PHYSICAL REVIEW D 114, 056019 (2026)

Hadron-in-fat-jet AI tagging to detect rare decays such as W* — z*y
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We investigate a novel class of boosted-object signatures at the LHC, where a high-p fat jet contains an
identifiable hadron or quarkonium state originating from rare or semiexclusive decays. Unlike conventional
boosted jet studies, which focus on multiprong partonic substructure, our approach probes hybrid
configurations such as W+ — z*y, where a localized hadronic or quarkonium signal is embedded within a
collimated jet. By fine-tuning the signature-oriented, pretrained Sophon artificial intelligence model
optimized for large-radius jets, and combining it with an event-level boosted decision tree and a soft-drop-

mass shape fit, we obtain an expected 95% confidence level upper limit of B(W* — zty) < 2.78 x 1073

for 450 fb~! in our nominal setup. This study serves as a first proof-of-principle demonstration of the
hadron-in-fat-jet paradigm; substantial gains in sensitivity are expected from improved trigger strategies,
additional production channels, and dedicated taggers, while the methodology itself is broadly applicable to
a wide range of rare Standard Model processes and searches for light or exotic resonances at present and

future collider experiments.

DOIL: 10.1103/23{5-12p5

I. INTRODUCTION

The LHC provides a high-energy and high-luminosity
environment for precision tests of the Standard Model (SM)
and searches for rare processes. In the boosted regime, the
decay products of heavy particles are collimated and can be
reconstructed as single large-radius jets. Jet-substructure
techniques have therefore become essential tools for
identifying such objects, primarily targeting partonic
decays such as W/Z — qg, H — bb, and top quark decays,
where the relevant information is encoded in multiprong
radiation patterns [1-4].

However, much less attention has been paid to exclusive
or semiexclusive decay modes, in which identifiable
hadrons emerge inside the jet and carry additional fla-
vor-specific information beyond conventional prong-based
observables. Exclusive hadronic decays of the W boson
constitute a particularly attractive example of this class,
providing a unique laboratory for studying rare electroweak
processes in the boosted regime. Their amplitudes involve
both short-distance electroweak dynamics and long-distance
QCD effects, making them sensitive probes of factorization,
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meson distribution amplitudes, and hadronic form factors at
the electroweak scale [5,6]. Phenomenological studies have
also emphasized the potential of high-statistics LHC sam-
ples, in particular ¢7 events, for probing rare exclusive W
decays [7].

In the radiative decay W+ — 7%y, the W boson produces
a light quark-antiquark pair that hadronizes into a charged
pion, while a photon is radiated from the charged lines. The
large W-boson mass makes this process a clean test bench
for QCD factorization [5,8]. In the Standard Model, the
branching fraction is predicted to be as low as O(107%) [5].

When the W boson is produced with large transverse
+

momentum, the z~ and y are emitted nearly collinearly,
leading to a hadron-in-fat-jet topology with asymmetric
energy sharing and nonperturbative internal structure. The
leading-order Feynman diagrams contributing to the radi-
ative exclusive decay W* — 7%y are illustrated in Fig. 1.

Experimentally, existing searches have reconstructed
W* — 2%y as a resolved charged-hadron-plus-photon final
state. Collider detector at fermilab, compact muon solenoid
(CMS), and A Toroidal LHC ApparatuS (ATLAS) have all
performed dedicated searches [9-11]. The CMS search used
11 events, where one W boson provides a leptonic tag and the
other is tested for the z*y final state, and set B(W* —
7¥y) < 1.50 x 107> at 95% confidence level (CL) [10]. The
ATLAS search employed dedicated track-photon and dipho-
ton triggers, obtaining B(W* — 7%y) <1.9x 107, B(W* —
K*y) < 1.7x 1075, and B(W* - pFy) <52x 107 at
95% CL [11].
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FIG. 1. Leading-order Feynman diagrams for the radiative
+

exclusive decay W+ — z%y.

While these resolved analyses have established the
current experimental bounds, boosted topologies provide
a complementary search regime. When the W boson carries
a sufficiently large transverse momentum, the pion and
photon become highly collimated and may be reconstructed
within a single large-radius jet. In this case, jet-substructure
techniques offer an alternative approach that exploits the
internal structure of the merged jet, potentially extending
the reach of rare hadronic decay searches and enabling
sensitivity to a broader class of hadron-in-fat-jet signatures.

In this work, we study W* — 7%y in W + jets produc-
tion, where the large inclusive production rate, combined
with recoil against QCD radiation, provides access to
boosted W bosons. We treat the merged 7y system as a
large-radius jet with radius parameter R = 0.8, and use jet-
level information to identify the rare semiexclusive decay.
Specifically, we use W* — 7%y as a benchmark to explore
the fine-tuning of the existing Sophon framework for
hadron-in-fat-jet signatures, and to provide a proof-of-
principle demonstration of hadron-in-fat-jet tagging for
the study of rare decay processes. We also provide a first
phenomenological sensitivity estimate for boosted W+ —
nty based on realistic jet-level fast simulation. This
boosted channel could be combined with existing resolved
searches in future experimental analyses.

