
Unbinned Unfolding for Neutrino–Nucleus Cross Sections

Joseph Bailey∗

Stanford Physics Department
(Dated: March 21, 2026)

Neutrino–nucleus cross-section measurements are limited by detector smearing and model depen-
dence inherent in the standard unfolding procedure, iterative Bayesian unfolding (IBU). We review
the conceptual foundations and limitations of IBU in the context of modern neutrino experiments
and examine recent developments in unbinned machine learning–based unfolding, particularly Om-
niFold. By replacing response matrices with multidimensional likelihood-ratio learning, unbinned
approaches offer a framework for reducing prior bias and preserving correlations central to oscillation
physics.

I. INTRODUCTION

Modern neutrino oscillation experiments rely on pre-
cise measurements of neutrino–nucleus cross sections.
Experiments such as NOvA, T2K, and the upcoming
DUNE experiment extract neutrino mixing parameters
and measure possible CP violation from reconstructed
energy spectra. Because these spectra depend directly
on the underlying interaction cross sections, uncertainties
in cross section measurements propagate into oscillation
parameters and have become a source of systematic un-
certainty.

At neutrino energies of a few GeV, neutrino interac-
tions occur within complex nuclear environments. Nu-
clear effects—including multinucleon correlations, reso-
nance production, and final-state interactions—modify
the observable kinematics of the outgoing particles (See
Fig I). These processes create strong correlations be-
tween measured quantities such as muon momentum,
scattering angle, and hadronic energy, making accurate
reconstruction of the underlying interaction particularly
challenging.

Neutrino experiments have repeatedly shown that un-

FIG. 1. Contributions to the neutrino–nucleus cross section
as a function of neutrino energy, illustrating the coexistence of
quasielastic (QE), resonance (RES), and deep inelastic scat-
tering (DIS) processes. The presence of multiple interaction
mechanisms produces complex correlations among final-state
observables. From [1]
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certainties in nuclear modeling constitute one of the dom-
inant systematic uncertainties in cross-section measure-
ments. For example, recent MINERvA analyses demon-
strate that generator assumptions enter directly into
the extraction procedure through efficiency corrections,
background subtraction, and unfolding itself [2]. Because
these corrections rely on simulated detector responses,
the statistical method used to perform unfolding plays a
central role in determining the final cross section.

Neutrino experiments must therefore solve an inverse
problem: the detector does not observe the true particle-
level interaction directly. Instead, detectors measure re-
constructed observables that have been distorted by res-
olution effects, limited acceptance, and detection ineffi-
ciencies. The statistical procedure used to infer the un-
derlying distribution from these distorted measurements
is known as unfolding.

Most neutrino cross-section measurements use iter-
ative Bayesian unfolding (IBU), also known as the
D’Agostini method. In this approach, simulated events
are used to build a response matrix that describes how
true physical quantities map to reconstructed observ-
ables. The unfolding procedure iteratively updates an
estimate of the true distribution using Bayes’ theorem.
While IBU is computationally practical and widely used,
its reliance on finite binning and simulation-derived re-
sponse matrices introduces structural limitations.

Recent developments in machine learning have pro-
posed an alternative strategy known as unbinned un-
folding. Instead of discretizing the detector response
into bins, these methods learn the relationship between
simulation and data directly in a high-dimensional con-
tinuous space. Among these approaches, the OmniFold
framework has attracted significant attention in collider
physics because it uses neural networks to estimate like-
lihood ratios between simulated and observed data dis-
tributions.

This Letter reviews the conceptual foundations of tra-
ditional unfolding in neutrino experiments and examines
the emerging paradigm of unbinned machine learning–
based unfolding. We focus on how these approaches differ
in their treatment of dimensionality, prior dependence,
and nuclear-model systematics, and we discuss the im-
plications for precision neutrino oscillation experiments.
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II. ITERATIVE BAYESIAN UNFOLDING AND
ITS STRUCTURAL CONSTRAINTS

Because detectors observe only the final-state particles
produced after complex nuclear interactions and detector
effects, the underlying particle-level distributions must
be inferred statistically. In matrix-based unfolding, the
detector response is represented by a response matrix Rij

defined as

Rij ≈ P (xreco
i | xtrue

j ),

the probability that an event originating in true bin j
is reconstructed in bin i. The observed reconstructed
counts are therefore modeled as

N reco
i =

∑
j

RijN
true
j +Bi,

where Bi denotes the estimated number of background
events in reconstructed bin i. The unfolding problem
consists of estimating the unknown true distribution
N true

j from the measured counts N reco
i .

