-1

! . j
_ n® (AUC=0.932) fiTQun / ] ool F m® (AUC=0.925) fiTQun
N | L L s PR | L L 1, T | d L 1 s I L L L I L L s I L L L 1 L L s I
0.90 0.001 0.01 0.1 0 0.2 0.4 0.6 0.8 1
Background Mis-ID Rate

Background Mis-ID Rate

= ML performances > likelihood for all regression tasks (1R) & classification
Can ML be used to fully segment MR event — set of 1R events ?
18
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Machine Learning ‘ L NCE

Ring found 92.5% 95.5%
MR fit duration 600s 80s
PREDICTION " Momentum residual
o ,I JI \ C168% [MeV] Lz ge
iy Momentum residual fraction
Cl68% [%] 13.9 10.0
Direction 53 23
Cl68% [deg] ' '
Vertex — single vtx fit
11.6 10.8

Cl68% [cm]

Mathlas El Baz

Rm Se
e 10k events £ 058:

N/ N/
* Mixe™/u~ ~

= ML segmentation improves 1R reconstruction with fiTQun/CORAL 15
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4. Conclusion
20
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o CONCLUSION & PERSPECTIVE

Hyper-Kamiokande = next generation neutrino detector with massively increased statistics (x8)

f\ Traditional likelihood-based fitter pipeline ported from SK to HK (BONSAI/LEAF & fiTQun/CORAL)

== Robust and precise, ready for seamless start of physics analysis on day 1

* Increased neutrino interaction rate — developing strategies to speed-up process time
* Better reconstruction — improve statistical o (e.g. increase FV close to the wall)

— improve systematic o (e.g. improve multi-ring event discrimination)

38| Very active ML development in HK with excellent performances

@3 e CNN & GNN >> NLL methods for all tested tasks & metrics, up to 60% improvement !
» x100 faster on CPU, x100k faster on GPU — <1 sec/event at HighE

@ * Trade-off = multiplicity of ML models VS 2 likelihood algorithms

Short term : speed-up NLL ; perform all tasks with every models

Mid term : ring segmentation for modular NLL/ML pipeline Stay tuned ’
Long term : Differentiable Detector Sim (CIDeR-ML/LUCID)

21
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BACKUP
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BACKUP CIDeR-ML / LUCiD, beyond reconstruction

1D 2D
n=2

 Many detector params: geometry, Cherenkov physics, water properties, PMT and
wall reflectivity, residual magnetic fields, PMT and electronic response, ... HHNKRAHH A~

> % X XX X X
> % X XX X X
> % 3¢ %% X X
> > 3 e X x| L
> % 3% %% X X
> % X XX X X
> X X XX X X

— Cannot reasonably optimize all parameters with conventional MC analysis

e Detector condition—> Calibration—>MC—>Eval detector systematics using particle control sample
Tune reconstruction algorithms

= Not convenient and takes time: regular iteration, high human power & CPU cost

NATURE

ELECTRIC
SIGNAL

RECONSTRUCTED
TRUE PARTICLES

<
o
|
/| Ss
/ — [ Lo ] & T % ANALYSIS
e = Al & PHYSICS
g S 3 4 R
Ll -
) € <
MODELS g

_\)E‘Eco & CALIBRATED J
) . . SIMULATED PARTICLES
Differentiable

& '-- \ . o
SIMU ¥ i/t;écrl;c;s;;c f;(gsgtat/on
\Detector Simulation (DDSim) \ /23
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BACKUP fiTQun algorithm LA NcCeE

e Originally developed for Super-K detector
o Based on algorithm of MiniBooNE: https://arxiv.ora/abs/0902.2222
e Uses information from unhit PMTs + time & charge of hit PMTs:
unhit hit
(z,;) = 112 (unhit|x) [ [ 1P (hit|x) f, (c_{ax)}m (ti\x)]
L i i

Likelihood to Canaidate event Probability of Probability of Hit charge Hit time probability
maximise hypothesis no hit at PMT hitat PMT  probability density density

e Probabilities calculated based on direct + scattered + reflected light
o Approximations / assumptions are used to simplify these calculations

e Likelihood ratios used to distinguish particle types and single-ring /
multi-ring event topology hypotheses

x = (x,y, z,t,p, 0, ¢) track parameters y
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BACKUP Strategies to improve performances 1L NCeE

