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Overview

» The T2K experiment and its Near Detector

= Overview of the AI/ML activities:

1.  Momentum reconstruction and PID with a BDT (TMVA)

2. Global ND280 PID with BDT (XGBoost)

3. Identify EM shower with PointNet

4. 2D+3D CNNs for e/y classification

5. PID with a Transformer

6. Other projects using ND280 data (Omnifold, Normalizing Flows)
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The T2K experiment & its Near Detector

3 Wi ‘
far detector: Super-Kamiokande
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The T2K experiment & its Near Detector goal: measure neutrino oscillation

parameters
oscillations vp Vu - vp vu g FOGev proton beam
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ND280 decay volume  target
& beam dump
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neutrino beam
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The T2K experiment & its Near Detector

goal: measure neutrino oscillation
parameters
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ND280 decay volume
& beam dump
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Downstream
ECAL

Super-Kamiokande
Super-FGD

HA-TPCs
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The T2K experiment & its Near Detector

UA1 Magnet Yoke

Barrel ECAL

HA-TPCs

L)

ND280 Upgrade installed last year!

& data taking since mid-2024

Downstream
ECAL

The Super-FGD (SFGD): a Scintillator Detector
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o =
WLS
e s fibers
~2M cubes Fine Grained Detector



The T2K experiment & its Near Detector

New detector technology

= need new tools to identify the particle
types (PID) from neutrino interaction
using charge deposition in the detector

The Super-FGD (SFGD): a Scintillator Detector

scintillator cube

o4 P
WLS
e s fibers
~2M cubes Fine Grained Detector
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Inputs: Primary track params (5) & secondary tracks params (3)

Track direction
- 1. # Tracks HPO: 5 to tune (done by hand):
2. Mean track dEdx

Not

used 'EysEraEisEraEn  Eiobo Ey Ej Eg Es Ey By By B
- e eeee - 00Pe0E0ees H
. . erparameter Value
St 1 DuDLDy Dy Do Dy Dy D Ds Dy Dy Dy DyENS ighn;rrz 3. Max time delay a4
I i " it Decision tree number M 2000
. ' N p g .
E 1. Node E fluctuations ' Track analys® Comen Division point number K at each node 20
i e o5 ;
C 2. Track length ! Seconda'ydtra . Decision tree maximum depth D,y 3
iti Ci v
i 3. Track E deposition 0 These parameters are S Shrinkage v 0.05
4. Nod : mainly used for &
- Node energies stopping track PID. Stochastic boosting fraction f 0.5

5. Node nghb distances
same for regression & classification

Training: - on particle-gun MC data (i.e. 1 particle /event): p, T%, p*, e* with 2M/type
- distinct classifiers & momentum regressors

y 02

" Overall

Pred. EM-like = Peak fit

PID probability [%]

Results: classification
results

momentum &
resolution:

Pred. p-like

-0.05

Pred. n-lik
red. mt-like ~01

-0.15

recon
(=)
=3
S W
1\\\‘III\‘\\Illl\\\‘lll\‘\\\\ll\\\‘\lll
—

Pred. p-like 02 TZK IIDreIlm/?ary R BRI B
- 04 0.6 0.8

1 1.2
True mt= True p* True e* Piniirue [GeV/c]
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Top HAT
. Muon candidate
BDT Systematics: '
- Apply the BDT to control samples for both MC and data SFaD l /
- Stopping control sample: tracks that enter and stop in the SFGD
- Evaluate the difference and propagate it as a systematic uncertainty in analyses Proton candidate
Bottom HAT
— SRR SRS SN SMM NS stopping control sample
5 = ]
:%‘ 10 4 - — P(p— pfotorf-like) Tl
5 F — P(p — pion-like)
% I P(p — muon-like)
T 10° P(p — EM-like) = . .
5 E ratio between MC/data is
v . + same plot for ted
— —— propagated as a
Z 10° = control sample data propag

systematic uncertainty

10
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.
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10806704020 02 04 0608 1
BDTG output
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2. Global ND280 PID with BDT (XGBoost)

Goal: use inputs from many ND280 sub-detectors to get a global PID tool

Inputs: 16 variables from 4 of ND280 sub-detectors

Reconstructed momentum

Reconstructed theta

FGD1: Energy by length

FGD2: Energy by length

W anti-muon

W pion plus

1000 W positron
. proton

| 2000 1

o
250 500 750 1000 1250 1500

Reconstructed momentum (MeV)

0.2 0.4 0.6 0.8 10
Reconstructed theta (degrees)

0.6 0.7 0.8 0.9
FGD1 Ebyl (MeVv/m)

06 07 08 09 10
FGD2 Ebyl (MeV/m)

ND280

Results:

Purity against efficiency

. : .. . .t ..l..._ A\
-‘.-.-...‘.-..

