Machine Learning Based
Reweighting Methods for
Neutrino Physics

Roger Huang
BNL Particle Physics Seminar :}‘ﬂ

8/27/2026 BERKELEY LAB



Ve 1 0 0 C13 0 s13 e~ icp C12 si2 O 121

VM = 0 C23 S923 0 1 0 —S812 C12 0 120}
v, 0 —s23 c23 —s13€¥cP () C13 0 0 1 V3
The Current State of Ko ANBINOS DO

Neutrino Oscillation i
Measurements

Increasing precision on the
PMNS parameters from a range
of experiments over the years

But mass ordering and o, are
still open questions
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https://indico.global/event/15740/contributions/155561/

Upcoming Long-Baseline Oscillation Experiments

Near Detector

The next-generation
long-baseline
experiments Hyper-K
and DUNE plan to
measure 0.,

> Far Detector

........

DUNE’s long baseline

S. Dolan, Neutrino 2026 will also let it measure
[ Np(B) « P(v, > v)(E,) o(E,) ®,(E,) e(E,) ] the mass ordering
I ! r e JUNO will target this
Oscillation Incoming
Far detector  Probability neutrino flux measurement by
event rate Interaction Detector different means

Cross Section Efficiency 3


https://indico.cern.ch/event/1522800/contributions/7071832/

Systematic Uncertainties

S. Dolan, Neutrino 2026

SEETY
Uncertainty on Q K
Far Detector Tz @ ﬁ’k P. - -
oK =

Event Rate N AN O~

Stat. Uncertainty = 6-10% 5-7% 1-2% 1-3%
Cross Sections ~4% ~3.5% ? ?

All Systematics ~5% ~3.5% ? ?

Systematic uncertainties in current long-baseline neutrino experiments are
dominated by interaction cross section uncertainties, but they could hide under

their statistical uncertainties

HyperK/DUNE will not be able to hide under statistics
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https://indico.cern.ch/event/1522800/contributions/7071832/

Neutrino Event Generators

Neutrino event generators
simulate the possible output
products of any particular
neutrino-nucleus interaction

e Underlie any
simulation-based analysis

Several generators exist, taking
different theoretical approaches

UNIVERSAL NEUTRINO GENERATOR
& GLOBAL FIT

_ GiBUU

The Giessen Boltzmann-Uehling-Uhlenbeck Project
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Neutrino Event Generators
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https://arxiv.org/abs/2201.04664
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Neutrino Event Generators

No individual generator is a global good fit to all existing neutrino measurements
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https://arxiv.org/abs/2605.28671

Effects of Neutrino Cross Section Mismodeling on
Oscillation Parameter Fits
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https://arxiv.org/abs/2605.28671

Dealing with Generator Discrepancies

Long-term: theoretical effort to improve the interaction models
In the meantime, and to work towards that goal:

e Make detailed measurements in multiple observables, with covariances to
better inform and constrain the models

e Ensure analyses are not overly dependent on our choice of neutrino event
generator



The Likelihood Ratio “Trick”

A classifier trained to distinguish between two
datasets learns an approximation to their
likelihood ratio

oifl = - [ @ (pcc | 0)A(f())
o 91)B(f(x)))

Consider some loss L for a function f
that classifies events from = 5
distributions parameterized by 6,0, AT (P(x | 60)A(f(z)) + p(z | 91)B(f($)))
with A(f(x)), B(f(x)) being rescalings
that give the loss function

T (p(:r | 00)A'(f(@)) - f'(a)

Minimizing the loss yields the +p(z | 60)B'(f(z)) - f'(i'?))
likelihood ratio /
J. High Energ. Phys. 2024, 136 (2024) A'(f(x)) p(x|6b1) "



https://doi.org/10.1007/JHEP02(2024)136

High-Dimensional Analysis

Likelihood ratio trick converts multidimensional density estimation (hard) into
classification (easy, )

e ML-based classifiers are good at sorting through high-dimensional data

Dealing with detector effects in cross section measurements and studying effects
of different neutrino event generators are both problems of exploring
high-dimensional distributions that don’t have analytic solutions, but where we
can do forward simulation fairly well

Rest of this talk will be how we can use the likelihood ratio trick for:

1.  Unfolding detector effects, in the case of making measurements
2. Reweighting between neutrino event generators to cover their differences, in

the case of comparing them
il



Measurements and Unfolding

Measure selected number of events in a reconstructed variable with the detector.