II. EXPERIMENTAL SETUP

Our study is based on simulated datasets for the LHC pp
collisions at c.m. /s = 13 TeV. We defined the signal phase
space by selecting events featured by a high-pr fat jet (FJ)
with a large electromagnetic energy fraction, optimized for
capturing the boosted W+ — 7y signature. Our simulated
datasets contained the boosted W* — 7ty signal from W +
jets and various backgrounds including 17, W — v, W + jets
with hadronic and leptonic W decays, Z + jets with Z to
I*I~, vo, qg, W+y and QCD multijet. Hard-scattering
events were first generated at parton level with
MadGraph5_aMC@NLO [12], which provides matrix-element

calculations and parton-level kinematics for both signal and
background processes. To accurately model the proton
structure, we employed the neural network parton distribu-
tion functions 3.1 next-to-next-to-leading-order (NNLO)
parton distribution function (PDF) set [13]. The generated
events were then interfaced to Pythia8 for parton showering,
hadronization and particle decays, modeling the transition
from a few-body final state to a realistic multihadron
configuration [14].

For the fast detector simulation, we employed a custom
Delphes 3.5.1 [15] configuration explicitly optimized
for the boosted topology and machine learning applica-
tions, following the JetClass-II framework [16].
Standard isolated object identification and flavor-tagging
algorithms were bypassed. Instead, the simulation incor-
porates an average of 50 pileup interactions and utilizes the
Pileup Per Particle Identification (PUPPI) algorithm [17] to
mitigate pileup contamination. The track resolutions are
realistically smeared to match the Phase I CMS detector
conditions. The PUPPI-weighted energy-flow objects are
then clustered into large-radius (R = 0.8) fat jets using the
anti-kt algorithm named “AKS8-jet” with the minimum pr
thresholds of 200 GeV, while jets with low radius (R = 0.4)
are also maintained as “AK4-jet.” Crucially, the low-level
kinematic and identity features of constituent particles
within these fat jets are retained, providing the essential
granular representation required for the jet-tagging model.

Table I details the number of generated events and the
corresponding production cross sections used for the signal
and background normalization. To enrich the boosted phase
space and emulate the high-H trigger region, we impose a
common reconstruction-level skimming requirement,
HE®© > 1050 GeV, where HT® is defined as the scalar
sum of the transverse momenta of reconstructed jets [18].
This requirement is applied to all samples used in the
analysis, including QCD multijet. For the signal and the
non-QCD background samples, the selection is applied as

TABLE 1. Summary of generated MC samples, detailing the
decay processes, number of generated events (N,), and their
corresponding cross sections.

Cross section

Decay processes Ngen(x10%) (mb)

Signal (W* — zty) 99 1.632 x 1078
QCD 9902.5 9.047 x 1076
WE -ty 20 1.629 x 1078
pp — tt 201 1.523 x 1078
pp — Wy (initial state radiation 1 2.587 x 107!

& final state radiation)

pp = W= Iv] + jets 40 4.576 x 10~
pp = W[— qg] + jets 301 3.461 x 1078
pp = Z[- ITI7] + jets 5 4.922 x 10710
pp = Z|—> vb] + jets 10 1.189 x 10~
pp = Z[- qq] + jets 100 1.407 x 1078
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an offline skim after event generation and detector simu-
lation. For the QCD multijet sample, whose inclusive rate is
much larger, the same requirement is applied during the
reconstruction/skimming workflow so that only events
passing the requirement are retained. The finite
Monte Carlo (MC) statistics, especially for the QCD
sample, are accounted for by the background-yield smooth-
ing and shape-extrapolation procedure described in Sec. V.

III. SOPHON MODEL FINE-TUNING

The Signature-Oriented Pre-training for Heavy-resonance
ObservatioN (Sophon) framework introduces a new para-
digm for resonance searches at the LHC [16,19].
Conventional jet taggers are typically optimized for specific
signal hypotheses, limiting their applicability to a narrow
class of final states [20,21]. In contrast, Sophon employs a
signature-oriented strategy, in which a deep neural network is
pretrained on a large and diverse set of jet topologies to learn
a universal representation of jet substructure.

The model is trained on a high-dimensional classification
task spanning 188 jet categories, enabling it to encode both
perturbative radiation patterns and nonperturbative features
within a common latent space. This representation can be
reused across analyses via transfer learning or by construct-
ing discriminants directly from the model outputs, thereby
providing a flexible and model-agnostic search framework.

This approach is particularly well suited to nonstandard
jet topologies, such as the hadron-in-fat-jet configurations
considered in this work, where an identified hadron or
quarkonium is embedded within a boosted fat jet. Such
signatures involve asymmetric energy sharing and non-
perturbative dynamics that are not fully captured by tradi-
tional prong-based observables. In this context, the
generalized feature space learned by Sophon offers a
promising avenue to enhance sensitivity and systematically
explore these novel signatures.