25

ﬁ Prefit optimized search, by L. Perisse & C. Sammons

* Prefit search — final likelihood minimization in a box around best vertex candidate(s)

* Currently prefit search ~750-800 ms e ®

LEAF prefit (LowE) /fiTQun prefit (HighE)

e Coarse grid search with fewer candidates e Current: grid 6x6x6x40 = 8640 steps

* Minimize worst case distance vtx candidate < true * New: grid 4x4x4 then subgrid best quadrant,
e At~10 ns for direct PMT hits to count in NLL repeat 8 times = 512 steps in total
* Resolution with new grid ~ former grid * Prefit resolution similar with both grids

| 365 PC siti

.| 145 positi

Distance to true vs
prefit iteration

uuuuuuuuuu
----------------------
---------------

0{ | ¢ e o e o o o o o o o o
> © o 06 o o o o o © © o o a o
ooooooooooooo
0 L] ° L] s L] ; . N L] ° . ’ . ; . ¢ L] ° . ° . N L] : L] 1 cm '
wooq TR EEEEEEEEEEEEEEt Y aAM e 1000
................... 300 cm © o o6 o o o o o o o o o
................... <> Qg 00 0 0 C P O 0 C 0 0 g
............................
20000 Ny s s e o000 s e 0sesecscsvel  afl = -2000 o o o o o o o o o o
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6 6 o © o ©6 o o
------------------
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BACKUP Strategies to improve performances

SPEEDING-UP LIKELIHOOD ALGORITHMS

a Studying the impact of unhit PMTs with CORAL, by B. Carew

* CORAL =fiTQun ported to python y CORAL vs fiTa
erform
* Just-In-Time compilation speed-up Y tancevs'é"
e fiTQun’s I (x) uses all hit & unhit PMTs 7’ iy

* Only 20% unhit contribute to 100% L (x) [T . N I A
Unhit PMT contribution to Z'(x) s R B G
s dir a's
- &_———\,—___/ mom
E No ///,/' ......................................................................
_,g g ® U|mis-1D @
= —e— [ subevent miscount
\ llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll
| e O o S
2’ Ring miscount O @
< O MR accuracy :
N R e ST
= 0.8 0.9 1.0 1.1 1.2
3 20 % 6 80 CORAL : fiTQun -
Top n% PMTs (ranked by ANLL) better CORAL / fiTQun better
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Speed-up LEAF’s prefit vertex L "N CE

Coarse grid search: Scores all candidates t,.. € [-3,+4] ns, refines top 20
e Final vertex fit reach 600 cm, £28 ns from any candidate

—> Coarse grid search = most of process time e Ranking of candidate is the pitfall 2 nearest candidate not making top 20

' i +1 f i > ~4, f i issi K
e Prefit vertex ~80% of 0(1s)/event in HK . m.away ror_n nearest candidate . 6 nsof t smearlng., missing pefa
e Quality of a grid = how far true vertex sits from nearest candidate for a given
number of candidates, considering typical and worst cases

Cylindrical pattern
(z=0, t=0, LEAF built-in) Cartesian pattern (z=0, t=0) Body center cubic (z=0, t=0)

«[341 pos—— ..|365 pos———— ..[145 pos—

-------------------------

mmmmmmmm
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.............................................. cm
. L)
----------------------------------------- —>
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Pattern Candidate Median 99% Worst dist Distance true vtx to nearest candidate in inner volume (>300m from wall)
(3 Cylindrical 7502 149cm  224cm 257 cm Rings don’t line up, uneven spacing = less optimized case
() Cartesian 7665 148 cm  227cm 258 cm Uniform spacing, cost ~cylindrical, weak spot at cube center
BCC (step300) 4359  182cm 244cm 259 cm Less candidt, same worst-case, higher median = weakens ranking
BCC (step 250) 7213 152 cm 203 cm 216 cm Cost ~cartesian, minimizes worst distance from true to candidate
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BACKUP Chronology of CNN, GNN & Transformer

FiLM
Perez et
ResNet ggg al. 2017 BERT RoPE
gﬁg He at al. 2015 @ Devlin et al. 2018 suetal.
| . : 2023
AlexNet Attention is All You Need Vision Transfomer
% Krizhevsky et al. 2012 Vaswani et al. 2017 Dosovitskiy et al. 2021