Efficiency Background
Correction Subtraction

Unfolding

Want the total number of signal events in a true variable -- what physically happened.

Unfolding

Smeared histogram
: , . 500

i True histogram
500 : , . : .

Unfolding is the process of
removing detector effects to  400; 1 400}
recover the underlying “true”

300} 300

distributions Folding
e But very different true 200 200}
histograms can map to very
similar smeared 100 1997

(reconstructed) distributions

0



“Traditional” Unfolding

Several common unfolding techniques currently used for neutrino physics are:

e [terative Bayesian Unfolding (aka D’Agostini)
e SVD Unfolding (including Wiener SVD)
e Template Likelihood Unfolding (recent T2K analyses)

These methods (generally) require that the distributions are binned, and work
best with a small set of variables (around 1to 4)

However many of the corrections (e.g. efficiency) can have high-dimensional
dependence, and this is difficult to capture with only a few variables

In all cases the reconstructed MC distribution is reweighted to better match the
data, and this is propagated to the truth MC distribution

13
D



push

OmniFold: ML-assisted Unfolding - «(m = (m) L1, Data), (7, Sim)](m)

2. Un(t) = vn—1(t) L[(wP*™, Gen.), (Vn—1, Gen.)](?).

OmniFold is an iterative unfolding procedure

] Detector-level Particle-level
performed in two steps: 4 =
1. Reweight reconstructed MC distribution to § P a
(better) match data, yielding pull weights 7 -
®_(m) for each reconstructed m
2. Reweight nominal truth MC distribution to
incorporate information from step 1, —1§£e"§m Sim. to Data \\ilg_,lllu Riltflc)zx

yielding push weights v _(t) for each true —
value t 8
E s
This is one iteration, and the method repeats z ,
. H HP— iefi ) Push
until some convergence criteria is satisfied ol v
Each step uses a separately trained classifier, Reconstructed Truth

and applies per-event weights OmniFold details: PRL 124 (2020) 182001 .,



https://doi.org/10.1103/PhysRevLett.124.182001

ML-based Reweighting in OmniFold

For binned inputs, OmniFold is equivalent to IBU

Training ML-based classifiers and applying the likelihood ratio trick gives high-dimensional
event-by-event reweighting of simulated events to fit the observed data

e [fthe ML classifier uses many variables in its reweighting, we effectively unfold in very

high dimensional space
e Result: a set of reweighted generator events from which we can extract unbinned
unfolded results of any observable

Efficiency corrections are also unbinned, from the reweighting’s interpolation

Background estimates naturally included in reweighting as well

15



OmniFold Applications

OmniFold has been used for several collider-based measurements already*

OmniFold is useful anywhere there is a lot of (reliable) information that is relevant
to the unfolding problem, or there are many observables of interest.

In neutrino physics, it offers:

e Improving the smearing/efficiency corrections by being unbinned and
high-dimensional

e Simultaneous unfolding of several correlated samples

e Probing samples where many observables are useful proxies for underlying
physics, and we’d like to project our results into many directions at once

*Summarized in Eur. Phys. J. C 86,106 (2026) 16
e



https://doi.org/10.1140/epjc/s10052-025-15265-9

The T2K Experiment

T2K is a long-baseline neutrino oscillation experiment in Japan that has been accumulating
data since 2010

