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Neutrino experiments are currently limited by low statistics, sizable systematic uncertainties, and coarse
observable binning, which can hinder discrimination among competing beyond-the-Standard-Model (BSM)
explanations of anomalous signals. In particular, analyses based primarily on total event-rate differences are
vulnerable to source-normalization uncertainties and to degeneracies among models that induce similar
inclusive yields. Using stopped-pion coherent elastic neutrino-nucleus scattering (CEvNS) as a benchmark
environment, we study how much model-discrimination power can be obtained from correlations in
baseline, recoil energy, and timing that are less sensitive to the total rate. As benchmark BSM scenarios, we
consider a 3 + 1 sterile-neutrino framework and neutral-current nonstandard neutrino interactions (NSI). We
show with a likelihood-based analysis that these scenarios can be distinguished in nontrivial regions of
parameter space once multidimensional shape information is retained. We further demonstrate with
convolutional neural networks that substantial discrimination remains possible even after the total event rate
is explicitly removed from the input, indicating that the relevant information is genuinely encoded in the
shape of the CEvNS distribution. Finally, through multiclass classification within the sterile parameter space,
we show that in favorable regions the same observables can support approximate localization of the
underlying sterile-neutrino benchmark point. Our results highlight the complementary roles of conventional
and machine-learning-based inference in moving neutrino new-physics searches from anomaly detection to

physics interpretation.
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I. INTRODUCTION

Predictions of the neutrino-sector of the Standard Model
(SM) have been confronted with an increasingly broad
program of precision measurements in oscillation, scatter-
ing, and source-based experiments [1,2]. As the number of
precision tests in the neutrino sector continues to grow, it is
becoming increasingly important to develop robust meth-
ods for model selection and parameter estimation tailored
to the challenges inherent in these experiments. In
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particular, the wide landscape of viable new-physics
scenarios makes effective model discrimination an increas-
ingly important task. New-physics signals associated with
neutrinos across a wide range of experiments can arise
from diverse mechanisms. These include, for example,
oscillation-based scenarios involving sterile neutrinos
[3,4] as well as nonoscillation explanations such as
nonstandard neutrino interactions [5] or other modifica-
tions of neutrino production, propagation, and detection.
In general, such scenarios can alter the observed data in
several distinct ways: through a change in the overall event
yield, through distortions in spectral, spatial, and/or
temporal distributions, and through modified flavor struc-
ture. In practice, however, neutrino experiments often
operate in regimes where limited statistics, imperfect flux
knowledge, detector effects, and/or coarse binning reduce
the extent to which these signatures can be cleanly
disentangled. As a result, different new-physics models
may generate qualitatively similar excesses or deficits at
the level of inclusive rates, even when their underlying
dynamical origins are very different.
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This general issue is especially relevant for stopped-pion
neutrino experiments. In these experiments, a high intensity
proton beam with energy ~1 GeV hits a fixed target and the
detectors are kept at a distance ~20 meters from the target.
In many analyses of such facilities, sensitivity has been
driven by 2D likelihood analyses in energy and time [6—10].
Detailed statistical and phenomenological studies [4,11-14]
as well as experimental analyses [10,15,16] have high-
lighted the usefulness of the intrinsic time structure of
stopped-pion sources for new-physics searches: the prompt
v, component and the delayed v, /7, components populate
different timing windows, so that timing information can be
used to perform a partial flavor decomposition and thereby
sharpen sensitivity to nonstandard scenarios. In this sense,
the separation into prompt and delayed samples may already
be viewed as a coarse form of shape-based analysis, built
from correlations among the available observables. This
observation motivates the present study, in which we ask
how much further discriminatory power can be gained by
treating baseline, recoil energy, and timing together within a
more systematic multidimensional inference framework.

For this reason, the question of discovery is only part of a
broader scientific problem. Once one goes beyond inclusive
event counts and begins to exploit shape information
encoded in the available observables, a more refined set
of questions becomes accessible. If an anomalous excess or
deficit is observed in a neutrino experiment, it is essential to
determine not only whether the data prefer a nonstandard
interpretation over the SM, but also which model class is
favored and which region of parameter space is selected by
the data. Such information is critical for connecting the
observed anomaly to other measurements. A preferred
parameter region inferred from one experiment can imply
correlated signals, null tests, or exclusion targets in inde-
pendent experiments, thus sharpening the program of
confirmation and accelerating progress toward a consistent
physical interpretation.

Apart from the motivation provided by possible non-
standard signals at future experiments, several past experi-
ments have also exhibited anomalous results that can
accommodate a range of different model-dependent inter-
pretations, further necessitating the development of new
model discernment methodologies. While many observa-
tions are well described within the standard three-neutrino
framework, several longstanding anomalies and tensions
continue to motivate the exploration of beyond-the-SM
(BSM) physics. Representative examples arise from short-
baseline, pion decay at rest, and reactor experiments.
Notable anomalies include the Liquid Scintillator
Neutrino Detector excess [17] and the MiniBooNE low-
energy excess [18-20]. Results from Short Baseline experi-
ments, such as BEST [21], when combined with SAGE [22]
and GALLEX [23], provide evidence consistent with a 3 +
1 sterile neutrino framework. However, the 3 + 1 scenario is
not preferred by the recent results from MicroBooNE [24].

Although the interpretation of these results remains unset-
tled, they provide concrete motivation for developing
analysis strategies capable not only of identifying departures
from standard expectations but also of determining which
classes of new-physics scenarios may account for an
observed signal.

Recent years have also seen the widespread application of
machine-learning (ML) techniques to neutrino physics [25—
35]. In many contexts, ML has demonstrated excellent
performance in event classification, background rejection,
and high-dimensional feature extraction (see e.g.,
[36-38]). This naturally raises an important question for
neutrino-sector new-physics searches: beyond improving
signal sensitivity or detecting anomalous behaviors, can ML
methods also enhance our ability to identify the underlying
model responsible for a deviation from the SM, and to infer
the corresponding parameter point with meaningful preci-
sion? Addressing this question requires going beyond a
binary signal-versus-background framework and instead
treating the problem as one of structured inference in a
multidimensional observable space. Related ML approaches
have also recently been explored for model discrimination
in collider settings, including at the LHC [39—41].

