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• The Intermediate Water Cherenkov Detector (IWCD) 

• Motivations for Machine Learning 

• Machine Learning tools and architectures 

• Applications in IWCD
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 HYPER-KAMIOKANDE

The Intermediate Water Cherenkov Detector
• DATA collected by IWCD: 

  ~   500 mPMT      19 PMT      2 (charge and time)× ×
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Multi-PMT Mechanical Design
• Acrylic used for transparent vessel 

• Pressure, transparency and permeability 
measurements 

• Forward looking design with PVC cylinder and 
stainless steel backplate 

• Optical gel couples PMT to acrylic 

• Gel is added to PMT before assembly 

• Module assembled from the backplate 

• Last step is to lower dome in place

See Poster by N. Deshmuk: Mechanical Design of Multi-PMTs for IWCD 
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1 mPMT ( = 19 PMT) 

8 m

6 
m

~ 1 km



WatChMaL.org : an international working group to develop ML for WC detectors
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• Very successful in areas of computer vision 
and image processing 

• Improves particle identification and 
kinematic resolution 

• Remarkable improvements in speed  
(very fast to run once neural networks have 
been trained): 

     fitQun on CPU: ~ 1 event per minute  
     ML reconstruction on GPU: 100 000 events                       
                                                           per minute

ResNet

fiTQun

Motivations for Machine Learning
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http://WatChMaL.org


Deep network architectures for IWCD
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Residual CNN: ResNet18
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• Residual CNNs contain Residual blocks, they implement 
skip connections  

• Shortcut/skip connections prevent training problems of deep 
NNs (vanishing and exploding gradient problems) 

• For this reason, Residual CNNs have had enormous success 
on computer vision tasks 

• Used an adapted version of ResNet-18
*Adapted from [arXiv:1512.03385] 



40

29

7

Introduction Methodology Results Conclusions References

From Data to Images

Figure 5: PMTs in 3D tank

Figure 6: Original image size

Figure 7: mPMTs in unwrapped tank

Figure 8: mPMT charge sum for an event

Iñaki Erregue Álvarez-Buhilla Universitat de Barcelona
Machine Learning Particle Classifier for Water Cherenkov Detectors 8 / 20

 Idea similar to usual RGB pictures 
(3 channels)

R
G

B19 channels (charge)

19 channels (time)29

40

Annalisa's code: 
https://github.com/adelorenzis/WatChMaL 

(Added time implementation )

Input image for Resnet-18
“Unrolling” the tank

536 mPMT
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Multi-PMT Mechanical Design
• Acrylic used for transparent vessel 

• Pressure, transparency and permeability 
measurements 

• Forward looking design with PVC cylinder and 
stainless steel backplate 

• Optical gel couples PMT to acrylic 

• Gel is added to PMT before assembly 

• Module assembled from the backplate 

• Last step is to lower dome in place

See Poster by N. Deshmuk: Mechanical Design of Multi-PMTs for IWCD …..
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https://github.com/adelorenzis/WatChMaL 
(Added time implementation )
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1 mPMT ( = 19 PMT) 
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https://github.com/
adelorenzis/WatChMaL 

(Added time implementation )

40 pixels     = 19 channels (charge)   19 Q 
    + 19 channels (time)       19 T

One pixel per 
mPMT

https://github.com/adelorenzis/WatChMaL
https://github.com/adelorenzis/WatChMaL
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Figure 2. PointNet Architecture. The classification network takes n points as input, applies input and feature transformations, and then
aggregates point features by max pooling. The output is classification scores for k classes. The segmentation network is an extension to the
classification net. It concatenates global and local features and outputs per point scores. “mlp” stands for multi-layer perceptron, numbers
in bracket are layer sizes. Batchnorm is used for all layers with ReLU. Dropout layers are used for the last mlp in classification net.

4. Deep Learning on Point Sets
The architecture of our network (Sec 4.2) is inspired by

the properties of point sets in Rn (Sec 4.1).

4.1. Properties of Point Sets in Rn

Our input is a subset of points from an Euclidean space.
It has three main properties:

• Unordered. Unlike pixel arrays in images or voxel
arrays in volumetric grids, point cloud is a set of points
without specific order. In other words, a network that
consumes N 3D point sets needs to be invariant to N !
permutations of the input set in data feeding order.

• Interaction among points. The points are from a space
with a distance metric. It means that points are not
isolated, and neighboring points form a meaningful
subset. Therefore, the model needs to be able to
capture local structures from nearby points, and the
combinatorial interactions among local structures.