INGRID

Super-Kamiokande

Mt. Noguchi-Goro
2,924 m

Mt. lkeno-Yama
1,360 m
1,700 m below sea level

Neutrino Beam

295 km

H H 17




UAI| Magnet

Test Setup - ND280 Public Dataset .

| PODECal o

Public dataset of ~1.2 million simulated ND280 events ‘ pop TPC B l

intended for v, CCOx 2D differential cross-section

e Corresponds to about 20k measured events

Il

Dataset includes muon and leading proton info per event 1 e

Create fake data with a reweighting as a function of Q? e
S — :
L i 7] P

af T - e Extract CCOx /,
. ] differential xsecs like

with real data and - hi i
compare against the p

data-truth values after - L

— unfolding to evaluate i
QGeV?] ¢

RPA correction factor
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http://zenodo.org/doi/10.5281/zenodo.15183090

. Hidden layers (x4)
OmniFold Inputs & Network 100 100

OmniFold is agnostic to the choice of classifier

These results use a densely connected neural network with 4
hidden layers of 100 nodes each

Input variables:

sa|gelep 1indu
\_ /

e Various kinematic observables (details on following slides).
Generally standardized to mean O and unit variance, with
values of O when the variable does not exist

Using one NVIDIA A100
on a NERSC Perimutter
node, << 1 minute to train
e For detector space only: Detector sample ID (1-hot encoded, one network

out of 8 possible sample IDs)

e For truth space only: Interaction topology (1-hot encoded, out
of 5 possibilities: CCOx0p, CCOx1p, CCOxNp, CClz, CCOther)

19




OmniFold Procedure Example

Step 1: reweight simulated reconstructed MC Step 2: reweight generator-level MC to itself with
to observed data pulled reweighting factors from step 1
. After OmniFold Step 2
After OmniFold Step 1 12000
. D m Gen.
i [ Reweighted Gen. after Step 2
4500 M, Sty . y e Gen. Pulled from Step 1
— L 10000 + EEE Gen. - Only Reconstructed Events

[ Reweighted Gen. after Step 2 - Reconstructed Events
Gen. Pulled from Step 1 - Reconstructed Events

— '

8000 -
c £
£ @
42 ,2 6000 -
g g
@ e
4000
2000
0
0 500 1000 1500 2000 2500 3000 3500 0 500 1000 1500 2000 2500 3000 3500
Reconstructed Muon p [MeV/c] True Muon p [MeV/c]

Reminder: the reweighting procedure is unbinned! 20



OmniFold Procedure Example

After OmniFold Step 1, Next Iteration

One iteration is a step 1+ step 2

e 'Data’

combo 3500 - = Original Sim

[ Sim Pushed from Previous Step 2
[ Reweighted Sim After New Step 1

On a new iteration, go to step 1 again, 3000
but starting with pushed reweighting
factors on the simulated reconstructed
events from the previous iteration’s
step 2 result

N
w
o
o

2000 A

Events / Bin

1500 A

Repeat for any number of iterations

1000 A

e Regularization comes from a cutoff
on the number of iterations, based ad
on some chosen convergence
criterion 0

500 1000 1500 2000 2500 3000 3500
Reconstructed Muon p [MeV/c]



Tuning OmniFold

+ .
Unfolding performance can vary significantly with: CCom +CCAn™ Cambired Unfelded Result

e Choice of inputs (118 bins in pu, Qu’ P Qn)
e Network structure and training =0 7
hyperparameters
45
Must be tuned before final result!
2.00 401
—— 2 hidden layers x 100 nodes
1.75- —— 4 hidden layers x 50 nodes b 35 A
4 1.50 — 4 h!dden layers x 100 nodes —— Base Configuration
S 6 hidden layers x 100 nodes 30 - .
~ —— + Tuning Event Inputs
—— + Model Training Improvements
25 A
20 A
15 A
O_OO i i ' . I 1 1 1 1 1 ) )
10 20 30 40 0 2 4 6 8 10 12 14
OmniFold Iterations 22