In this work, we investigate these issues in the context of
sterile-neutrino-induced and/or nonstandard neutrino inter-
action-induced modifications to coherent elastic neutrino-
nucleus scattering (CEvNS) at stopped-pion neutrino
sources. This environment is particularly well-suited to
the present study. Because the neutrino production mecha-
nism is time structured (charged-pion-induced prompt
neutrino signals vs muon-induced delayed ones), and
because detectors can in principle be deployed at multiple
baselines, the signal is encoded not only in the total event
rate but also in the correlated shapes of the recoil-energy,
timing, and baseline distributions. These observables pro-
vide a richer arena for model discrimination than rate-only
measurements and allow one to test how effectively differ-
ent analysis strategies extract nonstandard information
from realistic datasets.

Our study has two primary goals. First, we apply both a
traditional likelihood-based analysis as well as a ML-based
analysis to determine their ability to distinguish sterile-
neutrino scenarios from alternative nonstandard interaction
(NSI) scenarios. This allows us to assess model discrimi-
nation power using both conventional and high-dimen-
sional methods within a common benchmark framework.
Second, within the sterile-neutrino hypothesis itself for
illustration, we study how well one can identify the
underlying parameter point from the observed CEvNS
data, including a multiclass classification strategy for
approximate localization within the sterile parameter
space. In other words, we examine not only whether a
nonstandard signal can be detected, but also how accu-
rately the relevant model parameters can be reconstructed
once such a signal is present.
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The broader aim is to clarify the role that modern
inference tools can play in moving neutrino new-physics
searches from anomaly detection to physics interpretation
and, in favorable cases, toward approximate parameter-
space localization. If successful, such methods can provide
a pathway from an observed deviation, to a favored model
hypothesis, to concrete predictions for independent exper-
imental confirmation. All of the techniques that we are
developing can also be applied to distinguish light dark
matter scenarios from those involving NSI and sterile
neutrinos discussed so far.

The rest of this paper is structured as follows. In Sec. II,
we introduce the benchmark physics setup used throughout
this work, including CEVNS at stopped-pion sources, the
benchmark sterile-neutrino and NSI scenarios, and the
statistical framework for constructing the binned event
distributions. In Sec. III, we present a conventional like-
lihood-based analysis and quantify the resulting model-
discrimination reach in the benchmark parameter space. In
Sec. IV, we describe the common neural-network architec-
ture and training procedure adopted for the ML studies. In
Sec. V, we report the results of two complementary ML
tasks: binary classification for model discrimination
between the sterile-neutrino and best-fit NSI hypotheses,
and multiclass classification for identifying the underlying
region of sterile-neutrino parameter space. Finally, in
Sec. VI, we summarize our main findings and discuss their
implications for future neutrino and dark-sector searches.

II. BENCHMARK PHYSICS CASES

Before outlining the analysis framework and presenting
our main results, we first specify the benchmark scenarios
that will serve as the basis of our study. As briefly discussed
in the Introduction, we focus on neutrino-induced CEvNS
signals at stopped-pion neutrino experiments and consider
the possibility that observable deviations from the standard
three-neutrino prediction originate from nonstandard neu-
trino physics. As representative examples, we study the
3+ 1 sterile-neutrino oscillation scenario and scenarios
with NSIs.

A. CEvNS at stopped-pion sources

To study model discrimination and parameter inference
in a controlled setting, we consider benchmark CEvNS
signals induced by neutrinos from stopped-pion sources.
Specifically, we envision a (hypothetical) experimental
configuration consisting of multiple CsI detectors placed at
different baselines from the neutrino source. This setup is
motivated by existing and proposed stopped-pion neutrino
programs, such as COHERENT at Oak Ridge National
Laboratory [8], Coherent CAPTAIN-Mills (CCM) at Los
Alamos National Laboratory [10], and the Search for
Hidden Neutrinos at the European Spallation Source
[42], as well as other forms of experiments designed to

detect CEUNS [43,44]. In addition to its previous runs with
Csl and LAr, the COHERENT collaboration is currently
operating, or plans to operate Nal, Ge, Neon, Csl, and
LAr detectors, all located at distances of approximately
19-28 meters [45]. The CCM experiment is likewise
planning to deploy multiton segmented CsI detectors in
addition to its ongoing L Ar detector [46]. Our purpose here
is not to model any one experiment in complete detail, but
rather to define a realistic benchmark environment in
which baseline, recoil-energy, and timing information
can all be exploited simultaneously.

In stopped-pion neutrino experiments, intense GeV-scale
proton beams strike a target and copiously produce charged
pions. The 7z~ rapidly lose energy and are typically
captured before decaying, while the z+ come to rest and
decay via z* — u*v,. The decay product " subsequently
also stops and decays through u* — e*v,7,, thereby
yielding the characteristic neutrino flux of stopped-pion
sources. The two-body and three-body nature of z and p™*
decays, respectively, implies that the v, spectrum is mono-
energetic while the 7, and v, spectra span a continuous
range of energies. Specifically, the differential fluxes for
each source component are given as follows:

dq)y m2 — m2

L= NS|E, ——2—*#), 1
dE,, N < K 2m, > (1)
do; 16

L= N — (B3m,E2 —4E3), 2
dE;, Nmi( ks, —4E;,) (2)
d® 96

“=N—(m,El —2E}), 3
dE, N o (m,Ej, v 3)

where N is the normalization parameter given by AN =
rNpor/(4nL?) with r, Npor, and L denoting the pion
production fraction, the number of protons on target (POT),
and the source-to-detector distance, respectively. For our
benchmark scenario, we take » = 0.05 and Npgr = 1072 in
Sec. III and Sec. VA, while scaling up both Npgr and the
detector masses by another factor of 10 each in Sec. VB
relative to the values described here. For reference, the
spallation neutron source (SNS) used by COHERENT runs
at 60 Hz with 1.5 x 10'* POT per pulse [47], which yields
10?> POT in approximately 13 days of live-time. The
baseline L varies for each detector in the experiment. We
assume a setup consisting of several equal-mass 50 kg CsI
detectors logarithmically distributed in length between 5m
and 25m from the neutrino source.

Equally important for our purposes is the time structure
of the neutrino source. Because the pion lifetime (~26 ns in
the rest frame) is much shorter than the muon lifetime
(~2.2 ps in the rest frame), the prompt v, component is
temporally separated from the delayed v, and 7, compo-
nents. We model the timing distributions as
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do, 1 ' (f —a)? (t—=1)
“_ _ _ dr,
ar brﬂml eXp( 27 )e"p ( 2 ) ’
(4)

d®g, ) 1 [1dP, (t—1)
wte) _ “exp - ar, (5
dt T”A dr exp( T > )

I

where 7, and 7, denote the pion and muon lifetimes, while
a and b parametrize the proton-pulse time profile. In our
benchmark setup, these timing parameters are taken from
the SNS timing structure, for consistency with the
COHERENT analysis [8].