Direct matrix inversion is generally unstable because
the response matrix is typically ill-conditioned and may
include inefficiencies or bin migrations. Instead, most
neutrino cross-section measurements employ iterative
Bayesian unfolding (IBU), also known as the D’Agostini
method. In this approach, Bayes’ theorem is used to in-
vert the detector response probabilistically. Given the
forward detector mapping P (xreco

i | xtrue
j ), Bayes’ theo-

rem gives

P (xtrue
j | xreco

i ) =
P (xreco

i | xtrue
j )P (xtrue

j )∑
k P (xreco

i | xtrue
k )P (xtrue

k )
.

Substituting the response matrix yields

P (xtrue
j | xreco

i ) =
Rijπj∑
k Rikπk

,

where πj = P (xtrue
j ) is the prior distribution for the true

events, typically obtained from a neutrino event genera-
tor.

Using this conditional probability, the unfolded event
counts can be written as

N̂j =
∑
i

Uji (N
reco
i −Bi) ,

where the effective unfolding operator

Uji ≈ P (xtrue
j | xreco

i )

is determined by the Bayesian update. In general Uji ̸=
R−1

ij ; instead, it represents a probabilistic inversion of
the detector response. The procedure is performed iter-
atively by updating the prior after each step,

π
(t+1)
j =

N̂
(t)
j∑

k N̂
(t)
k

,

allowing the estimate of the true distribution to gradu-
ally approach a stable solution. The number of iterations
therefore acts as a regularization parameter: too few it-
erations retain bias toward the initial prior, while too
many amplify statistical fluctuations.
The unfolded counts are converted into a differential

cross section through

dσ

dxj
=

N̂j

ΦνT ∆xj ϵj
,

where Φν is the integrated neutrino flux, T is the num-
ber of target nuclei, ∆xj is the bin width, and ϵj is the
selection efficiency.
In principle the detector response is a continuous con-

ditional probability density P (x⃗reco | x⃗true). In practice
this mapping is discretized into the finite matrix Rij de-
fined over a limited set of observables. While this dis-
cretization makes the inverse problem computationally
tractable, it introduces several structural limitations.
First, binning reduces dimensionality. Neutrino inter-

actions produce correlated kinematic structures involving
muon momentum, scattering angle, hadronic energy, and
particle multiplicities. When unfolding is performed in a
single observable, the remaining degrees of freedom are
effectively marginalized, and even two-dimensional un-
foldings cannot fully capture these correlations.
Second, finite bin widths introduce discretization bias.

Narrow bins improve resolution but require large simu-
lated samples to maintain statistical stability of the re-
sponse matrix. Limiting the number of iterations sup-
presses statistical fluctuations but increases bias toward
the initial prior, producing the familiar bias–variance
trade-off.
Third, prior dependence is intrinsic to the method. Be-

cause the initial distribution is derived from a neutrino
event generator, differences in nuclear modeling can prop-
agate into the unfolded result, particularly when the un-
folding is strongly regularized.
These limitations reflect the difficulty of representing

a high-dimensional stochastic detector response with a
finite response matrix. As experimental precision im-
proves, this motivates approaches that operate directly
on the underlying probability densities without explicit
binning.

III. UNBINNED LIKELIHOOD-RATIO
LEARNING AND THE OMNIFOLD

FRAMEWORK

The OmniFold method approaches unfolding from a
different perspective by avoiding explicit discretization of
the detector response. Rather than explicitly construct-
ing a discretized response matrix, OmniFold frames un-
folding as a problem of density-ratio estimation between
experimental data and simulated events.
A machine-learning classifier is trained to distinguish

reconstructed experimental events from reconstructed
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simulated events. In doing so the classifier learns a func-
tion proportional to the likelihood ratio

r(x⃗) =
pdata(x⃗)

psim(x⃗)
,

where x⃗ denotes the reconstructed observables. This ra-
tio determines how simulated events must be reweighted
so that their reconstructed distribution matches the ob-
served data.

The resulting weights are applied to simulated events
such that

psim(x⃗) → pdata(x⃗),

and are then propagated to the corresponding particle-
level events. Because detector effects are stochastic, the
procedure alternates between detector-level reweighting
and particle-level reweighting in an iterative loop.

Conceptually, this converts unfolding into a forward-
modeling problem: the particle-level distribution associ-
ated with the iteratively reweighted simulation is inter-
preted as the unfolded estimate of the true distribution.
Because the method only requires evaluating the detec-
tor simulation in the forward direction, it avoids explic-
itly inverting the detector response—eliminating the ill-
conditioned matrix inversion that constrains traditional
approaches.

Unlike matrix-based unfolding, this approach operates
directly on continuous observables and therefore avoids
discretizing the detector response. The neural network
effectively replaces the response matrix with a learned
likelihood ratio in high-dimensional feature space, allow-
ing multidimensional correlations among observables to
be incorporated naturally. Regularization arises from the
iteration procedure and training dynamics rather than
from binning choices.