OmniFold Iterations



Unbinned Convergence Metrics

A convergence metric for OmniFold is ideally independent
of binning and observable choices

Plot average weight change of each event over the last N
iterations, which should cluster around O as it converges

Width to capture 90% of Events
o
o
o
[0}

0.002 1

10 20 30 40 50
Iteration Number

0.35-
0.30+

V)]
]
[

9 0.25-

E

5 0.20-

C

2 0.151

O

©

£ 0.107
0.05-

0.00-

Bl After 8 lterations
After 12 lterations
1 After 20 Iterations

—0.02 0.00 0.02 0.04 0.06

Average Weight Change
from Previous 8 Iterations
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Variables of Interest

Evaluate performance of
unfolding methods with 4
variables of interest:

® (p,cosB ). muon
M 0
momentum and forward
angle
[ ) > _ T T
0pr = pp + Py
—pr.s
O0¢t = arccos (peT—ﬁT)
PpopT

ST =T
_pf' ' ph'
oaT = arccos

These last 3 are the single
transverse variables (STVs)

v Transverse Plane |y
2 T

24




Testing OmniFold

Setup
IBU-UniFold

Binned UniFold
UniFold
MultiFold

OmniFold

Kinematic Inputs
Binned, 1-hot-encoded

Binned, using kinematic centers
Unbinned, single observable
(p,, cos 6, p,, dp;, day, 5¢;)

(p,,cos6,¢,p,cosb,¢)

Description
Equivalent to IBU

Equivalent to IBU, but structured
poorly for a NN

Still unfolding each observable
separately, but unbinned

All observables of interest
provided as direct input

Muon/proton kinematics as
input, from which observables of
interest can be derived

Each method is run 500 times, to get syst/stat uncertainties with a toy-universe approach

25



Results

e UniFold is worse than IBU-UniFold

o Little gain from going unbinned without additional info (with good bin choices)
o Evidence of imperfections in NN training

e For y?, MultiFold is similar to IBU and better than OmniFold
e For bias (triangular discriminator), MultiFold/OmniFold are both better than IBU

2

Triangular Discriminator

X

— (pu, cos 6,)| dpr dar | ddr Method (pu, cos 6,) | dpr | dar | dpr
DoF=58 |DoF=8|DoF=8|DoF=8 Prior 545.6 27.531.2|26.7
Prior 298.2 2.3 5.9 4.9 IBU-UniFold 1¢.1 19134108
IBU-UniFold 2:1 0.2 0.4 0.1 Binned UniFold 29.9 2:8 |60 | 1:9
Binned UniFold 21.4 1.4 0.9 0.5 UniFold 173 57158 1.7
UniFold 27.1 1.1 0.6 1.1 MultiFold 2.7 0.7]0.6 | 0.6
MultiFold 3.1 O | = | 98 OmniFold 9.4 1.7 /3.0 | 2.1

OmniFold 10.0 0.8 1.1 0.4

26



Input Comparison

MultiFold (using unfolding
variables as direct input)
outperforms OmniFold
(general muon/proton
kinematics input)

Again indicates imperfect
neural network training

e Qur statistics are low:
20k data events

1.4

- OmniFold 6¢t

OmniFold (py, cos 6,)
MultiFold (py, cos 6,)
OmniFold 6py
MultiFold op+

OmniFold 6at
MultiFold é6a+

MultiFold 6¢+

~y
~ -~
~ -~
- —~
e —

[teration Number
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OmniFold Results with T2K: Summary

More details on this T2K study with OmniFold: Phys. Rev. D 112, 012008 (2025)

e OmniFold approach obtains similar ¥ and less bias than IBU, but we get to
unfold everything at once and in an unbinned way
o OmniFold is able to make use of additional information!
e Low statistics limits the performance, since the classifiers must be trained

against actual data
o Data augmentations may help
o New neutrino datasets may not be so statistics-limited anymore

Now looking towards more measurements with T2K, MINERVA, SBND, ProtoDUNE...