Purity

TPC2: muon pull TPC2: electron pull TPC2: proton pull TPC3: dE/dx
!
{5000
i ; b
0-
-2.5 0.0 25 5.0 75 10.0 -2 0 2 4 -15 -10 ] 0o 400 600 800 1000
TPC2 muon pull TPC2 electron pull TPC2 proton pull TPC3 dE/dx
nTPCs ECal: EM energy ECal: Energy by length ECal: Circularity
50000
25000
o ([T szl
12 14 16 18 300 400 500 050 055 060 065 070 0.80 0.85 0.90 0.95 1.00
nTPCs EM energy (MeV) ECal Ebyl (MeV/m) Circularity
ECal: Front back ratio ECal: Truncated max ratio ECal: QRMS nSMRD
, 4000 @ " w
[ k] k] 2
H s s :l
3/2000 & & &
G .
0.0 0.5 10 15 2.0 02 04 0.6 0.4 0.5 0.6 05 10 15
for tmr QRMS NSMRD

Training: - on particle-gun MC data: p, ¥, p*, e* with 250k events

- HPO
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Anti-muon like events (test) 0
Pion plus like events (test) }
Positron like events (test) .
Proton like events (test) !
Anti-muon like events (train)
Pion plus like events (train)
Positron like events (train)
Proton like events (train) T2K Preliminary
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3. Identify EM shower with PointNet

Architecture: PointNet (DNN for 3D point cloud data) with modifications

Classification Network

input points
nx.

n: number of 3D hits

m: number of external features

pool 1074

global feature

feature mlp (64,128,1024)
\ 31| transform [ 3
; Laf = 102
BDhitposition }  charge CENRT [T E shared (")
/ & I = £ ——l—lﬁ——] |
mlp (64,64) - 2 \-Il
— = Y e L
external (% 3
variables |g| shared : Add embedding vector (size 64)
2 i m+1 token types: {3Dhits, variable #1, 2, ..., m}
7’
/7

1
1

Goal: distinguish' EM shower-like (e,y) particle from non EM ones (y,T1,p)

1

Training data: pgun MC data of e’, p~ with 8000 patterns + data augmentation

1

\

External features: adding general feature of the event increase performances!

- SFGD variables (similar to BDT)
- TPC/HAT/ECAL variables
- size of the shower
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mlp
(512,256,k)
K
output scores
Results:
1.0 1 — ==3T

T2K Preliminary e

> 0.8 1

@)

o

‘G 0.6 1

&=

()

< 0.4 1

c

2

nin.24
--=- BDT, AUC=0.981
—— PointNet, AUC=0.993

0.0 1

00 02 04 06 08 1.0
Background rejection
work of Hikaru Tanigawa 15



4. 2D+3D CNNs for e/y classification

Architecture: experimental combination of 2D CNNs + sparse 3D CNN

I Xz view Xz score
— 1 CNN-xz e
(%) -
. 4+ | yz view yz score
§ c -
5 CNN-yz Toe
S O .
Xy view Xy score
S CNN-xy — -

Training: pgun MC data of e and y
with 400k training event

Results: .

3D-ResNet
2D-ResNet
3DSS+3DRes
3DSS+2DRes
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# hits in each view (Ny, N, Ny,)

95.5
94.9
95.3
96.1
98.3

Final Classification

| model | - efficiency | y rejection

95.3
95.8
94.4
96.4
97.9

T2K Preliminary

ResNet50 SSCNN
T Electron Sparse
& i ‘ Submanifold
| Gamma ~ Convolutional
Network
100 o o o o,,,.'-'.'-. .......
« average - .,
98 ‘.

e 3D-SSCN only

e 2D-ResNet only
96

Y 0

i
2D score) + (3D score) |
ﬁ:(final score) = ( ) > ( )I
1
o o o o e e e e e e D ____ o