Since both n* and u™ decay at rest, the resulting
neutrinos are emitted isotropically. They reach the Csl
detector of interest, and scatter off the cesium and iodine
nuclei primarily via the CEvNS process, which involves the
neutral current and is approximately flavor agnostic.
[48,49]. The differential cross section with respect to the
nuclear recoil energy E, is given by [48-50]

do  GL0wM ME E\2
— ==V P @) |1 - 4 1-= 6
i~ e - () (-5) ] o

where M is the total mass of the target nucleus, E, is the
incoming neutrino energy, and F(g*) parametrizes the
nuclear form factor that encodes the loss of coherence at
finite momentum transfer ¢, for which the Helm form factor
[51] is commonly adopted. The effective SM vector charge
is Oy = (29, + 94)Z + (9u + 294)N, where g, and g, are
the vector couplings to the u- and d-type quarks, and Z and
N are respectively the proton and neutron numbers of the
nucleus under consideration.

A key advantage of the CEUNS process, and the detectors
designed to measure it, is their ability to measure low-
energy recoils while maintaining a significant detector mass.
This is crucial for taking advantage of the cross section
boost in the low-energy regime, which also scales quad-
ratically (proportional to the neutron count squared) with the
size of the target nucleus. However, one downside of such
detectors is that they are unable to directly recover the
incident neutrino energy, because the scattering angle is not
measured. As such, if a neutrino source presents a con-
tinuous spectrum, there will be smearing of the oscillation
response. However, this can be mitigated by binning in the
recoil energy, and more energetic neutrinos are still likely to
produce harder scatters, on average [52]. This also high-
lights the advantage of binning in time, since timing
information can help disentangle the discrete (monochro-
matic) and continuous spectral components of the neutrino
source. In particular, the oscillation response of the mono-
chromatic component does not suffer from the smearing
described above.

The key point is that this framework provides three
complementary observables: recoil-energy spectra, timing

distributions, and variation with detectors placed across
multiple length baselines. These observables respond
differently to changes in neutrino flavor content, oscillation
parameters, and interaction structure. Consequently, even
when different new-physics scenarios generate similar
modifications to the total event rate, they may still be
distinguishable once the full multidimensional information
is incorporated. This is precisely the feature that makes
stopped-pion CEUNS a useful benchmark for the like-
lihood-based and machine-learning-based analyses pre-
sented in the following sections.

B. Benchmark BSM scenarios

To study model discrimination and parameter recons-
truction in a controlled setting, we consider benchmark
datasets generated under the SM and two representative
BSM scenarios.

1. Benchmark I: 3 + 1 sterile-neutrino oscillation scenario

As our first benchmark new-physics framework, we
consider the 3 4 1 sterile-neutrino scenario. In this exten-
sion of the standard three-neutrino picture, the active
neutrino sector is supplemented by one additional, pre-
dominantly sterile, mass eigenstate v4. The corresponding
leptonic mixing matrix is then enlarged from a 3 x 3 matrix
to a 4 x 4 matrix. At short baselines, where the oscillation
effects driven by Am3, and Am3, can be neglected, the
phenomenology is controlled primarily by the larger mass-
squared splitting

Amjy = mj —m3, (7)

together with the mixing matrix elements U 4 involving the
fourth mass eigenstate, where @ = e, y, 7.

In the short-baseline limit, the oscillation probabilities
take a two-flavorlike form. For appearance channels
(a # ), one has

AmﬁlL

Pus(E,. L) = sin229aﬁsin2< iE >, (a#p), (8)

14

whereas for disappearance channels,

Am3 L
Py (E,, L) = 1 —sin®26,, sin’ (%) )

The effective mixing amplitudes are given by

sin229aﬂ = 4’Ua4|2|Uﬂ4

2, (a#ph).  (10)
and

Sin2 29(1{1 = 4|U(l4|2(1 - |Ua4|2)' (1 1)

075002-4



ANALYTICAL AND MACHINE LEARNING METHODS FOR...

PHYS. REV. D 114, 075002 (2026)

In the stopped-pion CEUNS setup considered here, the
neutrino source consists of prompt v, and delayed v, and 0,
components. Since CEvNS is a neutral-current process and
is therefore not directly sensitive to the flavor identity
among active neutrinos, the dominant observable effect of
sterile mixing arises from the depletion of the active
neutrino flux through oscillations into the sterile state.
Consequently, the relevant parameters for our analysis are
primarily Amj,, |U.|? and |U,[*. For simplicity, and
because the source does not contain an initial v, compo-
nent, we set |U|* = 0 throughout this study.

This benchmark scenario provides a well-motivated and
economical test case for our analysis framework. It gen-
erates characteristic distortions in the baseline and energy
dependence of the CEvNS event distribution, while the
prompt-delayed timing structure of stopped-pion sources
allows the effects associated with the v, and v, /7, source
components to be partially disentangled. These features
make the 3 + 1 framework a useful benchmark for assessing
both model discrimination and parameter reconstruction.

2. Benchmark II: Neutral-current NSIs

As the second benchmark new-physics framework, we
consider neutral-current NSIs of neutrinos with quarks. In a
model-independent low-energy description, such effects
can be parametrized by effective four-fermion operators
that modify the neutrino-matter interaction strength relative
to the SM. The corresponding effective Lagrangian is
written as [5]

Lns1 = _2\/§GFe£g(Da70PLUﬂ)(fYGPHf)’ (12)
where a, f = e, u, t label neutrino flavors, f denotes the
matter fermion, and H = L, R specifies the chirality of the
fermion current. For CEvNS, the relevant target constitu-
ents are the light quarks u and d, and only the vector
combinations eéﬂ = ef Ly ef of contribute coherently at
leading order. In this sense, CEwNS provides a particularly
clean probe of neutral-current NSI.

The presence of NSI modifies the effective weak charge
of the nucleus and, consequently, the CEvNS event rate.
For an incident neutrino of flavor a, the squared effective
coupling becomes

CEvN S
N =22
a

Y=Vyslyle

(08°1)? = ([2(g9u + €t) + (92 + €)1 Z

+ (9. + SZX) + 2(9d +e4)IN)?

+ﬂ§: [(2e1) + eV Z + (en + 22 )N, (13)

Here the diagonal couplings ely shift the flavor-conserving
interaction strength, while the off-diagonal couplings ef;;

with a # f correspond to flavor-changing neutral-current
NSI. In both cases, the observable consequence is a
modification of the CEvNS rate and its distribution across
the multidimensional observable space used in our analysis.