29


https://doi.org/10.1103/sp1f-n9k2

(Back to) Neutrino Event Generators

What about when we want to check the dependence of the measurement we’re
attempting on the input model we use for our simulation?

Detector simulation is computationally very expensive

e Cannot create a full statistics detector-reco-level MC dataset for every generator
e Most generators provide ways to reweight their results so that modeling
uncertainties can be studied without re-running detector simulation

Running just the generators is computationally cheap

e \We can generate lots of samples to compare in truth space

30
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Bin-based Reweighting
Traditional reweighting methods were bin-by-bin or with splines

But binned reweighting in one variable (e.g. Q%) does not generally give valid
results for other variables (e.g. W)

800000 ~ B Genie 10a
700000 B Genie 10a 700000 - 1 Genie 10b
1 Genie 10b [ QZ%reweighted Genie 10b
600000 ) . 600000 -
[ Q2%-reweighted Genie 10b
500000 " 500000
-
[ =
400000 3 400000
o
300000 300000 1
100000 100000 A
0 81
3 ° 1.00 __:__F_—_E— =
i 100 & 075
= c

0 i 2I é éll 5 0.5 1.0 15 2.0 2.5 3.0 3.5 4.0 4.5 5.0
Q2% [GeV] W [GeV]




Interaction
[ Particle Stack ][ Varlables ]
Transformer-based Reweighting ["”%‘; oer
Training a classifier and applying the likelihood ratio trick T/ra"s“"“er N
again gives a way to reweight generator outputs as a [ fayer No:malization
function of many of their outputs simultaneously! ; % :
Self-Attenti
|Ideal reweighting would be based on the full particle e .en —
stack output of the generators ( Y
N Dense Layer
e All observables of interest are derived from this X
particle stack \ = Y
e A set of generator events can be run through Layer Normalization
detector simulation once and then reweighted % ¥ ’
GlobalAvgPooling
based on the generator-level outputs ; i )
Transformer architecture can learn the inter-particle DensiLayer

relations and handle variable-length particle stacks. [ Classification Layer
L (Softmax) J 32




Training Details

Training data: ~50M Genie10a v, CC events and ~50M
GenielOb v, CC events, generated with flat neutrino flux

Model inputs:

e Up to 10 particles (muons, protons, neutrons, pions)
per event, with 4-momentum and PID for each
Event-level variables g, q,, Q% W, E_

e ~1M model parameters

Training time: ~4 hours on 6x4 A100 GPUs

Test data: ~10M Genie10a and GenielOb v, CC events
generated with DUNE near detector neutrino flux

Particle Stack

Interaction

PrOJectlon Layer

L e
J(

PrOJectlon Layer

\D/

Transformer

T,

e D

v
Layer Normalization

L 7

Self-Attention

Dense Layer

ADD

Layer Normalization

-

GlobalAvgPooling

¥

Dense Layer

¥

"

[ Classification Layer |

(Softmax)
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1D Results

Test setup: Reweighting Genie 10b v, CC events to match Genie 10a

Projecting the results into a few 1D comparisons shows the reweighted Genie 10b
outputs look reasonably similar to the Genie 10a outputs

700000 B Genie 10a 800000 ~ EEE Genie 10a
600000 L] Genie 10b 700000 1 [ Genie 10b
[—1 Reweighted Genie 10b [ Reweighted Genie 10b
500000 600000 -
" ,, 500000 -
£ 400000 £
N 3 400000
© 300000 ©
300000 -
200000
200000 -
100000 100000 4
0 0-
o o HH Yt O
% 1.00 % 1.00 il s = S | p
o o I—I
£ c
@ 0.95 o 0.95 M
0 1 2 3 4 5 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0

Q? [GeV?] W [GeV] 34
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1D Results