2012 2015 2017 2018 2020

Graph Convolutional Comprehensive Survey on GNNs
Networks Wu et al. 2020
Kipf & Welling 2016 '

gig% ?@ Very active development in Hyper-K for HighE and LowkE

2021 2023

28
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BACKUP

4

LowE

777

HighE

s

Transformer

I L "N CTE

WatChMal / CAVERNS

Machine learning based inference techniques greatly improved in last decades
1M events — fiTQun +10k CPU hours / ML 100 CPU hours or 10 GPU minutes

D algorithm for Neurinos in Super and Hyper-Kamiokande g

CNN oriented GNN oriented

Gilberto gﬁg Felix %Z
@riguez @ > Cormier i >

Kieren gg; Shuoyu ggg Mathieu ggg Naomi

John g;g Andrew %Z Viet g;g Mathias g;g

{WatCh Mal 9§8 CAVERNS

Water Cherenkov Machine Learning D CP Asymmetry discovery with an Enhanced Reconstruction

Alberto % Lorenzo ,4:;..;: %
Saborido Périssé W

T o
. " .

Nick %%g Erwan g;g Zhuojun J, S gﬁg
\ Gouse . > LeBIévec. > Q‘ . >



https://ilance.cnrs.fr/

THE ATTENTION MECHANISM

* Attention computes a weighted combination of values from a set of neighbors.

» The weights (attention scores) are learned from the features of the target node and its neighbors.
* More relevant neighbors — higher weight. Irrelevant neighbors — lower weight.

*  Weights are normalized with a softmax so they sum to 1.

(1) INPUT 2y SCORE (3) ATTENTION WEIGHTS JIB 4)  AGGREGATE INTUITION

Target node i attends Compute a compatibility score Normalize scores with softmax Take the weighted sum of
to its neighbors ;. between i and each neighbor j. to obtain attention weights. neighbors’ values (features). Attention:acts lilke
. @ a data-driven
.\ .\ ’ . ]'1 €1 e @i . jl -y 1 importance score.
\
neighbors Dl gt N ® . scotr.e €2 | €iz Qiz » ® i *
J Y ‘/ . unec- .lon . . . . . E] .{ The model learns
o z \ : 4 S 0 ¥ . @ what to focus on
\ ; . ; . for the task.
target node i @ v €in €in ain ® - aiN"@
Each node has \‘ e;; measures how relevant s >i0tand Z o= Output: updated representation ‘ Noisy or irrelevant
a feature vector h neighbor j is to node i = 5 £ for node i @ neighbors get
low weights.
s o = o i SRentz, \ J
Common
or e ; . exp(e;;) G- o :
formulation €ij = a(Wq hi, thJ) Qi = hi = Z Qg4 W, h;
query key Zkej\f(i) exp(€ik) JEN(3) value
(fromi) (from j) (from j7) ‘

[ Attention lets the model adaptively focus on the most informative neighbors for each node.

30
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BACKUP Attention vs Convolution

ATTENTION MECHANISM IN GRAPHFORMER

* Graph convolution treats all neighboring hits similarly

Some PMT hits contain more useful information than others
Attention learns which hits are important for the reconstruction task
Learned weights depend on the event topology

GRAPH CONVOLUTION GRAPH ATTENTION

O 0.20

m) | o

0.07 0.05
target 3) /" target
Q hit i O v hit i Q
O ‘ o O \ 0.03 @
All neighbors contribute equally Model learns hit importance
(fixed aggregation rule) (adaptive aggregation rule)
\_ P \. J

KEY ADVANTAGES

Adaptive ; ® Better handling Foundation of
Noise o _©
neighbor ® ® ® of sparse detector the GraphFormer
()

weighting SRpimRatan data architecture

[ Attention replaces fixed aggregation rules with learned event-dependent weights ]

31
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BACKUP CNN summary LN CE

Cuts FC and nhits>200
Energy 0-2GeV

* Simulate HK using Geant4-based tool WCSim -

* Interaction processes + Cherenkov light PID &y
« 40M events=10M e~ + 10M u~ + 10M y + 10M 1° Muon Decay? no decay
* Uniform vertex distribution in the tank Training Split 96:2:2
. |sojcrop|c direction .dlst.rlbutlon o Double cover ransiorm for a Training Set -8569.149
* Uniform 0-2 GeV kinetic energy distribution events helps generalisation

 Above Cherenkov threshold for each particle Validation Set ~178,449
e Only fully contained (FC) events are kept Testing Set ~178,595