In contrast to the sterile-neutrino scenario, where the
leading CEUNS signature is primarily a depletion of the
active neutrino flux through oscillations into a sterile state,
neutral-current NSI directly alter the interaction strength of
active neutrinos with the detector material. As a result, NSI
can generate distortions that differ in both normalization and
flavor dependence. In the stopped-pion CEvNS environ-
ment considered here, this is particularly relevant because
the prompt v, component and the delayed v,/7, compo-
nents populate different regions of the timing distribution.
Their contributions can therefore be weighted differently in
the presence of flavor-dependent NSI couplings.

This makes neutral-current NSI a useful benchmark
complementary to the 3+ 1 sterile-neutrino scenario.
While both frameworks can induce deviations from the
SM expectation in CEvNS observables, the working mech-
anisms are physically distinct: sterile mixing modifies the
active neutrino flux reaching the detector, whereas NSI
modify the scattering response of the detector to the incident
active flux. The degree to which these mechanisms can be
distinguished forms one of the central questions of the
present study.

C. Statistical framework

We now specify the statistical framework used to
generate and analyze the benchmark event distributions.
For a given choice of model parameters—denoted by s for
the 3 4 1 sterile-neutrino scenario and by € for the NSI
scenario—the predicted CEvNS yield is computed in bins
of detector baseline, reconstructed recoil energy, and event
time. The corresponding expected number of events in each
bin is written as

Z N,ﬂ/dt/dErec

X/dEtrue/dE}/eT(t)eE(Erec)PE(ErecvEtrue)

P_GE L)cﬂcp
X JR) [
Bt g dr

dﬁaﬁ

14
E
( dE, true

t,L;)——

yo b

(€, Eqye. E, ). (14)
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The labels {i, j, k} denote the binning in length, energy,
and time, respectively. The numbers of bins in each
dimension vary in this analysis, but binning in length is
always distributed from 5Sm to 25m, while binning in recoil
energy and timing are always distributed over the ranges
defined in the COHERENT Csl experiment [8]. In this
analysis, several scenarios are simulated for different
binning choices, with length and energy each ranging from
having 1 bin to being divided among 9 bins and time
ranging from 1 to 3 bins. For the chosen range in length and
the value of Npgr assumed in Sec. III and Sec. VA, the
detectors closest to the source can have ~O(10) — O(100)
counts in each bin and the detectors farthest from the source
can have ~O(1) — O(10) counts in each bin depending on
the granularity of the chosen binning. In Sec. V B, the
detector mass and Npgr are each increased by a factor of
10, meaning these bin counts will be scaled up by a factor
of 102. The subscripts on the dt and dE,. integrals indicate
that the integrations are performed over the time and
reconstructed-energy ranges corresponding to the kth tim-
ing bin and the jth E.. bin, respectively. The integration
over the true nuclear recoil energy, E ., goes from 0 to the
approximate maximum recoil energy of 2E§ /M for nucleus
mass M, with E, in the upper bound taken to be m, /2.
The integration over the neutrino energy E, goes from the
approximate minimum neutrino energy required to induce

a recoﬂ v/ mEy./2 to the maximum neutrino energy
~m,/ 2.!

The quantity N ip 18 the number of target nuclei of
species f in detector i, and L; is the corresponding source-

o,
i, - represents the differ-

ential neutrino flux from the source for initial flavor
y€{v,.0,.v}, including its characteristic energy and
timing structure at stopped-pion facilities.

The oscillation factor P,,(5, E,, L;) gives the probability
that a neutrino produced in flavor state y is detected as
flavor a after propagating a distance L;. In the sterile-
neutrino benchmark, this is the quantity that encodes the
dependence on the parameters 5. By contrast, the differ-

to-detector distance. The factor

d”a/i
dE e

NSI parameters € through the modified CEvNS interaction
strength discussed above. The functions €7 () and ez (E,.)
account for the detector efficiencies in timing and recon-
structed energy. For simplicity, we simply take e7(¢) = 1

ential cross section

contains the dependence on the

'For o v, and v, from the ;ﬁ decay at rest, the neutrino energy is
bounded from above at =

<, which can be well approximated to

2m
m, /2 in the m, < m, 11m1t, Using this approximation has no
practical impact on our results. For v, from the #t decay at rest,

the neutrino energy is single-valued at 2% which lies below

this maximum energy. Since the v, energy distribution is
o-functionlike as in Eq. (1), taking thls integration range does
not affect the results in practice.

and take €z (E,..) to be a step function at 6.7 keV. Finally,
Pg(Eyc, Eire) denotes the detector response function, i.e.,
the probability density for reconstructing an event with
energy E.. given a true recoil energy E,. For this
response function, we use the formulation given by
COHERENT for their CsI CEvNS detection [8].

Equation (14) therefore provides a unified description of
the expected multidimensional event distribution in the
presence of either sterile-neutrino oscillations or neutral-
current NSI. In the SM limit, one simply recovers the
corresponding  expression by setting P,, = J,,, the
Kronecker delta function, and replacing the cross section
with its standard CEvNS form. This binned event predic-
tion serves as the basic input for both the conventional
likelihood analysis and the ML-based inference discussed
in the following sections.

II1. LIKELIHOOD-BASED MODEL
DISCRIMINATION

We first assess the extent to which the benchmark sterile-
neutrino and NSI scenarios can be distinguished using a
conventional likelihood-based analysis. To this end, we
construct a binned likelihood for the CEUNS event dis-
tribution and compare competing hypotheses using the
Bayesian information criterion (BIC) [53]. This provides a
baseline, non-ML approach against which the performance
of more flexible inference strategies can later be compared.

A. Likelihood construction and benchmark setup

Our analysis is based on the binned CEvNS event
prediction introduced in Sec. II. For a given hypothesis,
the expected number of events in bin (i, j, k) is denoted by

Aije = (1 + NGNS (5, €), (15)
where 7 is a nuisance parameter that accounts primarily for
the overall neutrino-flux normalization uncertainty. The
corresponding likelihood for a dataset with observed counts
NP is then written as

Nobs

I/kﬂ ’ﬂ‘ —7’]2/(20',2,>
/ H Obb ' 5 d’]? (16)
(i.j.k) uk \/ 270y,

where a mean-zero Gaussian prior with known standard
deviation o, (derived from the experimental setup) is used
on 5 and the product is over the total number of bins in
length, energy, and time, which we denote as n;, ng, and
nr. In what follows, the observed counts are taken from
simulated benchmark data generated under a chosen model
hypothesis, represented either by Sg.. for the sterile-
neutrino scenario or by €. for the NSI scenario.