The number of z* and protons over some detector threshold (p>100 MeV for pions,
p>50 MeV for protons) is not an explicit input, but is learned quite well too

35 le6 le6
Il Genie 10a Bl Genie 10a
3.0 [ Genie 10b 4 [ Genie 10b
[1 Reweighted Genie 10b [1 Reweighted Genie 10b
2.5
3

v 20 H}
c C
3 3
o 5}
015 O 2

1.0

1

0.5

0.0 0
0 2 1.0
@ 1.00 =
o o
C c
m 0.95 o 0.9

-0.5 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 -0.5 0.0 0.5 1.0 1.5 2.0 25 3.0 3.5
Number of Protons 35

Number of Charged Pions



Metrics - Effective Sample Size

What result is good enough? Ideally checked with an actual analysis, but what if we
want to evaluate our general usefulness?

In the limit of infinite statistics, we expect to always be able to distinguish
between the reweighted distribution and the target distribution

Real analyses do not have infinite statistics in their MC, so what we actually care
about is an effective sample size

e A level of statistics where the reweighted distribution and target distribution
are identical within statistical uncertainties

Many standard tests exist for this on binned distributions, but we want an unbinned

comparison, since our method is performing unbinned reweighting
36



1D Metrics - KS Test

KS test provides a standard unbinned 1D
comparison metric

For any given sample size, we can bootstrap
resample our events to build a distribution of KS
test results given the available statistics

Larger test statistics gives greater separating
power as expected

When comparing our reweighted result
against the target distribution (Genie 10a), what
percentage of KS test results are within the 95th
percentile of KS test results you get from a
Genie 10a self-comparison?

Q2 KS Test Results: Sample Size of 50k Events

300

250 A

200 A

Number of Trials
=
w1
o

=
o
o

N Genie 10a to 10a Comparison
[ Genie 10b to 10a Comparison
[ Reweighted Genie 10b to 10a Comparison

50 1
0- T T T
0.000 0.005 0.010 0.015 0.020 0.025
KS Test Statistic
Q? KS Test Results: Sample Size of 300k Events
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1D Metrics - KS Test Results

Without reweighting: sanity check that the KS Transformer-based reweighting: reasonable up

test distributions are very distinguishable at to fairly large sample sizes

small sample sizes

Genie 10a vs Genie 10b: KS Test Results 15 Genie 10a vs Reweighted Genie 10b: KS Test Results
1.0 1 :
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“i 0.4 1 2 0.4 1
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Multidimensional Metrics - Energy Distance

D*(F,G) =2E[|X - Y[| - E[|X - X'| - E[[Y - Y|

|ldeally want an unbinned,

multidimensional test to evaluate our "
reweighted result ”
50 4
Energy distance provides this, for some s “
choice of observables: :
< 30 A

° E__ Number of 7% Number of
v available

* with KE > 100 MeV, Number of
protons with KE > 50 MeV

[y
o
1

N
o
1

Energy Distance Results: Sample Size of 100k Events

Bl Genie 10a to 10a Comparison
[——1 Genie 10b to 10a Comparison
[ Reweighted Genie 10b to 10a Comparison
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0.0000 0.0002 0.0004 0.0006 0.0008 0.0010 0.0012 0.0014

Energy Distance
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1. Reweighted Genie 10b vs Genie 10a

Combined Metrics

o
(00}
1

Energy distance with all
observables combined
shows more discriminatory
power than the individual KS
tests

=
()}
]

o
N
1

The cutoff for “good enough”
will still be arbitrary, but this

—&— N, KS Test
~$— Np= (KE > 100 MeV) KS Test

Probability of passing p>0.05 test

o o . 0.2 -
provides a fair comparison —&— Available Energy KS Test
between different —&— E, KS Test
) ) —8— Energy Distance
reweighting results 001 | | . ' |
0ok 200k 400k 600k 800k 1000k
Sample Size 40