* Muon decay disabled

* 7 models are trained: 6 regression, single 4-class classifier

* Regession loss function: Huber (relative for momentum)

* ResNet-152 architecture e

events to get

* 190x189 input images baseline "
H Compare and

* 2 channels: PMT hit time and charge _ | __
 Trained on 4 A100 GPUs ‘Evente inHypor-K H raluste

* 20 epochs for regression oS

» 8 epochs for classification

* 512 batch size

 AdamW optimiser

* Learning rate from le-3 to 1le-6 (cosine annealing LR every 2.5 epochs)

Trained 7 Energy

separate CNNs
| Direction I

Position

32
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BACKUP CNN summary L NCE

20" PMT image mPMT image
Channels: 2 Channels: 19x2 = 38

000000 0.
TT¢TTT¢

Troansformer Encoder

* Extra leamable é Patch + Position
Lelass] embedldling Embedding

€3
)
—>J

— Linear Prodec't.on of Fla‘t‘tenep( Pad:cl«es
A e —| I l J mPMT module
E‘!l e l [19.2]
-!.5 i A_a
R
.

Source: ’inecone

[~zm=on
[vzm=mo~
|lwzm=mo~

[~zm=mon~
NZmXOH
|lwzm=mon

.

H

H

Treat an image as a sequence of tokens.

Positional embedding:

@ When an image is divided into patches, the model loses information Transformer encoder *

about where each patch comes from.

@ To recover this information, ViT adds a learnable positional embedding
to cach token:
;=x;,+F

pos Convert the 207 PMTs and mPMTs hits into tokens

where x; is the patch token and E, , ; encodes its spatial location.

Transformer encoder: SCP arat Cly

@ A stack of layvers combining multi-head self-attention and feed-forward PIOCCSS them tog(}th(}r in the tra.IleDI‘]Jler Eﬂlcoder

neural networks.

@ Allows tokens to exchange information across the entire image. 33
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BACKUP GNN summary 1L NCeE

kNN Graph Attention Block
2 x k edges

Node — Node Regression Heads

Q Q ’ (one per target)
. X Head 1
WCSIm 11229 . Point Cloud - (di) ' b
* Uniformin ID, isotropic RNXF ‘ Event Token - Concatenated
4.2 kHz dark noise Readout : Fndctions
400ns time window maximizing nhits
Train: 400k events
Val: 100k events
Test: 500k events

Electrons up to 60 MeV

Node Encoder
RF - RY

Electrons up to 20 MeV LEGEND
e WCSim1.12.16

Qc:@cc:aa

N: number of nodes (hits)
° Uniformin ID, iSOtI’OpiC B: batch size (number of events) .

_A ; : Learned Loss Weights
° 42 kHZ dark noise F: input space dimension e hid)

. . .. . k: number of neighbors
* 400ns time window maximizing nhits L: mumber of attention layers & ar ar o
® Train: 460k events H: hidden dimension
° VaI: 110k events M: number of regression heads
. Test: 350k events D: total output dimension
HEADS
* CLSGAT: CLS token + Graph Attention Transformer = . 5

Position Z SmoothL1g (% — x;) SmoothL1g (||x — x||)

e CLS (classification) token: global node added to a
graph's node sequence to aggregate overall
network information, function equivalently to a R L e
virtual node, and serve as the final embedding for Energy smoothi (E ) smooun (£55)
whole-graph prediction tasks

Time SmoothL1g (t — t)
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BACKUP

Model Parameters

72 token dimension Half a million
-8 attention heads total

-6 tokens parameters!
-4 perceiver layers

Training Data

Using MC production macros with
WCSim v1.12.29:

+ 5 million electron events.

* Uniform energy 0 - 2 GeV.

* Isotropic in direction, uniform
throughout the ID.

* Events not contained within the
ID cut.

+ Cutting events with zero hits.

* CheRP : Cherenkov Ring Perceiver

* Directly works with pointcloud
* Graph edges not needed

GNN summary

Point Cloud
]RN XF

Rf - R

LEGEND

: number of nodes (hits)

: batch size (number of events)
input space dimension
number of event token
number of attention layers
hidden dimension

. number of regression heads

\
B
F:
n:
L
H:
M
D:

total output dimension

Latent
Tokens

B—
=

Node Encoder

Token Embedding

Concatenated

Vector

Nx H nFvent

Regression
MLPs

Vertex time

Vertex
Position

0000

I L "N CTE

Regression Heads
(one per target)

Head 1 '
| |
N\ _ (dy) gF

Concatenated
Predictions

Event Token
Readout 2

Bx H Headii
ead i
FE@
(di) '

Head M '
(o) EEN

Qccccaccc

Learned Loss Weights
(one per head)

Multi-task loss function that learns a weighting of
the different heads.