To compare competing hypotheses, we use the Bayesian
information criterion,
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BIC = kInN —=2InL,,,. (17)

where k is the number of free model parameters, N =
ny X ng X ny is the total number of bins in the observed
dataset, and L, is the maximum of the likelihood given in
(16), achieved under the hypothesis being tested. The
preferred model is identified as the one with the smaller
BIC value. For convenience, we also define the corre-
sponding relative likelihood weight

L(x) = exp <7B1Cm2m x>’ (18)

where BIC,;, denotes the smallest BIC value among the
candidate hypotheses for the dataset under consideration,
and x is the BIC value generated using the best-fit dataset of
a given hypothesis. This quantity maps the BIC difference
with respect to the best-fitting model onto the interval
(0, 1]. In the present analysis, we consider two competing
hypotheses, namely the sterile-neutrino and NSI scenarios,
such that

BIC,, = min (BICgiie, BICys1), (19)

within which the SM is a special case with the BSM model
parameters being zero. Therefore, if a pseudodataset is
generated under the sterile-neutrino hypothesis, one typi-
cally has BIC,;, = BIC;e, Which implies L=
L(BIC i) =1 and Lyg = L(BICyg;) = exp (—ABIC/2)
with ABIC = |BICyg; — BIC1|- For reference, ABIC
values of 2 and 5—corresponding to relative likelihoods
below ~0.37 and ~0.08—are indicative benchmarks for
moderate and stronger levels of distinguishability [53].
Since one of the goals of this analysis is distinguish
between models on the basis of shape information rather
than total rate, one could consider defining a different
likelihood than that of Eq. (16) to separate the likelihood
from the total rate information. This could be done by
instead defining a multinomial likelihood of the form

NCENS\ NoR
ik
[’mult & 1\7
(i.j.k) Total

where Nrt., is the total event rate of the model. This
removes the normalization of the model’s total rate, which
additionally removes the flux uncertainty represented by #
in Eq. (16). Multinomial likelihoods are equivalent to
Poisson likelihoods up to a model-dependent factor that
is determined by the model’s total rate. Calling this factor
A(Ntoa) and ignoring the flux uncertainty 7, we have the
relation £ ~ A(Nygw ) Lmu- When calculating the BIC
difference between models in the exponential of Eq. (18),
the value of N, for each of the models considered in this
analysis will always be very similar (as the pseudo-observed

, (20)

datasets are generated from sterile neutrino hypotheses and
NSI models are always capable of matching the resulting
total rate deficit). The result is that the factors involving
A(Now) cancel when calculating the relative likelihood,
and the analysis performed here is equivalent regardless of
whether one chooses Eq. (16) or Eq. (20) for the likelihood.
The one difference that can have an effect is the inclusion of
the flux uncertainty in Eq. (16), however, we have con-
firmed in our testing that the results are indistinguishable
between either choice.

For the illustrative model-comparison study presented in
this section, we restrict attention to two-dimensional
parameter subsets of the benchmark new-physics scenarios
introduced in Sec. I B. On the sterile-neutrino side, we
consider

3choice = {|Ue4|27 Am%l}’ (21)

while on the NSI side we consider
gchoice = {egf‘:‘/’ 6?;/} (22)

Both models therefore have a value of k =2 in Eq. (17).
This restricted setup is sufficient to illustrate how the
likelihood-based framework responds to two physically
distinct mechanisms for generating deviations from the SM
expectation. For the purpose of the analyses in this study,
we use a sterile-neutrino parameter space window of
1072 = 1 in |U4|* and 107! — 10% in Am3,. For NSI, we
use a window of —1 to 1 in both parameters.

For each point in the chosen sterile-neutrino parameter
window, we generate the corresponding mean CEvNS
dataset, as given in Eq. (15) for n =0, for a specified
binning in baseline, recoil energy, and event time. We then
fit the NSI hypothesis to this sterile-generated dataset using
MultiNest [54—56], taking the flux-normalization uncertainty
in Eq. (16) to be o, =0.10 in accordance with the
systematic flux uncertainty estimated by COHERENT
[57]. From the selected sterile point and the best NSI
hypothesis, we compute the corresponding BIC values and
the relative likelihood defined in Eq. (18). By repeating this
procedure across the scanned sterile-neutrino parameter
space, we obtain a map of the regions in which the sterile
benchmark can be distinguished from its best-fitting NSI
counterpart for a given experimental configuration and
binning choice.

B. Discrimination reach in benchmark parameter space

The resulting discrimination reach is shown in Fig. 1 for
several representative binning choices. In each panel, the
entries in braces indicate the numbers of bins used in
baseline, recoil energy, and timing, respectively. In this case,
the discrimination power is given by Lyg;, Which determines
the color code in Fig. 1. The plotted relative likelihood
weights therefore visualize how strongly a sterile-generated
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FIG. 1. Discrimination power between the NSI hypothesis

and sterile-generated data in the v,-coupled sterile benchmark
parameter space, shown for several binning configurations.
The entries in braces indicate the numbers of bins in
{Length, Energy, Time}.

dataset favors the sterile interpretation over the best-fitting
NSI alternative across the benchmark parameter space.
Equivalently, darker regions correspond to smaller values
of Lysr and hence to stronger discrimination against the NSI
hypothesis.

Several qualitative trends are immediately apparent. As
expected, the fully inclusive {1,1,1} binning provides
essentially no discriminatory power, since once all events
are collapsed into a single counting bin, the sterile and NSI
hypotheses can mimic one another modulo the level of the
total event rate. In contrast, once multidimensional shape

1.0

-1.0

0.4 0.6 0.8
uv
gee

FIG. 2. Mappings of best-fit NSI points from the sterile-
neutrino model points sampled in Fig. 1(h), colored according
to their Lyg; values compared against their corresponding sterile-
neutrino datasets. The 99% excluded regions from a parameter
scan of a SM projected dataset are shown in gray for reference.

information is retained, the oscillatory structure character-
istic of the sterile-neutrino scenario cannot, in general, be
reproduced by the NSI benchmark, and substantial regions
of parameter space become distinguishable.

The improvement is especially pronounced when the
binning in baseline and recoil energy is refined. This
behavior is physically well motivated: in the sterile-neutrino
case, the signal is governed by an oscillation pattern that
depends directly on L/E,, so resolving the baseline and
energy dependence is essential for exposing the character-
istic departures from the NSI hypothesis. By comparison,
increasing the number of timing bins yields a more modest
improvement. Timing information remains useful, particu-
larly because it partially separates the prompt and delayed
source components, but in the benchmark setup studied here
it is not as powerful a discriminator as the baseline and
energy dependence.