Event Count

Notes on General Reweighting

Reweighting Results

107 5

Bl Genie 10a=>10b Weights
[ Genie 10b=>10a Weights

-100 -7.5 -5.0 -2.5 0.0 2.5 5.0 7.5 10.0
In(weight)

Reweighting is problematic when
models have disparate phase spaces

e Weights near O: source model
covers a phase space that’s not in
the target model

e [f target model includes phase
space not in the source model,
these will never be covered

55 Energy Distance Comparisons

—&— Reweighted Genie 10a vs Genie 10b
—§— Genie 10a vs Reweighted Genie 10b

o o e
» o 4}
L L L

Probability of passing p>0.05 Test

o
[N]
L

0.0 ~— T T - - - T -
ok 50k 100k 150k 200k 250k 300k 41
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A Surrogate Neutrino Event Generator?

What if we could create a
surrogate neutrino event
generator whose events can be
reweighted to replicate the output
of any existing generator?

Gg(T) This can be 0

=\ This cannot be 0
GA (:U) (for any model of interest)

w(T) =

This model would not be physical on its own, but anyone could pass it through their
detector simulation once and then apply simple weights to use it like any other
event generator

Currently planning an open data challenge on this topic under the US-Japan
DORAEMON initiative - stay tuned!
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https://indico.slac.stanford.edu/event/10387/timetable/#61-doraemon-building-neutrino
https://indico.slac.stanford.edu/event/10387/timetable/#61-doraemon-building-neutrino

Conclusions

ML-based classifiers can be used to estimate the likelihood ratio between
arbitrary distributions as a function of any variables we use as input. We’ve seen
how this can be used for:

1. Unbinned unfolding using many observables, with better accuracy
2. Saving computational resources by reweighting truth-level outputs from
different event generators, with validity over more of the phase space

But caution: this lets us use more of the information available to us, but it’'s up to us
to make sure the information we use is valid! For instance:

e Reconstructed objects without proper detector systematics

e Weird outputs from neutrino event generators
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THIS 15 YOUR MACHINE LEARNING SYSTEM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN (COLLECT
THE ANSWERS ON THE OTHER SIDE.

WHAT IF THE ANSWERS ARE WRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT




Uncertainties

MultiFold achieves smaller
bias and lower
uncertainties than IBU

Neural network
training is a form of
regularization

For the STVs, UniFold has
smaller NN uncertainty
than MultiFold, due to the
relative simplicity of the
network

Bin Fractional Uncertainty

101 /—/—" ————
102 S —
[ IBU-UniFold Total Uncertainty
10—3 [_1 MultiFold Total Uncertainty
"7 MultiFold NN Uncertainty
[1 UniFold Total Uncertainty
.7 UniFold NN Uncertainty
0.0 0.2 0.4 0.6 0.8 1.0
Opt [GeV/c]
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MultiFold Correlation Matrices

(pu, cos8,) Bin

1.00
0.75
0.50

-0.25
-0.00
r—0.25

—0.50
—0.75
—-1.00

Correlation matrix excluding flux
uncertainty

e Actual ¥? is evaluated including
effects of flux uncertainty in the
covariance matrix
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MultiFold Correlation Matrices

O H N W & U1 O W
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Neural Network Sizes

2.00

- 1.75

Networks that are too small limit ]

the performance "_g 1.50-;
e The likelihood ratio L 25+

approximation in each step q: 1.00

becomes too inaccurate S 0.751
:1

£ 0.50

0.25

But no gain from further size
increases at a certain point

\\\

—— 2 hidden layers x 100 nodes

—— 4 hidden layers x 50 nodes

—— 4 hidden layers x 100 nodes
6 hidden layers x 100 nodes

0.00

20 30 40
OmniFold Iterations
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Uncertainties

MultiFold achieves smaller
bias and lower
uncertainties than IBU

Neural network
training is a form of
regularization

For the STVs, UniFold has
smaller NN uncertainty
than MultiFold, due to the
relative simplicity of the
network