• Invariance under transformations. As a geometric
object, the learned representation of the point set
should be invariant to certain transformations. For
example, rotating and translating points all together
should not modify the global point cloud category nor
the segmentation of the points.

4.2. PointNet Architecture
Our full network architecture is visualized in Fig 2,

where the classification network and the segmentation
network share a great portion of structures. Please read the
caption of Fig 2 for the pipeline.

Our network has three key modules: the max pooling
layer as a symmetric function to aggregate information from

all the points, a local and global information combination
structure, and two joint alignment networks that align both
input points and point features.

We will discuss our reason behind these design choices
in separate paragraphs below.

Symmetry Function for Unordered Input In order
to make a model invariant to input permutation, three
strategies exist: 1) sort input into a canonical order; 2) treat
the input as a sequence to train an RNN, but augment the
training data by all kinds of permutations; 3) use a simple
symmetric function to aggregate the information from each
point. Here, a symmetric function takes n vectors as input
and outputs a new vector that is invariant to the input
order. For example, + and ⇤ operators are symmetric binary
functions.

While sorting sounds like a simple solution, in high
dimensional space there in fact does not exist an ordering
that is stable w.r.t. point perturbations in the general
sense. This can be easily shown by contradiction. If
such an ordering strategy exists, it defines a bijection map
between a high-dimensional space and a 1d real line. It
is not hard to see, to require an ordering to be stable w.r.t
point perturbations is equivalent to requiring that this map
preserves spatial proximity as the dimension reduces, a task
that cannot be achieved in the general case. Therefore,
sorting does not fully resolve the ordering issue, and it’s
hard for a network to learn a consistent mapping from
input to output as the ordering issue persists. As shown in
experiments (Fig 5), we find that applying a MLP directly
on the sorted point set performs poorly, though slightly
better than directly processing an unsorted input.

The idea to use RNN considers the point set as a
sequential signal and hopes that by training the RNN

Point Cloud NN: PointNet

8

• The NN exploits the following properties of the input data: 
-  points are unordered (not fixed on a grid) 
- there are relations among close points 
- clouds are invariant under transformations  

(e.g. rotations and translations)

• PointNet works on a set 
of points (cloud) rather 
than on the grid of fixed 
pixels of an image

• Each point of the cloud 
represents a hit PMT and 
has 5 “coordinates”: time, 
charge, 3D position in 
space (t, q, x, y, z)

*Adapted from [arXiv:1612.00593] 
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REVIEW: ML Applications in IWCD
• Classification for Particle type Identification (PID):  

-  
-  
-  

• Regression: direction, position and energy reconstruction of the particles 

• Classification for Single-Vertex / Multi-Vertex (Pile-up) 

• Exploration of alternative methodologies:  
-  using Quantum Machine Learning

e/μ
e/γ
e/π0

e/γ

While  are classified reasonably well with traditional methods, 
there could be large improvements for  and  with ML

e/μ
e/π0 e/γ
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Applications ResNet-18: Classification (PID)
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Classification: e/μ
• ML techniques outperform 

traditional method over all 
energy range 

• ResNet and PointNet give 
similar results for , ResNet 
slightly better for small energies

e/μ
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• ML techniques outperform 
traditional method over all 
energy range 

• ResNet and PointNet give 
similar results for , ResNet 
slightly better for small energies

e/μ

*Adapted from N. Prouse presentation: “NuFact 2022”*Plot from N. Prouse’s presentation: “NuFact 2022”



8

Applications ResNet-18: Classification (PID)

1X)DFW�������6DOW�/DNH�&LW\��8WDK���WK�$XJXVW�����

Ɣ Ȟȝ�EHDP�SURGXFHV�PRVWO\�ȝ��QHHG�UHMHFWLRQ�
IDFWRU�RI������IRU�ȞH�PHDVXUHPHQW�

Ɣ ,PSURYHG�SHUIRUPDQFH�DFURVV�HQHUJ\�UDQJH
Ɣ 5HV1HW�SHUIRUPV�VOLJKWO\�EHWWHU�WKDQ�3RLQW1HW�

IRU�H�YV�ȝ�FODVVLILFDWLRQ

&ODVVLILFDWLRQ�IRU�3,'�LQ�,:&'