Figure 2 shows a complementary view of the likelihood-
based analysis by showing the points of the NSI parameter
space that are selected as best-fits to their corresponding
sterile-neutrino model points displayed in Fig. 1(h). The
points are colored according to their corresponding values
of Lysi- The excluded regions for an NSI parameter scan
under a SM projected dataset are shown in gray at
99% confidence, for reference. The excluded regions exhibit
a characteristic double band structure, showing two allowed
regions that lie around lines in the parameter space for
which the resulting modifications in Eq. (13) give similar
rates to the SM. For sterile-neutrino model points with
insignificant oscillation effects and very little rate deficit
relative to SM, the best-fit NSI solutions tend to lie close to
the central trajectory of one of the two allowed NSI bands.
For these points, distinguishability is naturally challenging
as very little indication of nonstandard effects are present in
the data. By contrast, for sterile-neutrino model points with
statistically more pronounced oscillatory structures, the
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best-fit NSI points are often displaced away from these
central regions. This indicates that the parameter scans for
those points are attempting to account for the total rate
deficit imposed by the sterile-neutrino model via the NSI.
The fact that many such points nevertheless yield very small
values of Lyg; make clear that the distinguishability shown
in Fig. 1 is not driven solely by inclusive rate effects, but
also by shape information that the NSI cannot faithfully
account for.

Taken together, these results show that even a conven-
tional likelihood-based analysis can distinguish the two
benchmark BSM scenarios in nontrivial regions of param-
eter space, provided that sufficient multidimensional infor-
mation is retained. This establishes a useful baseline for the
ML-based analyses presented in the following sections,
where we examine whether more flexible inference meth-
ods can further enhance both model discrimination and
parameter reconstruction.

IV. NEURAL NETWORK ARCHITECTURE
AND TRAINING

The ML analyses that will be presented in Sec. VA and
Sec. VB are based on a common neural-network archi-
tecture and training procedure, which we summarize here.
In our study, the binned CEvNS event distributions may be
viewed as imagelike objects: the events are organized in
bins of baseline, reconstructed recoil energy, and timing,
which play roles analogous to the two pixel dimensions and
three color channels of an image. This representation
makes convolutional neural networks (CNNs) a natural
choice for the classification tasks considered here, in close
analogy with their widespread use in neutrino-event clas-
sification and reconstruction [26—33].2

For a given binning choice {n;,ng,ny} in baseline,
energy, and time, each pseudodataset is represented as an
array of shape n; X ng x ny. The baseline-energy plane is
treated as a two-dimensional image, while the timing bins
are interpreted as color channels. To process these inputs,
we employ a shallow CNN implemented in the Keras

*Other network architectures (e.g., graph neural networks)
could also be employed with appropriately processed data.
However, comparing the performance of different network
architectures is beyond the scope of this study.

deep-learning Application Programming Interface [58]. The
network begins with an input layer matching the dimensions
of the binned CEvNS tensor, followed by a two-dimensional
convolutional layer with 4 filters and a kernel size of 2 x 2,
using the ReLU activation function. Batch-normalization
layers are inserted between successive stages to stabilize
training. The convolutional stage is followed by a two-
dimensional max-pooling layer, a dropout layer with rate
0.5 to curtail overtraining, and a final classification layer.
For the binary-classification task in Sec. VA, the output
layer contains two output nodes with softmax activation,
corresponding to the sterile and NSI classes. For the
multiclass task in Sec. V B, the number of output nodes
is chosen to match the number of classes and a softmax
activation is used. To ensure compatibility across different
binning choices, padding (empty cells) is applied to the
input when necessary so that the same network architecture
can be used throughout the analysis. A schematic of the
chosen architecture is shown in Fig. 3.

The training data are constructed from pseudodatasets
generated around the mean event predictions of the bench-
mark model points. Starting from the mean CEvUNS dis-
tribution for a given point in parameter space, we generate
large samples of fluctuated binned datasets, which are then
labeled according to the underlying model hypothesis. In
the current implementation, the fluctuations are applied
independently to each bin using Poisson distributions. To
focus the network on differences in multidimensional shape
rather than on inclusive normalization, all pseudodatasets
are renormalized to a common total event rate before being
passed to the classifier. The ML analysis is therefore
intentionally insensitive to total-rate information and instead
probes the discriminating power contained in the baseline-
energy-timing structure of the CEvNS signal. In particular,
we emphasize that this is not intended as performance
comparison relative to the likelihood-based analysis, but
rather as a complementary method that is demonstrated in
this different context. The purpose is to emphasize what
discrimination power is available to the neural network
above and beyond standard approaches based on total rate.

Because the dominant flux-normalization uncertainty is
largely removed by this normalization, the pseudodatasets
are fluctuated according to Poisson distributions only, with
the mean of the distribution used for each bin determined
by the number of counts in each bin before renormalization
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to a common event rate. In this sense, the total event rate
still has an influence on the neural network results via the
significance of these bin-by-bin fluctuations, although
model distinguishability is still being driven by shape
effects and correlations in baseline, energy, and time.

The resulting ensemble of labeled pseudodatasets is then
used for supervised training. The network is trained for 5
epochs in Sec. VA and 10 epochs in Sec. VB, with a
validation split of 15%. We use Keras’s categorical cross-
entropy loss function and the Adam optimizer during
training. After training, the network performance is evalu-
ated on an independently generated test sample of fluc-
tuated pseudodatasets that is not used during training or
validation. This is done to limit possible overfitting or bias.
As mentioned earlier, the same architecture and training
strategy are applied to the binary and multiclass classi-
fication problems described in Sec. VA and Sec. VB,
respectively.

V. MACHINE-LEARNING-BASED MODEL
DISCRIMINATION

We now present the results of the ML-based analyses
introduced in the previous section. As discussed above, the
binned CEvNS event distributions are treated as imagelike
inputs to a CNN, allowing the classifier to learn discrimi-
nating features directly from the multidimensional base-
line-energy-timing structure of the signal. We consider two
complementary tasks: binary classification between the
sterile-neutrino and best-fit NSI hypotheses, and multiclass
classification aimed at resolving different regions of the
underlying parameter space.

A. Machine-learning-based binary classification

We begin with the binary-classification task, in which the
network is trained to distinguish sterile-generated CEvNS
datasets from those generated under the corresponding
best-fit NSI hypothesis. For each point in the scanned
sterile-neutrino parameter space, an independent classifier
is trained and tested, allowing the classification perfor-
mance to be mapped directly onto the benchmark parameter
space. In this way, the binary-classification analysis pro-
vides a measure of how readily the sterile and NSI
scenarios can be separated using the shape information
contained in the binned event distributions alone.