0 04 02 03 04 05 06 07 08 09 1
2D mérged score

e 14

2D vs 3D scores: not much correlations

94

A I N AL AL

gamma background rejection(%)

IR
A N s
o . o o o o o o o 0 o ® °

92

T2K Preliminary o

T

e/y events looks similar because of
y—e*e creating similar shower of particles
= challenge to distinguish them

90 i

| e e T e BT |
0 20 40 60 80

80 100
e- Efficiency(%)
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5. PID with a Transformer

Architecture:
(transformer encoder)

gamma  electron ... In P uts:
t 4

\

4 S
Add & Norm Classification oren
head

Feed

56
Forward LY =
Outputed CLS token ==

184

Multi-Head
Attention
I )
— y,
Positional &
Encoding

Classification
(CLS) token @' Em

Input
bedding

t

’I'U[xo,yo, KoYy Bo¥o Do¥e XY

2,9, z,9,] 2,9 2z,9] z,9,] "

gamma

A |
Ulove Ky e KeVs Kes,
I-Uzo_qo] 2l 7ol zoad zead electron | Inputs
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5. PID with a Transformer

Architecture:
(transformer encoder)

.

Feed

Forward

% w
Add & Norm

Nx | —(Add&Norm )

Multi-Head
Attention
. VO
S— y,
Positional
Encoding D

Classification
(CLS) token @' Em

Input
bedding

t

gamma  electron ... In P uts:
i t SFGD
Classification
head

Outputed CLS token

Too long
sequences of
hits: use Vision

Transformer
iiiiiiiiiiiiiiii/i'iiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiii\ prinCipIe
(X,Y:
z,q]

h |

’I'U[xo,yo, KoYy Bo¥o Do¥e XY

2,9, z,9,] 2,9 2z,9] z,9,] "

gamma

[U XoVor XYy
290 2,04

X0,
Zz'qz]

X3Ys DY

2] ziq- electron Inputs
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5. PID with a Transformer

Architecture: - N
(transformer encoder)
Feed
Forward
\
Nx | (A o)
Multi-Head
Attention
—tr
\_ J
Positional D
Encoding
Classification @' |nput.
(CLS) token Embedding

t

gamma

S |

Classification
head

electron ...

Outputed CLS token

h |

“I.U[xo,yo, <,
Zo'qo] 21,q1]

A |
’I'U[xo,yo, XY Xo¥p XY XY amma
2,0 z.9) 2,0) 2z,09) z.9)0 9

[X,.¥,,
2,,0,]

X5 Y
Z30]

(XY,

ZA'qA]“'

electron

Svas Lonve TR\
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Inputs:
SFGD
= 56

e T Too long
y 184 sequences of

X - . .=
V. . o hits: use Vision

‘ Transformer
principle
7
24

23

Inputs
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5. PID with a Transformer

Architecture: - N
(transformer encoder)
Feed
Forward
\
Nx | (A o)
Multi-Head
Attention
—tr
\_ J
Positional D
Encoding
Classification @' |nput.
(CLS) token Embedding

t

gamma

S |

Classification
head

electron ...

Outputed CLS token

1
’I'U[xo,yo, oYy BoYs  BoYe XY amma ‘I‘U[xo,yo, XY,
209 29,1 2,0 Z3q) 2,90 g 2005 73,9,

[X,.¥,,
2,,0,]

X5 Y
Z30]

(XY,

ZA'qA]“'

electron
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Inputs:
SFGD
T 56

e T Too long
y 184 sequences of

X - . .=
V. . o hits: use Vision

‘ Transformer
principle

24

23
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5. PID with a Transformer

Architecture:
(transformer encoder)

4 )
Add & Norm

Feed
Forward

.

Nx ¢->| Add & Norm l

Multi-Head
Attention
t
i J

Positional D
Encoding
Classification (_D Input
(CLS) token Embedding

t

gamma electron ...

S |

Classification
head

Outputed CLS token

2 [13 [12 5 [ 6 |7 |21 |22|23'

positional encoding of the parent cubes in the parent grid

Anaélle Chalumeau — EPS-HEP Marseille — 07/07/2025

>

ND280 S

56

Ssmmmesmmamss AN Too long
184 sequences of
hits: use Vision
Transformer
principle

192

24

23
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5. PID with

Architecture:
(transformer encoder)

a Transformer

4 \
Add & Norm
Feed
Forward
\
Nx r—>| Add & Norm l
Multi-Head
Attention
t
\_ J
Positional D
Encoding

Classification (_D Input
(CLS) token Embedding

each parent cube _£
holds the info ©__.==
of its child voxels: =%
relative positions &
charge

t

gamma electron ...