H�HĴFLHQF\�ZKHQ�
UHMHFWLQJ�������RI�ȝ�

H�HĴFLHQF\�ZKHQ�UHMHFWLQJ�����RI�Ȗ

�

Ɣ Ȗ�DQG�H�DOPRVW�LQGLVWLQJXLVKDEOH�LQ�ZDWHU�
&KHUHQNRY�GHWHFWRUV

Ɣ 'LVFULPLQDWLRQ�KDV�QRW�EHHQ�SRVVLEOH�EHIRUH
Ɣ 3RLQW1HW�SHUIRUPV�EHWWHU�WKDQ�5HV1HW�IRU�H�YV�Ȗ�

FODVVLILFDWLRQ

12

Classification: e/μ
• ML techniques outperform 

traditional method over all 
energy range 

• ResNet and PointNet give 
similar results for , ResNet 
slightly better for small energies

e/μ

*Plot from N. Prouse’s presentation: “NuFact 2022”

,PSHULDO�+(3�0/�6HPLQDU�����2FWREHU�����1��3URXVH��75,80)

3DUWLFOH�W\SH�FODVVLILFDWLRQ
,QLWLDO�VWXGLHV�WR�FODVVLI\�PXRQ���HOHFWURQ���JDPPD�SDUWLFOH�W\SH
Ɣ 0XRQ�YV�HOHFWURQ�LV�FODVVLILHG�H[WUHPHO\�ZHOO�

E\�WUDGLWLRQDO�PHWKRGV��!����DFFXUDF\�
Ɣ (OHFWURQ�YV�JDPPD�KDV�QRW�EHHQ�XVHG�

VXFFHVVIXOO\�ZLWK�WUDGLWLRQDO�PHWKRGV

6LPXODWHG��0�RI�HDFK�W\SH�LQ�,:&'�GHWHFWRU
Ɣ ���URZV�[����FROXPQV�RI�P307V�LQ�EDUUHO
Ɣ *ULG�RI����[����P307V�LQ�FLUFOH�DW�HQG�FDSV
Ɣ ���307V�LQ�HDFK�P307�PRGXOH
Ɣ (DFK�KLW�307�KDV�D�VLQJOH�FKDUJH�DQG�WLPH

([SORULQJ�YDULRXV�QHWZRUN�DUFKLWHFWXUHV�IRU�FODVVLILFDWLRQ

PXRQ

HOHFWURQ

��

8

Applications ResNet-18: Classification (PID)

1X)DFW�������6DOW�/DNH�&LW\��8WDK���WK�$XJXVW�����

Ɣ Ȟȝ�EHDP�SURGXFHV�PRVWO\�ȝ��QHHG�UHMHFWLRQ�
IDFWRU�RI������IRU�ȞH�PHDVXUHPHQW�

Ɣ ,PSURYHG�SHUIRUPDQFH�DFURVV�HQHUJ\�UDQJH
Ɣ 5HV1HW�SHUIRUPV�VOLJKWO\�EHWWHU�WKDQ�3RLQW1HW�
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UHMHFWLQJ�������RI�ȝ�

H�HĴFLHQF\�ZKHQ�UHMHFWLQJ�����RI�Ȗ
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Classification: e/μ
• ML techniques outperform 

traditional method over all 
energy range 

• ResNet and PointNet give 
similar results for , ResNet 
slightly better for small energies

e/μ

*Plot from N. Prouse’s presentation: “NuFact 2022”
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Classification: e/γ
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C=II=
AÎ

A�

5HFRQVWUXFWLRQ�LQ�:&�GHWHFWRUV
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*Adapted from N. Prouse presentation: “NuFact 2022”
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Classification: e/μ

1X)DFW�������6DOW�/DNH�&LW\��8WDK���WK�$XJXVW�����

&ODVVLILFDWLRQ��3DUWLFOH�W\SH�LGHQWLILFDWLRQ��3,'�
Ɣ 'LIIHUHQW�SDUWLFOHV�SURGXFH�GLIIHUHQW�W\SHV�RI�ULQJV

5HJUHVVLRQ��UHFRQVWUXFWLQJ�SDUWLFOH¶V�SURSHUWLHV�
Ɣ /RFDWLRQ�DQG�WLPH�RI�307�KLWV�DOORZV�WULDQJXODWLQJ�SRVLWLRQ�DQG�GLUHFWLRQ
Ɣ $PRXQW�RI�FKDUJH�REVHUYHG�DW�307V�JLYHV�HVWLPDWH�RI�HQHUJ\
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1X)DFW�������6DOW�/DNH�&LW\��8WDK���WK�$XJXVW�����

&ODVVLILFDWLRQ��3DUWLFOH�W\SH�LGHQWLILFDWLRQ��3,'�
Ɣ 'LIIHUHQW�SDUWLFOHV�SURGXFH�GLIIHUHQW�W\SHV�RI�ULQJV
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• ML techniques outperform 
traditional method over all 
energy range 

• ResNet and PointNet give 
similar results for , ResNet 
slightly better for small energies

e/μ

*Adapted from N. Prouse presentation: “NuFact 2022”

•  and  are almost indistinguishable 
in Water Cherenkov detectors 

• PointNet performs better than 
ResNet for  classification, except 
for small energy

e γ

e/γ

*Plot from N. Prouse’s presentation: “NuFact 2022”
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Classification: e/γ

8

Applications ResNet-18: Classification (PID)

1X)DFW�������6DOW�/DNH�&LW\��8WDK���WK�$XJXVW�����

Ɣ Ȟȝ�EHDP�SURGXFHV�PRVWO\�ȝ��QHHG�UHMHFWLRQ�
IDFWRU�RI������IRU�ȞH�PHDVXUHPHQW�

Ɣ ,PSURYHG�SHUIRUPDQFH�DFURVV�HQHUJ\�UDQJH
Ɣ 5HV1HW�SHUIRUPV�VOLJKWO\�EHWWHU�WKDQ�3RLQW1HW�
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H�HĴFLHQF\�ZKHQ�
UHMHFWLQJ�������RI�ȝ�

H�HĴFLHQF\�ZKHQ�UHMHFWLQJ�����RI�Ȗ

�

Ɣ Ȗ�DQG�H�DOPRVW�LQGLVWLQJXLVKDEOH�LQ�ZDWHU�
&KHUHQNRY�GHWHFWRUV

Ɣ 'LVFULPLQDWLRQ�KDV�QRW�EHHQ�SRVVLEOH�EHIRUH
Ɣ 3RLQW1HW�SHUIRUPV�EHWWHU�WKDQ�5HV1HW�IRU�H�YV�Ȗ�

FODVVLILFDWLRQ

•  and  are almost indistinguishable 
in Water Cherenkov detectors 

• PointNet performs better than 
ResNet for  classification, except 
for small energy

e γ

e/γ

*Plot from N. Prouse’s presentation: “NuFact 2022”

electron

gamma
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Classification: e/π0

H�YV�SL��3,'
(OHFWURQ�HIILFLHQF\�IRU
����SL��UHMHFWLRQ

2YHUDOO�SL��PLV�3,'
IL[HG�DW���

2QO\�XVHG�³DOO�FXWV´�IRU�SL�

)RU�SL��3,'��WXQHG�WKUHH�
GLIIHUHQW�IL74XQ�FXWV�
Ɣ �'�FXW�RQ�HOHFWURQ���

SL��ORJ�OLNHOLKRRG�
GLIIHUHQFH

Ɣ �'�FXW�RQ�OLNHOLKRRG�
GLIIHUHQFH�DQG�
UHFRQVWUXFWHG�SL��
PDVV

Ɣ �'�FXW�DV�DERYH��EXW�
ZLWK�GLIIHUHQW�FXW�LQ�
HDFK�UHFRQVWUXFWHG�
PRPHQWXP�ELQ

H�YV�SL��3,'
(OHFWURQ�HIILFLHQF\�IRU
����SL��UHMHFWLRQ

2YHUDOO�SL��PLV�3,'
IL[HG�DW���

2QO\�XVHG�³DOO�FXWV´�IRU�SL�

)RU�SL��3,'��WXQHG�WKUHH�
GLIIHUHQW�IL74XQ�FXWV�
Ɣ �'�FXW�RQ�HOHFWURQ���

SL��ORJ�OLNHOLKRRG�
GLIIHUHQFH

Ɣ �'�FXW�RQ�OLNHOLKRRG�
GLIIHUHQFH�DQG�
UHFRQVWUXFWHG�SL��
PDVV

Ɣ �'�FXW�DV�DERYH��EXW�
ZLWK�GLIIHUHQW�FXW�LQ�
HDFK�UHFRQVWUXFWHG�
PRPHQWXP�ELQ

(cut 1)
(cut 2)
(cut 3)