For each point in the scanned sterile-neutrino parameter
space, we first identify the corresponding best-fit NSI point
again using MultiNest [54-56]. Following the pseudodata
generation procedure described in Sec. IV, we then con-
struct training samples for the binary task from 10*
fluctuated datasets generated under the sterile benchmark
point and an equal number generated under its best-fit NSI
counterpart, yielding a balanced set of training samples. A
separate neural network is trained for each sterile bench-
mark point. The trained network is evaluated on an

independently generated held-out test sample consisting
of equal numbers of sterile-generated and NSI-generated
pseudodatasets. The classification accuracy is then defined
in the standard way as the fraction of correctly classified
examples in this balanced binary test set,

Accuracy _ Ncorrect _ Nsterile—»sterile + NNSI—>NSI , (23)

Ntest Nsterile + NNSI

where Nerijomsierile @ld Nnsi—nst denote the numbers of
correctly classified sterile and NSI test samples, respec-
tively. In the present setup, the held-out test sample contains
100 pseudodatasets from each class, so that N = 200. An
accuracy of 0.5 therefore corresponds to no effective
discrimination on the balanced test set (i.e., random
guessing), while an accuracy of 1.0 corresponds to perfect
separation between the sterile and NSI hypotheses. Higher
accuracy therefore indicates that the trained network more
reliably distinguishes sterile-generated datasets from those
generated under the best-fit NSI alternative, (or vice versa).
The resulting classification accuracies across the sterile
parameter space are shown in Fig. 4 for several represen-
tative binning choices, labeled by the numbers of bins
in {baseline, energy, time}. The classification accuracy
shown by the gray color scale ranges from 0.5 to 1.0.

Overall, the binary-classification maps exhibit qualita-
tive trends similar to those found in the likelihood-based
analysis, providing a useful cross-check that the network is
responding to the same underlying physical structure of the
signal. More importantly, however, the present results
demonstrate that substantial model-discrimination power
remains even after the total event rate has been explicitly
removed from the input. The CNN is therefore not relying
on inclusive normalization differences, but is instead
learning features associated with the multidimensional
shape of the CEvNS distribution.

This point is particularly significant in the present
context. In the sterile-neutrino benchmark, the dominant
departures from the NSI hypothesis arise through corre-
lated distortions in the baseline and recoil-energy depend-
ence of the signal, with timing information playing a
secondary but still useful role. The fact that the classifier
achieves high accuracy over substantial regions of param-
eter space indicates that these oscillation-induced shape
features are sufficiently distinctive to support robust model
separation on their own. From this perspective, the
ML-based binary analysis should be viewed not merely
as a repetition of the likelihood-based study, but as
evidence that the discriminatory information is genuinely
encoded in the shape of the data. This is encouraging for
applications in which normalization uncertainties are large
or challenging to control (for example, at reactor neutrino
sources), since it suggests that rate-insensitive inference
strategies may still provide meaningful separation between
competing new-physics scenarios.
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FIG. 4. Classification accuracy for the binary classification
between NSI data and data from points of the v,-coupled
sterile model space. Several binning configurations are shown,
indicating the number of bins in each dimension as
{Length, Energy, Time}. The accuracy is shown ranging from
0.5 (random guessing) to 1.0 (perfect accuracy).

One may also consider the reverse construction, namely
generating pseudodatasets from selected points in the NSI
parameter space, determining the corresponding best-fit
sterile-neutrino points, and then training the network to
discriminate between fluctuations of each NSI benchmark
and its sterile counterpart. We do not pursue that analysis in
this study. In the restricted benchmark setup adopted here,
the reverse exercise is expected to be less informative than
the sterile-generated study shown in Fig. 4. This is because
for many of the NSI points considered here, the dominant
observable effect is a change in the effective v, scattering

rate, which can often be approximately mimicked by a
sterile-neutrino hypothesis if the oscillation pattern is
sufficiently washed out over the experimentally accessible
range. In such cases, the reverse scan would be dominated
by regions with limited shape-based discrimination, while
requiring a substantially larger computational cost. For this
reason, we focus on the sterile-generated construction,
where the physically distinctive oscillation structure pro-
vides the more informative benchmark for assessing model
discernment. This should be understood as a practical
limitation of the present benchmark study, rather than a
general statement about arbitrary sterile-neutrino and NSI
scenarios.

B. Machine multiclassification

We next consider a more demanding neural-network task,
namely multiclass classification within the sterile-neutrino
parameter space itself. As in the binary-classification study,
pseudodatasets are generated from benchmark points in the
chosen sterile parameter window following the procedure
described in Sec. IV. The essential difference is that, rather
than training the network to distinguish the sterile hypoth-
esis from the best-fit NSI alternative, we now train a single
network to distinguish among multiple cells within the
sterile parameter space. In this way, the analysis moves
beyond model discrimination and addresses a more refined
question: whether the multidimensional CEvNS event dis-
tribution contains enough information for the network to
identify the approximate location of the underlying sterile-
neutrino parameter point.

To carry out the multiclassification study, we divide the
chosen sterile-neutrino parameter window into a 20 x 20
grid and take the center of each cell as a representative
benchmark point. For every cell, we generate 10* fluctuated
pseudodatasets for training, and after training, we evaluate
the network on an independently generated test sample
containing 103 pseudodatasets for that same cell. In testing,
we have found that parameter reconstruction requires
greater statistics than the model selection of Sec. VA. To
allow for effective selection between similar oscillation
signals, a lower fractional fluctuation magnitude of the
pseudodataset bins is required than in the case of selection
between oscillated and unoscillated signals as in Sec. VA.
Since the bins are fluctuated according to Poisson distri-
butions, this is achieved by increasing the exposure in this
scenario. Compared to Sec. Il and Sec. VA, in this scenario
we increase Npor and the detector masses by a factor of
10 each.

In contrast to the binary-classification task discussed in
Sec. VA, the purpose here is not simply to decide between
two competing hypotheses, but rather to determine
how well the network can identify the approximate location
of the underlying sterile-neutrino parameter point.
Accordingly, the performance measure is based on the
average distance between the true cell and the cell selected
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FIG. 5. Multiclass localization accuracy in the v,-coupled

sterile-neutrino parameter space, with opacity indicating hori-
zontal error in |U,,|? and color indicating vertical error in Am?“
(shown for cells with average activation >0.05). Several binning
configurations are shown, indicating the number of bins in each
dimension as {Length, Energy, Time}.

by the network, computed separately along the horizontal
axis (|U,4|*) and the vertical axis (Am3,).