By replacing the discretized response matrix with
likelihood-ratio learning in continuous feature space, un-
binned methods such as OmniFold provide a framework
capable of preserving multidimensional correlations that
are difficult to capture within traditional matrix-based
approaches.

IV. IMPLICATIONS FOR NEUTRINO PHYSICS

The distinction between IBU and unbinned likelihood-
ratio methods is not merely technical, but structural.
In IBU, detector smearing is explicitly encoded in a fi-
nite matrix defined over selected observables. Conversely,
in OmniFold, the detector mapping is learned implicitly
through the requirement that the reweighted simulation
matches data in a high-dimensional continuous space.

Consequently, the sources of bias and the mechanisms
of regularization differ fundamentally. While IBU bias
arises from finite binning, strict prior dependence, and
iteration truncation, OmniFold’s bias stems from limited

FIG. 2. The OmniFold unfolding procedure. Simulated
particle-level events are passed through a detector simula-
tion to produce reconstructed observables that can be directly
compared with experimental data. A classifier is trained
to distinguish reconstructed data from reconstructed sim-
ulation, allowing the network to learn the likelihood ratio
r(x⃗) = pdata(x⃗)/psim(x⃗). The resulting event weights are
applied to the corresponding particle-level simulated events.
The procedure alternates between detector-level reweight-
ing and particle-level reweighting until the simulated recon-
structed distribution matches the observed data. The un-
folded particle-level distribution is then obtained from the
final weighted simulation sample. From [3].

network capacity, training instabilities, or imperfect op-
timization.

For neutrino-nucleus scattering, the preservation of
multidimensional correlations is uniquely relevant. Com-
plex processes like multinucleon interactions and final-
state interactions couple lepton and hadron kinematics
in nontrivial ways. If unfolding is restricted to a single
lepton variable—as is often practically required in IBU—
hadronic information is marginalized and integrated out.
This potentially embeds theoretical generator assump-
tions directly into the effective response. An unbinned
method that simultaneously incorporates multiple cor-
related observables may better capture these kinematic
structures without artificial data compression.

As a preliminary demonstration, we applied OmniFold
with three iterations to MINERvA charged-current inclu-
sive data, unfolding the muon transverse momentum pµT .
When compared against the standard MINERvA IBU
result and the generator-level truth distribution, the un-
binned method produces a ratio to truth consistent with
unity across the measured range, performing compara-
bly to IBU in this single-variable case. While a one-
dimensional unfolding does not yet exercise the multidi-
mensional advantages of the method, it establishes base-
line consistency and motivates the extension to higher-
dimensional phase spaces where correlations between lep-
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tonic and hadronic observables become important.

At the same time, machine learning-based unfolding
introduces distinct new considerations. Neural networks
require careful validation to avoid overfitting, and statis-
tical uncertainties must be robustly propagated through
the entire training procedure. Interpretability and re-
producibility remain central concerns in precision cross-
section measurements. The absence of explicit binning
does not remove the need for rigorous systematic evalu-
ation of underlying modeling assumptions.

Thus, unbinned methods should not currently be
viewed as drop-in replacements for traditional ap-
proaches without thorough validation in a neutrino-
specific context. Rather, they represent a conceptual ex-
tension that naturally aligns with the high dimensionality
of modern detector data and complex nuclear modeling.

V. DISCUSSION AND OUTLOOK

Future long-baseline neutrino experiments aim to mea-
sure CP violation and the neutrino mass ordering with
unprecedented precision. Achieving these goals requires
cross section measurements with correspondingly small
systematic uncertainties. As experimental precision im-
proves, biases introduced during the unfolding stage will
increasingly limit the accuracy of oscillation measure-
ments.

As discussed in Sections II and III, the structural lim-
itations of matrix-based unfolding—finite binning, prior

dependence, and dimensional compression—become in-
creasingly consequential as experimental precision im-
proves.
Despite these advantages, machine learning–based un-

folding introduces new challenges. Neural networks must
be carefully validated to ensure that they do not simply
reproduce the assumptions embedded in the simulated
training samples. Robust uncertainty propagation, sta-
tistical stability, and reproducibility remain critical re-
quirements for precision measurements.
For neutrino physics, the next step is systematic bench-

marking of unbinned methods against established ap-
proaches. Closure tests, generator stress tests, and com-
parisons across different nuclear interaction models will
be essential for quantifying potential biases and evaluat-
ing uncertainty propagation. Such studies will determine
whether the additional flexibility of machine learning–
based unfolding leads to genuinely improved cross-section
measurements.
The broader methodological shift from low-

dimensional matrix inversion to high-dimensional
likelihood-ratio learning reflects a growing convergence
between particle physics and modern statistical infer-
ence. If validated within neutrino experiments, unbinned
unfolding may provide a powerful framework for extract-
ing physics from increasingly complex detector data in
the precision oscillation era.
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