1X)DFW�������6DOW�/DNH�&LW\��8WDK���WK�$XJXVW�����
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Ɣ /RFDWLRQ�DQG�WLPH�RI�307�KLWV�DOORZV�WULDQJXODWLQJ�SRVLWLRQ�DQG�GLUHFWLRQ
Ɣ $PRXQW�RI�FKDUJH�REVHUYHG�DW�307V�JLYHV�HVWLPDWH�RI�HQHUJ\

C=II=
AÎ

A�

5HFRQVWUXFWLRQ�LQ�:&�GHWHFWRUV

�

AHA?PNKJIQKJ
JAQPN=H�
LEKJ

C=I
I=

C=II=

ʌ�
H

ȝ
*Adapted from WatChMaL presentation (Oct 2022)
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• ML techniques outperform 
traditional method over all 
energy range 

• ResNet and PointNet give 
similar results for , ResNet 
slightly better for small energies

e/μ

*Adapted from N. Prouse presentation: “NuFact 2022”

•  Efficiency significantly drops for 
higher energies since photons from  
become more collimated

π0

*Plot from WatChMaL meeting’s presentation
cut 1: 1D cut on  -  log-likelihood difference 
cut 2: 2D cut on likelihood difference and reconstructed  mass 
cut 3: 2D cut as above but with different cut in each reconstructed momentum bin

e π0

π0



0XRQ�SRVLWLRQ�UHFRQVWUXFWLRQ

Regression: position, energy and direction reconstruction
0XRQ�SRVLWLRQ�UHFRQVWUXFWLRQ

14

Regression: position, energy and direction reconstruction

'LUHFWLRQ�UHFRQVWUXFWLRQ
(OHFWURQV 0XRQV

(QHUJ\�UHFRQVWUXFWLRQ
(OHFWURQV 0XRQV

[MeV]

• Consider muon rings as an example

 

Consider muon 
rings as an 
example

•  In addition to PID classification, the same networks can be used to reconstruct kinematic quantities 
of the particles generating the rings

*Plots from WatChMaL meeting’s presentation 15
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‣Due to the high intensity 
o f t h e b e a m f l u x 
( d(IWCD,J-PARC) ~ 
1km ), pile-up events will 
be significant ( ~ 20 - 25 
% ) in IWCD detector 

‣Need to identify pile-up 
events , separate out 
c o m p l e x m u l t i - r i n g 
events from multi-vertex 
pile-up events

Classification:  Single-vertex   VS   Pile-up

Single-neutrino, 
Single-ring

μ ν

νμ
e

Muon quickly  
decays 

 to electron

Charged pion 
 scattering

π± ν

Neutral pion decay 
 to gammas

Multiple outgoing 
 particles

νπ±

μ

ν
γ

γ
π0

*Adapted from presentation of Nick Prouse:  “IWCD Pile-up study” (11 August 2021)

                   Single-vertex         VS      Pile-up

μ ν μ

Simple  
single - vertex 

event

ν

ν
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‣ Two vertices unrelated to each other and 
separated in time and space. 

‣ The energy is also a discriminant. But it 
will not be used at first instance in this 
analysis. Of course, the energy will be 
relevant when we will consider the 
physics of the neutrino interactions.

Two neutrinos  
from the same  

bunch/spill

     Motivation:  Single-vertex   VS      Pile-up
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‣D u e t o t h e h i g h 
intensity of the beam 
f l u x ( d ( I W C D , J -
PARC) ~ 1km ), pile-
up events will be 
significant ( ~ 20 - 25 
% ) in IWCD detector 

‣Need to identify pile-
up events, separate out 
complex multi-ring 
events from multi-
vertex pile-up events
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‣Due to the high intensity 
o f t h e b e a m f l u x 
( d(IWCD,J-PARC) ~ 
1km ), pile-up events will 
be significant ( ~ 20 - 25 
% ) in IWCD detector 

‣Need to identify pile-up 
events , separate out 
c o m p l e x m u l t i - r i n g 
events from multi-vertex 
pile-up events

Classification:  Single-vertex   VS   Pile-up
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will not be used at first instance in this 
analysis. Of course, the energy will be 
relevant when we will consider the 
physics of the neutrino interactions.