To display the multiclassification results in a compact
and interpretable way, we retain only those cells for which
the average node activation of the network’s preferred class
exceeds a minimum threshold. In practice, this threshold is
introduced as a visualization criterion to suppress low-
confidence assignments that would otherwise populate the
map with noisy or weakly informative cells. We choose a
value of 0.05, which was found empirically to provide a
reasonable balance between retaining coverage of the

parameter space and highlighting regions where the clas-
sifier exhibits meaningful localization performance.3 Each
surviving cell is then assigned an opacity and a color that
summarize the localization performance. The opacity
encodes the average horizontal displacement: full opacity
corresponds to perfect reconstruction in |U,4|?, while zero
opacity indicates an average error of three cells or more.
The color similarly encodes the average vertical displace-
ment in Am3,, with green indicating perfect reconstruction
and red indicating an average error of three cells or more.

Results of this analysis for a suite of different binning
choices are shown in Fig. 5. Several qualitative features are
immediately apparent. First, once baseline and recoil-
energy binning are introduced, nontrivial regions of the
sterile parameter space begin to show useful localization
performance. In particular, the opacity patterns indicate that
the network can recover the horizontal direction, corre-
sponding to |U,4|?, with reasonable fidelity over substantial
regions of parameter space, while the cell colors show that
the vertical direction, corresponding to Am3,, is in general
more difficult to reconstruct. This behavior is physically
sensible. The mixing parameter primarily controls the
overall strength of the oscillation-induced distortion,
whereas the mass-squared splitting governs the oscillation
scale itself; the latter is more easily degraded by recoil-
energy smearing, finite binning, and partial averaging of
the oscillation pattern.

Second, the most successful reconstruction is obtained in
intermediate and relatively large-mixing regions, where the
sterile-induced distortions are strong enough to imprint a
recognizable multidimensional pattern on the CEuvNS
distribution. By contrast, in regions with smaller mixing
or in parts of the large-Am?, regime, the network often fails
to achieve confident localization, as reflected either by
reduced opacity or by the absence of plotted cells after the
activation threshold is applied. In this sense, the blank or
weakly shaded regions should be interpreted not merely as
poorer classification performance, but as regions where the
available observables do not support robust parameter-
space identification with the present setup.

Finally, the overall trend with binning again highlights
the importance of multidimensional shape information.
Increasing the granularity in baseline and recoil energy
leads to the most significant gains, while timing informa-
tion provides an additional but subleading improvement.
The multiclassification results therefore reinforce the
broader conclusion of this work: the stopped-pion
CEvNS signal contains sufficient structured information
not only to discriminate between benchmark BSM scenar-
ios, but also, in favorable regions of parameter space,

The qualitative features of the multiclassification results
remain stable under modest variations of this visualization
threshold around the chosen value.
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to localize the underlying sterile-neutrino parameters
themselves.

VI. DISCUSSION AND CONCLUSION

In this work, we have investigated how stopped-pion
CEvNS experiments can be used not only to detect
deviations from the standard three-neutrino expectation,
but also to discriminate among candidate new-physics
explanations and to infer the underlying parameter region
responsible for an observed signal. Using the 3 + 1 sterile-
neutrino scenario and neutral-current NSI as benchmark
frameworks, we have shown that the correlated baseline,
recoil-energy, and timing structure of the CEvNS signal
provides nontrivial discriminatory power beyond what can
be obtained from inclusive event rates alone.

At the level of model discrimination, our likelihood-
based analysis established a useful baseline by quantifying
the regions of sterile parameter space for which sterile-
generated datasets can be distinguished from their best-fit
NSI counterparts. As expected, discrimination is weak
when the data are reduced to a single counting bin, but
becomes substantially stronger once multidimensional
shape information is retained. In particular, the baseline
and recoil-energy structure of the signal play the dominant
role, while timing provides an additional but comparatively
more modest handle.

The ML analyses reinforce and extend this picture. In
the binary classification study, we found that a CNN
trained on rate-renormalized pseudodatasets is still able to
separate the sterile and NSI benchmarks over substantial
regions of parameter space. This is an important obser-
vation, because it shows that the distinguishing informa-
tion is not merely a consequence of normalization
differences, but is genuinely encoded in the multidimen-
sional shape distortions of the CEvNS event distribution.
In this sense, the ML approach should be viewed not
simply as a cross-check of the likelihood analysis, but as
evidence that rate-insensitive inference strategies can
retain significant discriminatory power even in the pres-
ence of large normalization uncertainties.

The multiclassification analysis further demonstrates that,
in favorable regions of sterile parameter space, the CEVNS
signal contains enough structured information not only for
model discrimination but also for approximate parameter-
space localization. Although this reconstruction is neces-
sarily coarser and more challenging than binary separation,
the results show that the same baseline-energy-timing
correlations that support model discernment can also be
used to identify the approximate location of the underlying
sterile benchmark point. The reconstruction is generally
more robust in the |U,|* direction than in the Am3,
direction, which is physically consistent with the differing

ways in which these parameters control the strength and
scale of the oscillation pattern.

Taken together, these results provide a proof of concept
that ongoing CEvNS experiments with multiple detectors at
stopped-pion sources offer a promising arena not only for
testing the presence of nonstandard neutrino-sector phys-
ics, but also for interpreting its origin. More broadly, the
methods developed here illustrate how conventional like-
lihood-based analyses and ML-based inference can play
complementary roles in moving from anomaly detection to
physics interpretation. Such strategies may become increas-
ingly valuable in future neutrino and dark-sector searches,
where low statistics, sizable systematic uncertainties, and
partial degeneracies among candidate models can other-
wise obscure the underlying physics.

There are several natural directions for future work. On
the phenomenological side, the benchmark study considered
here can be extended to broader parameter spaces and to
additional classes of new-physics scenarios, including light
dark matter signals that may mimic or compete with sterile-
neutrino and NSI interpretations. Within the restricted
benchmark setup adopted here, we have focused on ster-
ile-generated pseudodatasets, since the reverse construction
based on NSI-generated samples is expected to be less
informative while incurring substantially greater computa-
tional cost; a more symmetric treatment of both directions
would nevertheless be worthwhile in broader future studies.
On the methodological side, it will be important to incor-
porate more realistic detector effects, systematic-uncertainty
treatments, and alternative network architectures, as well as
to explore direct parameter-regression strategies beyond
the classification-based framework adopted here. Finally,
because the present analysis makes clear which observables
most strongly enhance model discernment, these methods
may also help inform the design of the ongoing and
proposed CEUNS detector configurations by clarifying the
detector capabilities and source characteristics needed to
achieve robust discrimination between competing new-
physics hypotheses.
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