L(AE) LA L(Ax) L(A@
()+(f)+()+()

4
+ log(1 + o;
. — ; a(1+0)

2 a3 271
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BACKUP Ring Segmentation summary

RING SEGMENTATION ARCHITECTURE
o |
E 0.6/
= |
=
o ® 0.4
Ground truth : Predictions: = |
3D Voxels € RV*> Yok = [0;1]VX(N+1),Zyvk =1 Pvk = [0-1]VX(N+1),Zka =1 0.2¢
Per voxel features=(q,x,y,z,t) K ] k ool
(PMT position, digi charge and time) Cost function : 70 25 50 75 100 125 150 175
Label=(Ring 1, ..., Ring N, Background) Cost(oie Pu’) = CEVoi Por’) + [;(1 _ Dice()’vkvpvk’)) e Openlng angle 912 [‘T’l‘eg] -
CE(Yvkr pvk') = _vaIOg(puk’) ' E - 2 ﬁ |
Matching function : o 98 e Dice= X Eﬁﬁ .
Sparse U-Net Encoder m € gy: [0, N] - [0, N] (permutation matches label to predicted ring) 2 . + _
+ 0.6F b
m = argmin sep,, (Z Z Cost(Yyx, pw(k))) g ]
vk ao.cx:
Embedding : e, € RV*P Loss function: |
0.2
LOSS(y, p) = Z COSt(yvklpvm(k)) I
vk I |
0.0 2000 3000 4000 5000 6000 7000
Transformer head Vor = [0,1]V*0V+D 3 3 = 1, Vv active PMT . diowan [cm]
0 Dice per PID

per-PMT contribution vector

o
o
L

g
'S
L

ring 1 ring 2 bkg
. Digitized hits ML
Predictions : p,, € RVX(VF1) Hi
Hit 2

@ 0%

Mean Dice score

o
N

36
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BACKUP Segmentation of

1 97 | 3 ML
V2, +2 -2 ML-NLL
* Model = Sparse U-Net encoder 2 . 3 193] 2
+ Attention head E 6 | ¥9 | -2
* Input = Pointcloud of hit PMTs In:_c 3 5 151 +81% 32
e Qutput = per-PMT ring-contribution a4 : , 271 72%
- - - - +
propability 0 1 5 3 2
FIT RINGS

= ML segmentation improves

PID reconstruction —rT

P1-only voxels: 31%
P2-only voxels: 25%
P3-only voxels: 209
P4-only voxels: 0%

OUTPUT Ring#1 Ring#2 Ring#3 Ring#4

Bkgd
PMT #1 pll pl2 pl3 pld pl5
PMT #2 p21 p22 p23 p24 p25

TRUE PID

LN NCTE
EIE
4 | 96
Rl 5 | f15
e M
FIT PID

[

Mathias El Baz
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BACKUP

* Dataset multi-ring
10k MR events
« 1R/ 2R /3R /4R

 Mixofe™ and u~ (50/50)

 Segment 10k MR — 25k 1R

* Apply CORAL on same dataset

e 3

Mathlas El Baz
Rlng Seg.

Ve

Segmentation of MR

I L "N CTE

Ring found 92.5% 95.5%
MR fit duration 600s 80s
Momentum residual
Cl68% [MeV] L e
Momentum residual fraction
13.9 10.0
Cl68% [%]
Direction
C168% [deg] 23 23
Vertex — single vtx fit 116 10.8

Cl68% [cm]

V

‘4
---‘
\

38
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BACKUP Key principles of HK models LA NcCeE

* Based on ResNet-152

e 2 channel PMT input (q,t)

Double cover transform

Loss function (Nick Prouse
' (ResNet-2

50

(Andrew Atta\
kResNet-l )

2 channel image — patches — token @
Learnable position embedding on tokens
Tokens — transformer encoder