S |

Classification
head

Outputed CLS token

2 [13 12’5 [ 6 |7 |21 |22|23\j

positional encoding of the parent cubes in the parent grid

>
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23

56

semmsszmammmmz A Too long
184 sequences of
hits: use Vision

192
Transformer
principle
7
24
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5. PID with a Transformer

gamma electron ...

Architecture: , N S |
(transformer encoder) Add & Norm Classffication

head
Feed .

et | | . pmemieeeeey

Outputed CLS token

\

Nx ¢->| Add & Norm l

Multi-Head
Attention
. VO
o J
Positional
Encoding D

Classification (_D Input
(CLS) token Embedding

1 ’
1213 14 5 6 7 21 |22|23'

positional encoding of the parent cubes in the parent grid

each parent cube _£
holds the info T =2
of its child voxels: =%
relative positions &

charge

Training: 2) pgun: e, v, U, 1, p, 200k/part, only SFGD data

23
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ND280 S

56

Ssmmmesmmamss AN Too long

184 sequences of
hits: use Vision
Transformer
principle

192

24
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5. PID with a Transformer

gamma  electron ... |nputS:
Architecture: - \ £ i .
(transformer encoder) Add & Norm Classffication
head

Feed
Forward
Outputed CLS token

T Too long

\
184 sequences of

NX y X : H L ..
r-" Add & Norm | Z . ‘ 0 hl_:_s. usfe Vision
Multi-Head ran_s qrmer
Attention principle
o J . =
Positional & 24
extra tokens Encoding o

- HAT pulls - #hits Classification Input
- TPC pulls @ - totcharge @ (CLS) token @' Embedding
holds the info .= ~—— (1213 14 5 16 |7 |21 2223

of its child voxels: T === positional encoding of the parent cubes in the parent grid

relative positions &
charge & time

each parent cube .2 14

Training:
b) pgun: e, y, u*-, ™", p, 1M/part
+ time info + extra tokens (dEdX from nghb TPCs)

gﬁﬁ?‘v"s‘%&'ﬁ ,LﬂerH‘E\ 12K\ Anaélle Chalumeau — EPS-HEP Marseille — 07/07/2025 work of Anaélle Chalumeau 24
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5. PID with a Transformer

N
gamma  electron ... Inputs:
Architecture: - N t ¢t cren
(transformer encoder) Add & Norm Classification
head
Feed
56
Outputed CLS token s
L e - Semssemmmemss Too long
184 sequences of
Nx | —(Add & Norm ) o hits: use Vision
Multi-Head Transformer
Attention principle
. VO 7
\_ J
Positional 5 2

extra tokens Encoding 23
- HAT pulls - #hits Classification Input
- TPC pulls @ - totcharge @ (CLS) token @' Embedding
each parent cube ./ 14 § .
holds the info ey— 12 13 14 5 6 7 |21 22|23
of its child voxels: =% positional encoding of the parent cubes in the parent grid
relative positions &

i ibtorch)
charge & time _ar chitecture Con\/er’[ed in C++ (’—

ini in C++
saved weights from training to be loaded |

Training:

p\emented in analysis soft!
b) pgun e+/_’ v’ |J+/-s T[+/-’ p, 1M/part

+ time info + extra tokens (dEdX from nghb TPCs)
Svas Lonve TR\
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5. PID with a Transformer

@) © training b)

Test:

Row-normalized (True Label)

Row-normalized (True Label)

Column-normalized (Pre

electron 0 0.03 6 0.0043 electron

gamma gamma gamma
3

E mu- o muon 0.021 3 0.009€ muon
3
g =

pi- pion KRR 0.047 pion 0.097
proton proton 0.0062 3 E X proton
gamma mu- pi- proton e gamma mu- pi proton electron gamma muon pion proton electron gamma muon pion
Predicted label T2K Preliminar Predicted label Predicted label

T2K Preliminary Predicted label

Svas Lonve TR\ work of Anaélle Chalumeau 26
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5. PID with a Transformer

®) © training b)

Row-normalized (True Label)

Column-normalized (Pre Row-normalized (True Label)

electron electron

gamma gamma gamma

= mu- -n_) muon muon
3 5
g =

pi- pion pion

proton proton proton

gamma mu- pi- proton e gamma mu- o proton electron gamma muon pion proton electron gamma muon
Predicted label T2K Preliminar Predicted label Predicted label T2K Preliminary Predicted label

Test on
simulated
neutrino
interactions:

need good
pattern
recognition
first!