Two neutrinos  
from the same  

bunch/spill

     Motivation:  Single-vertex   VS      Pile-up

Classification: Single-vertex  VS  Multi-Vertex (Pile-up)    
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Classification: Single-vertex  VS  Multi-Vertex (Pile-up)    

*ROC : Receiver operating characteristic curve 
*AUC : Area under the curve

N
o-Physics

G
E

N
IE

Events with only 2 tracks

Added time information 
https://github.com/adelorenzis/WatChMaL 

The code will be released soon on WatChMaL GitHub

For the training: Dataset generated with 2 to 5 tracks originating from 1 or 2 vertices 
For the testing: Dataset generated with 2 tracks originating from 1 or 2 vertices 

MAIN DIFFERENCE: 

• NO-Ph: 
   Energy uniformly sampled 

• GENIE & NEUT: 
   Physics taken into account 
   no low energy neutrinos

https://github.com/adelorenzis/WatChMaL
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Classification:  Single-vertex   VS   Pile-up

(Acc * N + 1)(Acc * N + 2)
(N + 2)(N + 3)

−
(Acc * N + 1)2

(N + 2)2

*Accuracy = (# of correct predictions) / (# of total predictions) 

*Err_Accuracy=                                                                                        arXiv:physics/0701199 

https://arxiv.org/abs/physics/0701199


Quantum Machine Learning
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Quantum
Classifier

S

B

• Classification  is a difficult task, need to explore 
alternative methods 

• We are investigating the use of a Quantum Classifier 
• Currently Quantum methods are restricted to low 

dimensional feature space 
• We can use the auto-encoder to construct a 

dimensionally-reduced “latent” space of new features 
(compress the input image into a smaller “latent 
representation”) 

• The “latent” layer can be subsequently used as a 
(smaller) input for other analysis (e.g. classification)

e/γ
STEP 1 : Auto-encoder

STEP 2 : 
Encoder + Quantum Classifier
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Conclusions

• ResNet-18 and PointNet show promising results 

• Adding the time information provides significant improvement* 

• WCTE will allow to test new ideas with real data 

• Exploring new techniques (e.g. quantum classifier)

*Details in the back-up slides
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Back-up slides



GENIE RESULTS LOSS ACC F1 AUC

        19 Q + 19 T 0,114 0,954 0,966 0,990

        2 Q + 2 T 0,126 0,950 0,963 0,987

       19 T 0,126 0,950 0,963 0,988

        19 Q 0,180 0,924 0,943 0,976

RESULTS (Pile-up study)
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NO-Physics RESULTS LOSS ACC F1 AUC

        19 Q + 19 T 0,128 0,954 0,953 0,987

       2 Q + 2 T 0,136 0,951 0,950 0,986

        19 T 0,142 0,949 0,948 0,985

        19 Q 0,212 0,916 0,913 0,970



The ROC
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Events with only 2 tracks

*ROC : Receiver operating characteristic curve 
*AUC : Area under the curve



24

daq.mac 
/DAQ/DigitizerOpt/TimingPrecision 0.1

/DAQ/TriggerSaveFailures/Mode 1

/DAQ/TriggerSaveFailures/TriggerTime 100 
/DAQ/TriggerSaveFailures/PreTriggerWindow  -400

/DAQ/TriggerSaveFailures/PostTriggerWindow +2950

/DAQ/TriggerNDigits/Threshold 2500000

/DAQ/TriggerNDigits/Window 200

#/DAQ/TriggerNDigits/AdjustForNoise true


Dataset used for the TRAINING

Detector information used in the simulation

, , , e− μ− π0 π−

  Track: 
- for each track, energy sampled from a uniform 
distribution with range [0, remaining_energy] 
- tracks isotropically generated

Vertex position (= track initial position): 
      - x, z uniformly sampled in a circle of radius R = 400 cm 
      - y uniformly sampled in [-300, 300] cm 

 Vertex time (= track initial time) 
      Sampled from a Gaussian distribution with  = 200 ns and  = 25 nsμ σ

DATASET NO-PHYSICS (5M for the training + 1M for testing) 

Obtained using an adapted ParticleGunGeneretor and WCSim

Classification: Single-vertex  VS  Multi-Vertex (Pile-up)    

DATASETS GENIE and NEUT (for testing) 

Obtained using GENIE and NEUT software 
and WCSim

,  , , , , , e− e+ μ− π0 π− π+ p γ

DETAILS OF DATASETS USED

For all datasets

Physics taken into account

SV  (MV) 
MaxTotEvisPerEvt=2000 MeV 
MaxVtxPerEvt=1 (2) 
MaxTrkPerEvt=5 
MinTrkPerVtx=2 (1)

SV (MV) 
MaxVtxPerEvt=1 (2) 
MinTrkPerVtx=2 (1)