R Shuoyu Chen

ViT

40 40

(Naomi Foster A

kCheRP

J

(I_orenzo Perisse\

(CLSGAT

‘ \. N .. ‘. ‘ ’ )
G N N * Point cloud: 5D nodes (r,q,t) e Attention token/node (Erwan Le Blevec)
« Edge = node proximity  Hit quality classification (GAT y

* Loss function * Tokens — transformer encoder 39
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BACKUP Vertex regression ML LowE

Ar Cl 68%
VERTEX RESOLUTION > —
180 I — LEAF ]
42 100000 A% S~k aF~A~t YV el Ny T > .
‘ HQGF| 150 LEAF (GoF>0.3) |
2000 g 140 HQGF
1750 Bias identified = v\ O\ T (=== HQGF (GOF>0.3)@
F 1500 & removed g 120 \_
ilzso— with GoF cut 5 100
L Gor=ge et | | % 80
é 500 1 m ‘\\———-
250 60 N - N —]
%0 0.2 OI4T 0.8 1.00 100000 40 o
GoF Counts
Reco vtx biased toward (r,z)=(0,0) 20
B 100 J‘j?—"i' — :
1000 2000 3000 4000 5000 6000 7000 -y 99.9% of event are kept >6 MeV with GoF>0.3
HQGF Count é 75 r
Vertex resolution s [ Events with GoF>0.3
110cm @2 MeV T

44cm @10 MeV 0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Kinetic energy [MeV] 40
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TOWALL DEPENDENCY

99.9% of event are kept >6 MeV with GoF>0.3

200 120 | | | |

180 [ E>s6MeV | ~ LEAF (true towall)

L60 100{ | LEAF (reco towall) |
£ 140 € HQGF (true towall)
S S &
= 190 _ 80 HQGF (reco towall)@g
S kS
S 100 =
S 5 60
1)] 80 wn
& &

60 / 40

sfl L HQGF (reco towall + GoF>0.3)@ s

| | | | | |
203 1000 2000 3000 4000 5000 6000 7000 8000 203 1000 2000 3000 4000 5000 6000 7000 8000
Towall [cm] Towall [cm]

dwall cut

= Up to 60cm improvement for E<6MeV with GoF>0.3

Fiducial Volume

41


https://ilance.cnrs.fr/

BACKUP Direction regression for 1R

DIRECTION @CL95%

0 C1 95%

*fiTQun results presented
here are preliminary.

120

Resolution [deg]

5

w
|

Resolution [deg]
N

=
|

. = ResNet-1
41 nghE »)= ResNet-2

Resolution [deg]

0
Kinetic energy [MeV]

— ResNet-2 better for direction reconstruction of electron events when looking at CI95%

0 250 500 750 1000 1250 1500 1750

100 -

80

60

40

201

12

10

- ResNet-1
= CLSGAT = ResNet-2
@— CheRP

LowE

Kinetic energy [MeV]

= ResNet-1

nghE - CheRP —ResNet—Z@

Kinetic energy [MeV]
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BACKUP

DIRECTION RESOLUTION

Direction regression ML LowE

0 Cl 68%

| |
Equal-area projection \ reco LEAF
£ 4000/ H GF 80 | HQGF -
Lg) 2000 Q — /
. o Jawe | - HQGF (Gof>0.3)§;;
1.5] o)
— 60
1.0 c \
kS \
; 5
g = 40
= 0.0 o ,-.._:* \
: —0.5 éﬁ thh\-‘“‘hhhﬂhﬁhhhﬁ—hnn
-1.0 20 \“-—-—\-\_____ —
-15
-3 2 -1 0 1 2 3 C
Lon-cos(Lat) [rad] Counts
0
2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0

UNFOLD

20

Kinetic energy [MeV]

40 60 80
HQGF v1 Count

100 120

Direction resolution
35° @2 MeV
19° @10 MeV

— Reconstruction improved VE
GoF cut keeps 70% of events @2 MeV
43
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BACKUP Towall dependency ML LowE

TOWALL DEPENDENCY

99.9% of event are kept >6 MeV with GoF>0.3

60 60 1T | | | |
E<6MeV | E>6MeV ~ LEAF (true towall)

50 R 501 | LEAF (reco towall)
= | = | - HQGF (true towall)
© © '/
— 40 — 40 HQGF (reco towall)@g
C -
S RS
% 30 % 30 J’
wn wn )
Q )] :
o o :