HAT-TPC

gﬁif‘vﬂé&?#é LPNHEY T2\
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5. PID with a Transformer

®) © training b)

Row-normalized (True Label)

Column-normalized (Pre Row-normalized (True Label)

electron electron

gamma gamma gamma

= mu- -n_) muon muon
3 5
g =

pi- pion pion

proton proton proton

gamma mu- pi- proton e gamma mu- o proton electron gamma muon pion proton electron gamma muon
Predicted label T2K Preliminar Predicted label Predicted label T2K Preliminary Predicted label

Test on
simulated
neutrino
interactions:

need good
pattern
recognition
* first!

HAT-TPC

gﬁif‘vﬂé&?#é LPNHEY T2\
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5. PID with a Transformer

®) © training b)

Row-normalized (True Label)

Column-normalized (Pre Row-normalized (True Label)

electron electron

gamma gamma gamma

= mu- o muon muon
H S
g =

pi- pion pion

proton proton proton

gamma mu- pi- proton e gamma mu- - proton electron  gamma muon pion proton electron  gamma muon
predicted label T2K Preliminar predicted label Predicted label T2K Preliminary Predicted label

Test on
simulated
neutrino
interactions:

need good
pattern
recognition
first!

HAT-TPC

gﬁif‘vﬂg‘ézﬁé LPNHEY T2\
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5. PID with a Transformer

®) © training b)

Row-normalized (True Label)

Row-normalized (True Label)

Column-normalized (Pre

electron 0.03 0.096 electron

gamma

gamma . 0.059 gamma
LR 0057 ri muon
g =
pi- pion pion 0.058 0.067 0.097
proton proton proton
gamma mu- pi- proton e gamma mu- pi- proton electron  gamma muon pion proton electron  gamma muon pion
Predicted label T2K Preliminar Predicted label Predicted label T2K Preliminary Predicted label

Row-normalized (true label)

Column-normalized (predicted label)

Test on
simulated
neutrino gamma . 0.096 0. gamma 0.089 0.041

0.039

On-going improvements:

. . N -  refine pattern recognition before PID
interactions: i; mu mu (if bad, then model cannot succeed)
(training &) " - test training b) on neutrino interactions
’ g - add info from other detectors
— —_
- Predicrt':; fabel i TZPI?OIré’reIimina; . P'ed'crtv:; abel " e

Svas Lonve TR\ work of Anaélle Chalumeau 30
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6. Other projects using ND280 data (Omnifold,

Omnifold:

Detector-level

work of Roger Huang
unbinned method to unfold ND280 data faster

Particle-level

Normalizing flows:

::", \‘.:' u o p
A ' Base distribution

Normalizing Flows)

work of Mathias El Baz

X =To(u)~q,
Predicted distribution

=g v 4
o
3 -
-} | L
Z |-
Step 1: Pull Step 2:
Reweight Sim. to Data Weights Reweight Gen.
—
g -
£ L
o dn
3
g Geant4 § ——
n — Push
allles v
Reconstructed Truth
i 16 x10~39 0.85 < cos 6, < 0.90
L
> 14
e 5L —— Data Truth
I .
S 10 {  IBU-UniFold
o .
R {  MultiFold
=
Lt o6
L
5 4
b
o 2
£
> 0
Q
s 0.0 0.5 1.0 1.5 2.0
pu [GeV/c]

simple proba complex proba
( ) ( )
Modeling posterior systematics Efficient CCQE cross-section sampling
3221/7 - ' E
100 w1
| I 350 350 350
80 . L] I L 102 28
T =" o, 120 a0 T snm
= L]
;g‘ 60
y o2 g ea lzn 90 2n
»
’ ) OE I. |:. :::m
3 % P Ps % o B0 146 10° ea 120 25 so 75 eo m 000055 %70
Hog(p)
140 - —
ESS: 0.86% I e e O e e s —— —
120 X T L N N A g 68% interval
Gaussian 95% interval
o . ' " 102 600 99% interval
posterior i £
80 L] g
R : . g
Fo w e 2 400
. ! 5
w 1= - 3
.
20 C 200
) .
) W, 0095097 0% 1 10T 105 105
-log(p) rue
_ J J
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Summary