Bin Fractional Uncertainty

101 /—/—" ————
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[ IBU-UniFold Total Uncertainty
10—3 [_1 MultiFold Total Uncertainty
"7 MultiFold NN Uncertainty
[1 UniFold Total Uncertainty
.7 UniFold NN Uncertainty
0.0 0.2 0.4 0.6 0.8 1.0
Opt [GeV/c]
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IBU-UniFold Equivalence to IBU

In the absence of any
regularization on the NN training
procedure, IBU-UniFold gives
the same result as an
off-the-shelf IBU algorithm

Even with regularization, they
converge to the same values

Further studies on IBU/UniFold
equivalence: JINST 20 (2025)
PO5034

X2 / dof

3.0 A

0.5 A

0.0 A

— 1BU (py, cos 6,)
Binned UniFold (py, cos 6,)
No Early Stopping

Binned UniFold (py, cos 6,)
With Early Stopping

e ———_— —

10

15 20 25 30 35
Iteration Number 52



http://doi.org/10.1088/1748-0221/20/05/P05034
http://doi.org/10.1088/1748-0221/20/05/P05034

Binned Training Loss

Difference in
performance for
IBU-UniFold (1-hot
encoded) vs
Binned-UniFold
(kinematic bins) visible in
training loss curves

Loss

Binned OmniFold Step 1 Loss

0.04615 -

0.04610 A

0.04605 ~

0.04600 A

—— 1-Hot Encoded Binned Input
—— Kinematic Bin Inputs

0.04595

O A

20

40 60 80 100 120 140
Epoch
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Training/Validation Loss

_ r‘. — Step 1 Training Loss Example of training/validation
f === 'Step 2 Valldation Loss loss curves for a step 1+ step 2

—— Step 2 Training Loss . . .
-~ Step 2 Validation Loss iteration of OmniFold

e Arbitrary offset on y-axis for

each curve for plotting
convenience

Loss (A.U.)

Actual result would be
terminated after 15 epochs of no
improvement in validation loss

0 20 40 60 80 100
E pocC h 54



Training Parameters

Our final results have been with
the “best” NN training settings

But in our scans we have found
many settings that yield worse
performance

e Must be careful about tuning
parameters before applying to
real data!

x?/dof

OmniFold vs IBU Muon (p, cos 68) x?/dof Comparison

3.0
—— OmniFold LR=1e-4,Batch=1024
——— OmniFold LR=1e-5,Batch=4096
2.5 1 -== |BU
2.0 1

1.5+

1.0 4

0.5 4

0.0

Number of iterations
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Learning Rates

Absent other changes, different learning rates converge on the same loss

FDS 20 Step 1, With Statistical Throw

0.0484 -

0.0482 -

0.0480 1

Loss

0.0478 -

0.0476

—— Test loss, LR=1e-4
—— Test loss, LR=1e-5
—— Test loss, LR=5e-6

0 10 20 30 40
Epoch

50

FDS 20 Step 2, With Statistical Throw

0.04965
0.04960
2 0.04955
-
0.04950

0.04945 ~

—— Test loss, LR=1e-4
—— Test loss, LR=1e-5
—— Test loss, LR=5e-6

10 20 30 40 50 60
Epoch

70
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BDT Reweighting for Neutrino Generators

Prior work using BDTs for multivariate reweighting of neutrino generator outputs
has already been done in MINERVA (pictured) and DUNE

But BDTs are generally not powerful enough to cover the entire possible phase
space of interest from generators
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https://arxiv.org/abs/2510.07463

Phase Space Restrictions

Theoretically, we can reweight
anywhere the phase spaces
overlap

In practice, some areas will be
hard and should be cut

The Genie10a/10b results
worsen significantly on events
with > 2 protons

® Results shown in these
slides eliminated those
events from comparison

Reweighted Genie 10b vs Genie 10a: Energy Distance
DUNE ND Flux
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