20 20 e

_____ HQGF (reco towall + GOF>0.3)‘§§
| | | | | |
105 1000 2000 3000 4000 5000 6000 7000 8000 105 1000 2000 3000 4000 5000 6000 7000 8000

Towall [cm] Towall [cm]

dwall cut

= Up to 10° improvement for E<6MeV with GoF>0.3

Fiducial Volume
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BACKUP Energy regression for 1R

ENERGY BIAS Chorr | QIEEERD
15 ] = CheRP = ResNet-Z@?
= ViT
2 101
3
AE /E mean ®
0_
*fiTQun results presented
here are preliminary. -5 | | | | |
0 10 20 30 40 50 60
v Kinetic energy [MeV]
H L J— H — _ ; o
— ResNet-1 N fiTQun ViT ResNet-1f.) j {2
@,_ ResNet-2 — CheRP = ResNet-2 \
0_
S
8 72
o
—31
0.0 4.
V%‘,Q N
0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 2000
Kinetic energy [MeV] Kinetic energy [MeV]

— ResNet-1 & 2 better for momentum reconstruction when looking at remaining bias 45


https://ilance.cnrs.fr/

PARTICLE CLASSIFICATION (G55

Electron & Muon Electron & n°
1.00 A
1.0 1
0.9 4 0.95 - W
O . i —
~
E;ao.s- B" f/
2 %7- = 0.90
[ L .\g, 5}
e rge towall —
Q o7 / - =
& " % is
[ K Taw;n -\__.“ m 0.85 1
0.6 1 f Small towall ———9 /
ff Dwall
| 0.80 |
0.5 4 f —e— GAT
] ~_ " hmoun —e— GAT _
- ~#— FiTQun [nll + pi0 Rec. mass]
0 500 mlo,i., 1l 1500 2000 00 o 500 1000 1500 2000 2500
owall (cm) (2d cut also applied) Towall (cm)
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HYPER-K SYSTEMATIC REQUIREMENT

Systematic Source Required Precision Far Which Measurement Detector Achievable Precision
CP Violation,
olve)/alv,) 3-5% Bcp precision at sin(&;)~0, IWCD 3.5-5%
855 precision at sin(634)~0.5
CP Violation, ° -
o520, e precion kSN0, WD 4 = |IWCD is critical to control many
8,5 precision at sin(655)~0.5 ° t t t t ° ° H K
Wrong-sign background CP Violation, p y
normalization % &cp precision at sin(&p)~0 ND280 TBD (expect <9%)
Intrinsic ve W and NC CP Violation, o )
backgrounds 3-4% Bcp precision at sin(&cpjwo IWCD 2.3% (neutrina)
Narmalization of non-QE with o L. t 5in(8,2)20.5 o . * .
E,>0.7 GeV 2% 23 precision at sin{G,3)0. IWCD 5% (neutrino) Complementary approaches in IWCD and ND280.
IWCD relies on flux model in linear combination
. - ; - 5% (IWCD neutrino) ...
Normalization of non-QE withall ., Bcp precision at sin(Bc;)-0 IWED. 1o (N280 neutrino) method, but minimizes Xsec model dependence.
energies Am*5, precision ND280* <7% (ND280 antineutrino) . . .
ND280 fits transverse variables to constrain Xsec model.
5 isi tsin{&5)~0
Beam Direction 0'(.) mrad (4 MeV szpremsm.n.a sint cp) INGRID <0.3 mrad (<2 MeV)
shift) Arn?3, precision
. &cp precision at sin(&p)~0 IWCD, 2.6 MeV (IWCD on O) * H i 9
Removal (binding) energy 4 MeV A, precision NDIB0 -1 Mo (NDZBO on 0]+ Energy scale. in detectors must be calibrated to 0.5%
to achieve this level
High angle measurement 4% CP Violation, IWCD, <4% statistical precision in both
(c0s6<0.2) 8cp precision at sin(8p)~0 ND280 detectors
General monitoring of beam <0.5% per day for neutrinos and
Beam rate monitoring ~1% per day i INGRID . .
quality anfineutrinos
— HK total CPV syst. o should be
o Atmospheric neutrino IWCD, <5% IWCD
Neutron Multiplicity TBD a0 (v)
Mucleon decay ND280 4% ND280 red u ced < 3 A)
0
wre” cross section & neutron TBD en® proton decay IWCD TBD 47

multiplicity
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