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From Big tdduge

Super Hyper

- Kamiokande
Kamiokande
Fid Mass
71m
40 m
40 m 68 m
1996- today (and beyond) 2028- (and beyond)
IDPMTs ~11k ~20k
Inner Volume / Fiducial Mass 32 kton / 22.5 kton 217kton / 188 kton
Photo Coverage 40% 20%(x2 efficiency)
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DetectionPrinciple

Cherenkov light
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DetectionPrinciple

Cherenkov light

Neutrino

—J
Charged
partlcle R
in water @&
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Photosensors

One PMT Features

« Geometry » « Event »
X Position x Charge
x Qrientation X Time
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Reconstructiorlgorithms& TheirEvolutions

1983 - 1998

1996- ~
Kamiokande ., sSuperkamiokande
(Low trigger rate day) l
Fit by hand _ Maximum
Likelihood- based
Fit

One fit per
« candidate» ring

APFit : 1997 ~ now}
fiTQun: 2012 ~ now |

)

2028- ~

HyperKamiokande

l

Maximum L. ?
DeepNeural Networks ?
Other .. ?
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Designing
Neural
Networks
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DeepNeural Networks For Reco. In HK : Main Architectures
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ConvolutionaNeural Networks farlyperK

Convolutional
Neural Networks
(CNN$%

1. Convolution over mPMTs

repeat

| N
A\

image height

Initial convolution over Y

features
the mPMT channels

2. Convolutions & dowssamples

3. Fully
connected
layer

PE*
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Recipeo Make a Graph

Point Cloud for free !

Step 1:
Point Cloud

PMT

One Hit PMT = One Node 2
@_
E 1 -
* Hit coordinates
‘/\ /E \“\, ! @ (XI!,‘ y.' Z)
i 7~ » Charge (Q)
@

: * Hittime (1)
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Recipeo Make a Graph

Step 2: Metric Spacefor edges:

Edges High Freedom B

U  Physicaproximity? =
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Recipeo Make a Graph

Step 2:
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Edges Link all
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Recipeo Make a Graph

Tacklemany challenges

Rings segmentation, Noise
filtering
A Nodeleveltasks

Ringscounting kinematics
reconstruction
A Graphleveltasks

Link all

LT 1]

LTI ]

LT

Linkspatially
close

Metric Spacefor edges.
High Freedom

U  Physicaproximity?
u Time?
u  Charge ?

CF
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Graph Neural Networks fétyperK
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GraphLayers

Process data using G = (v, 5 [Y Mot Make theprediction

& : Edges

graph convolution l from thereadout

Rn
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Graph Neural Networks fétyperK
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Graph Neural Networks fétyperK
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TralnlnﬁNNs‘or Hyper K : Pipeline

ADownstreantask

HOQE QECE ASupervisedetting
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What Could G¥Vrong?

Metric space: Long range

- Many n
spatial proximity dependencies any nodes

U Limits thenumberof edges/ PMT

Plot : 500 MeV e

Nb of events : 47348
800/ = Min: 0| Max : 3620

- ~4knodes/ event;l
« for e-[100¢ 1300] MeV

Number of events

0 500 1000 1500 2000 2500 3000 3500
Number of hits
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What Could GéVvrong?

Long range ~4knodes/ event

Metric space: dependencies
spatial proximity

Many nodes for e [100¢ 1300] MeV

(Harder to train)
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What Could GéVvrong?

Long range Many nod ~4knodes/ event
Metric space: dependencies SRR = for e-[100¢ 1300] MeV

spatial proximity /

Oversquashing

Info. noppropagating

(Harder to train)
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What Could GéVvrong?

Long range Many nod ~4knodes/ event
Metric space: dependencies SRR = for e-[100¢ 1300] MeV

spatial proximity /

Oversquashing

ropagating

Lossof discriminative

_ power
(Harder to train)

Oversmoothing
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What Could G¥Vrong?

Long range Many nod ~4knodes/ event
Metric space: dependencies SRR = for e-[100¢ 1300] MeV

spatial proximity /

Oversquashing

ropagating

IncreaseNode
Embedding

Lossof discriminative Usually~ 56100
power

(Harder to train) features/ node

Oversmoothing
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What Could GéVvrong?

Long range ~4knodes/ event

Metric space: dependencies Many nodes for e-[100¢ 1300] MeV
spatialproximity / Graphleveltask
' ReadoutBottleneck

Oversquashing

_ 4k * 50= O(0"5)
ropagating ToO(10~2) I

IncreaseNode é
Embedding NS
Lossof discriminative Usually~ 56100 —~
power O
(Harder to train) features/ node N ]
Oversmoothing /-
N
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Reconstructiofask4o Monitor Challenges

E? = m%c* + cz(p,% + pﬁ + pg)

Integrated over all the dimensions
A 5 2 yrélyimuchon the eventopology
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Reconstructiofask4o Monitor Challenges

E? = m%c* + cz(p,% + pﬁ + pg)

Integrated over all the dimensions
A 5 2 yrélyimuchon the eventopology

aPer -node-chargesum

Long range Readout
depéndencies Bottleneck
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Reconstructiofask4o Monitor Challenges