» Increasing number of ML projects at T2K ND
= In all stages of the experiment: more project in the analysis part, then reconstruction then simulation

= Methods are starting to be used in official softwares (BDT, Transformer), paving the way for the other ones

= Strengths: = Limitations:
- High accuracy in classification/regression tasks - Sensitivity to simulation mismodeling — need
- Learns complex features from raw or careful validation on real data
high-dimensional data - Training variability (random seeds, small data)
- Efficient at scale for large datasets (once trained) can cause instability in results

- Interpretability of deep networks is limited
= Challenges:

- More friendly integration possibilities into C++

- Systematic uncertainty: need robust strategies Than k yOU!
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3. Identify EM shower in SFGD: PointNet

External features:

shower size
- added by HT

SFGD features: 10
> from old BDT

nonSFG features: 13
- from global PID

> mostly empty for
the contained cones

> 85-90% are “0”

Distributes in wide range

— Need scaling
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ref. https://arxiv.org/pdf/2504.06857v1

Unfolding of ND280 data: Omnifold

Data:
Working Detector-level Particle-level - 1.2M simulated ND280 evts = 20k measured evts
.. b v 4 - with " and leading p kinematics
principle: o y
Z ..
i
, 7
Step 1: Pull Step 2: Beam:]j> 1 |
Reweight Sim. to Data Weights Reweight Gen. p
—
- | i
2
- .
% - for test: create fake dataset with a BeRPA-based
§ Geanta il — modification to the true interaction rates
7)) Push
ol Wi
Reconstructed Truth
Hidden layers (x4)
100 100 In puts:
i 5 TNVIDIA A100 on a NERSC - kinemati rvabl
Archi i Perimutter node: takes < 30 min ematic observables (pH’ cos eP’ pp’ 6pT, 6QT’ 6¢T)
g_ to run 15 OmniFold iterations on - detector sam pIe ID
5 f data/MC . .
7 o SIESSSEE - interaction topology (cconop, CCortip, CConNp, CC1r, CCother)
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Unfolding of ND280 data: Omnifold

ref. https://arxiv.org/pdf/2504.06857v1

0.301 EEm After 5 Iterations Comparision with conventional-like unfoldings:
Test: | After 10 Iterations - not straightforward since Omnifold is unbinned
2 0.25 [ After 45 Iterations . . o . .
< - use Omnifold in a way that it is mathematically equivalent to IBU
> 0.201 . . . . . o
@ (Iterative Bayesian Unfolding): inputs limited to bin indices
2 0.15-
'% x? Triangular Discriminator
© 0.101 Method (pu, cos 6,)| dpr dat | d¢r Method (py, cos 8,)|dpr |dar |ddT
- DoF=58 |DoF=8 DoF=8 DoF=8 Prior 545.6  |27.5|31.2[26.7
0.05 conventional _Prior 298.2 23 | 59 | 49 IBU-UniFold 17.1 193408
_like method IBU-UniFold 21l 0.2 0.4 0.1 Binned UniFold 29.9 28160119
0.00- Binned UniFold 214 1.4 0.9 0.5 UniFold 1 : ! ' 1'
' —0.05 000 005 010 0.15 UniFold 27.1 11| 06 | 11 e 27'73 (5); gg 0-2
Average We|ght Change Omnifold MllltlFOld 8l 0.3 0.2 0.3 u l o 2 g < &
from Previous 5 Iterations variations __ QmniFold 10.0 0.8 1.1 0.4 OmniFold 9.4 1.7]13.0]21
(inputs choice)
- 16 x10~39 0.85 < cos 6, < 0.90
o)
Uncertainties: > 1
c -1
gL | total S —— Data Truth
I .
2 _— from NN S 10] {  IBU-UniFold
— =2 . —_ 0
g il S — stochasticness ER t MultiFold
§ [ IBU-UniFold Total Uncertainty g 6—
- 103 [ MultiFold Total Uncertainty S 41
£ 773 MultiFold NN Uncertainty 5
@ [ UniFold Total Uncertainty %)
{777 UniFold NN Uncertainty b 8 2
; . . . ; TS
0.0 0.2 04 0.6 0.8 1.0 g 0 ; : : :
&pr [GeV/c] < 0.0 0.5 1.0 1.5 2.0
g ORBONNE P ,IZ-/R le [GeV/C] 36
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ref. https://arxiv.org/pdf/2312.02045

Modeling posterior systematic: Normalizing Flows

ND fit is a constrain on systematic uncertainties using ND280 observations

Context: ND280 likelihood of systematics depends on >700 variables (from , detector and xsec uncertainties)
Goal: Learn the posterior probability distribution of neutrino flux binned in neutrino energy

Conventional methods:
+ analytical

- Semi-frequentist (GUNDAM): gaussian assumption on the posterior, get best-fit params from MLE _ iss «sec non-gaussianities
+ capture non-gaussianties

- Bayesian (Mach3): sample from the posterior using MCMC ot cloud estimation (not analytical) J
true posterior vs gaussian approx:
Observable : Systematic : i - i ’ ~ i
space 1 space 1 pred_lctlc_)n = § o § ESS: 0.006 [~
oscillation ol ESS:0.93 o0 50 =0
| B~p(B |Dataset) 'l parameters wo- W/O XSEC - wf W XSEC -
: Bayesian :
1 1
1 1

950
. - 90

Where ML comes in:

€ g 8 &

BANFF
GUNDAM

1
| MLE\
|Best fis n

Datae

replace GUNDAM gaussian approximation
by something more complex
I to capture non-gaussianities of the posterior distribution

Frequentist with Normalizing Flow
assumption on the posterior
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ref. https://arxiv.org/pdf/2312.02045

Modeling posterior systematic: Normalizing Flows

NormFlows: " A ™ u
g “ ~
: ; Pu
7 Base distribution

x = Tpu)~g, Ml

Predicted distribution

simple proba complex proba

, straighforward to: sample x = Ty(u)~qg With u~p,, & evaluate the proba qg(x) = p, (1) | det (]Te (u)) =2

Archi: RQ-NSF for xsec M aepine”
Test: on full sets of systematics (OA 2022 config) to learn dimensions & Real-NVP
the 59 xsec probas conditioned on the 652 flux + detector for flux+detector ones
systematics B, e
“rescaled”
" ESS: 36.47% 1 e ESS: 0.86% n
" Gaussian :
) 'y ll. .| posterior N
% 60 ? ) :. g 60 - b l
. "3 . i § Fast method!:
) i : a . 10M sample /day
. ] vs ?
J 20 40 f:g(m 80 100 120 140 * o 20 40 foug(p) 80 100 120 140 e
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CCAQE cross-section sampling: Normalizing Flows

Goal: efficient MC sampling for CCQE exclusive cross-section of neutrino-nucleus ('2C)

(for Mean Field xsec, historically to complex to sample from)

Conventional method:

L dbc
use sophisticated nuclear models

dE,dwd0,d0y

ML method: same Normalizing Flow architecture as project 5
(slightly different loss function derived from KLD)

Test:

sample e.g for (600 MeV, 1s shell)

o« LW, — long computations

Train:z{to model 1pthie. p(d,, w, On, ¢n | E,, ) On 2 shells for many E,

ref. https://arxiv.org/pdf/2502.14452

Base
distribution

Samplin Base
Qﬁ; distribution

-

User’s input '—»

Loss Function

o Normalizin
User’s input r—o Flows 9
Normalizing !
Flows Surrogate
Cross-section

Predicted
distribution

A First Samples
Cross-
section | Resampling

Final Samples

Optional
- /‘ ‘e e : : : o A R | e 68% interval |
HTE =" ' 95% interval |
- J‘I\ _ 600! 99% interval |
350 = | |
001 =
o iR 3 Fast method:
7 £ _
£ 400 1M sample /25min/CPU
on
° ! N : vs 1 day/CPU
60,120 25075 200! JJJJ_[
golm g 25 50 75 0 e = |
a s 0.95 0.97 0.99 1 1.0l 1.03 1.05

Svae Lwne T2R

True / NF

39



https://arxiv.org/pdf/2502.14452