E? = m%c* + cz(p,% + p, + pg) x, v, z}

Integrated over all the dimensions A Highlyrelyon the eventopology

A 5 2 yi€limuchon the eventiopology _ o ]
Ring position &hapein

aPer -node-chargesum the detector

Long range Readout
depéndencies Bottleneck
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Reconstructiofask4o Monitor Challenges

E? = m%c* + cz(p,% + p, + pg) x, v, z}

Integrated over all the dimensions A Highlyrelyon the eventopology

A 5 2 yi€limuchon the eventiopology _ o ]
Ring position &hapein

aPer -node-chargesum the detector
Long range Readout Long range Readout
depéndencies Bottleneck dependencies Bottleneck
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Energy Reconstruction

| o | Graph Gonvolutional
[CUT Dwall > 200cm Nhits > 400cm] NetWO rk
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N
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Energy Reconstruction

‘WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [50-1300MeV] | Tr100k, V20k Te60k ;
[CUT Dwall > 200cm Nhits > 400cm]

Energy Resolution for e- event
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Graph Attention neTwork
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computedusing amattention
mecanism
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Energy Reconstruction

WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [50-1300MeV] | Tr100k, V20k Te60k ;
[CUT Dwall > 200cm Nhits > 400cm]
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Energy Reconstruction

WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [50-1300MeV] | Tr100k, V20k Te60k ;
[CUT Dwall > 200cm Nhits > 400cm]

D s Energy Resolution for e- event o
E —e— GCN _ _
£ 40 GAT |
—~ —e— Readout-GAT |
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True Energy (MeV) as memory modules
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Energy and Vertex Reconstruction

WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [50-1300MeV] | Tr100k, V20k Te60k ;
[CUT Dwall > 200cm Nhits > 400cm]

Energy Resolution for e- event
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‘WCSim 12.20 Hyper-KHybridWithOD, e- unif iso [50-1300MeV] | Tr100k, V20k Te60k

Vertex Resolution for e- event

True Energy (MeV)
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Final States & Prospects

s Reconstructionstatus

s Achievedetter/equalperformances tdiTQunat single ring recaasks

y  Still room forimprovement

s EXxcellenimprovementin computationaltime

CPU time / lringe/p 1 ring Energy & vertex
event PID e/mo PID reco.
fiTQun 30s 50s Simulatenous to PII§
5 P rospects CAVERNS 0.09s 0.07s 0.05s
. Multi ringsfitting : Tobe startedsoon ~ 2orderof

magnitudefaster
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Main limitations oturrentalgorithms

Super-Kamiokande IV
Run 999999 Sub 2 Event 7

6 Multi rings events it e
(mainlyfrom veryenergeticneutrinos) P i
C}:arge(pe) Q

Toway;

Dwall

Fiducial volume

®

devall cut SRR R

/
Fiducial Veuts | Super K (cm) | T2K (cm)

Dwall > 50 > 80

Towall

M. Jiang DThesis T2K, TN465 v1.1,
Atmospheria, 2019 2024 (for €)

>26.7

co~N
(R
AT
QO =NW
NS W

A Fiducial Volume
Limited performances close to tedges
=> Limitedstatistics

h
500 1000 1500 2000

Times (ns)

A ComputationalTime

/ event inSuper K
~1:30 minute / event inHyper K

>170
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DeepNeural Networks For Reco. In HK : Main architectures

point Clouc @EOE Q% o C@@E Q%
[ ﬁ Pyt

Graph : ; -
Neural Networks

.o 0.9
; [ ]
(GNN) : / ’
C/ 0.2
OUTPUT
\ NEURONS’
# of
o convolutional
ChristineQuach LLR layers
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GraphConvolutionaNetworks

Node v's
initial
embedding.

andfork =1,2,...

Node v's
embedding at
step k.

Color Codes:

Ty forallv € V.

... Is just node v's

original features.

upto K:

Z h Ef-' 1)

. ueN (v)

N + : forallv € V.
N ()]

Mean of v's Node v's

neighbour's embedding at

embeddings at stepk — 1.

stepk — 1.

Embedding of node v.

B Embedding of a neighbour of node v.

(Potentially) Learnable parameters.

https://openreview.net/forum?id=SJU4ayY
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Graph AttentiomeTwork

= T8y forallv € V.

Node v's ... Is just node v's

One convolutiorstep

(singlehead iz

andfork =1,2,...upto K:

k—1 k—1 k—1
= . E C\{iu )hgx ) alx C\égv ) forallv e V.
ueN (v)
Node v's Weighted mean of v Node v's
- - embedding at 's neighbour's embedding at
M u Itl headAttentlon case step k. embeddings at step stepk — 1.

k—1.

where the attention weights al®) are generated by an attention mechanism , normalized such that the sum over all neighbours of each node v is 1:
k)
A\

OCI(;};) = ( Chies ) - for all (U,u) e E.

; (k)

2. (b5 h”)
weN (v)

Color Codes:

Embedding of node v.
B Embedding of a neighbour of node v.

(Potentially) Learnable parameters.

https://openreview.net/forum?id=rJXMpikCZ
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