To identify the hadron-in-fat-jet topology, we fine-tune
the original Sophon model, which initially featured O(100)
categories but lacked specific hadronic final-state nodes.
We explicitly incorporate 18 new categories (yielding a
total of 206 categories for the fine-tuned model). These
newly added nodes include signal and background final
states that mimic the boosted W* — 7%y signature, such as
v, myq and myT,w, along with other topologies suscep-
tible to being misidentified as the signal. The training
dataset was generated from the decays of a hypothetical

'Here 7,V denotes an auxiliary AKS fat-jet category used in the
fine-tuning label space, rather than a standard narrow-cone
hadronic-z identification category such as those used in ha-
drons-plus-strips/DeepTau-style reconstruction. Ordinary
boosted 7,v configurations are largely suppressed by the soft-
drop-mass requirement; this auxiliary node is included to
penalize residual r-like topologies that can leak into the zy
signal-like region.

spin-0 resonance, X**, with its mass my uniformly
sampled between 15 and 500 GeV. This broad and uniform
mass sampling is deliberately implemented to prevent the
Sophon model from learning kinematic features correlated
with the resonance mass. Consequently, it forces the model
to strictly rely on the internal multiprong substructure and
energy distribution of the fat jet for classification, ensuring
a mass-decorrelated tagging performance.

The fine-tuning procedure is executed in two stages.
First, the network backbone is frozen, while only the final
classification head is updated. This stage employs a
relatively large learning rate over a few epochs to warm
up the weights of the newly introduced categories, ensuring
compatibility with the pretrained weights. Subsequently,
the entire network is unfrozen and trained with a reduced
learning rate over a longer duration. This enables the model
to adapt to the new categories while preserving its dis-
criminative power for the original ones.

IV. ANALYSIS STRATEGIES

To isolate this rare signal from overwhelming Standard
Model backgrounds, we employ a multistep selection strategy
focused on both jet-level properties and event-level kinemat-
ics, paired with a robust background model. First, candidate
large-radius jets are required to fall within a kinematic
window of pr > 200 GeV and |57| < 2.5. To ensure the jet
substructure is consistent with a W boson decay, a minimum
soft-drop-mass [22,23] requirement of 50 GeV is imposed.
This threshold effectively suppresses low-mass QCD jets
while retaining the majority of the W boson signal.

The core of our discrimination power resides in a fine-
tuned Sophon model. Leveraging its signature-oriented
architecture, we construct a dedicated, highly optimized
discriminant, D, to maximize the separation between the
my signal and various background categories. The discrimi-
nant is formulated as

gX—my 1)

D_ =
il 9X—ny + 9X—nyq + IX-7v + gqQcp + ZPlgPl ’
where g; represents the output scores from the 206-category
fine-tuned Sophon model. In this optimized formulation,
the numerator is strictly driven by the pure X — zy
category to ensure high signal purity. The denominator
acts as a targeted background penalty, comprising the
signal node itself alongside primary mimicking topologies:
the X — zyq decays, hadronic 7 decays 7z,v, QCD multijet,
and a collectively optimized subset of background catego-
ries denoted as P;.

The composition of the P; subset was systematically
determined through a data-driven evaluation of background
leakage in the high-D,,-score region. In an earlier baseline
iteration, the discriminant’s penalty term was limited to the
signal-like nodes, QCD multijet, and hadronic tau (z,v)
categories. While this baseline effectively suppressed the
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TABLE II.  Summary of the first-priority background categories
(Py) incorporated into the denominator of the optimized D,
discriminant. These specific two-prong and three- or four-prong
decay topologies were systematically identified by analyzing the
surviving Z + jets, W + jets and #f background events that by-
passed initial baseline selections. Explicitly penalizing these nodes
efficiently eliminates the dominant Standard Model configurations
most prone to mimicking the boosted W* — 7ty signature.

First priority labels P,

X — two-prong X — ee X — up

X — three- or four-prong X — wyqq X — myqs X — mycq
X = rycs X = qqee X — qquu
X —>see X — qgee X — gee
X > quu X - bgev X — sqev
X — qqev X — bgquv X — squv
X — qquv

multijet and 7, topologies, rigorous sensitivity scans—
specifically evaluating background events that survived a
stringent threshold of Dye"® > 0.9—revealed significant
residual contamination from Z + jets, W + jets, and 7
processes in the signal region.

To understand and mitigate this leakage, we analyzed the
fine-tuned Sophon model’s multiclass output distributions
for these surviving background events. We observed that
they spuriously peaked in specific nontarget categories. For
instance, leptonic Z + jets decays predominantly populated
pure electron- or muonlike two-prong nodes (e.g.,
X — ee, up), whereas 17 and W + jets events artificially
populated complex hybrid nodes, such as X — wyqq or
heavy-flavor configurations. Consequently, we explicitly
grouped these highly populated “fake” nodes into the P,
subset and introduced them into the denominator of the
refined discriminant. This targeted penalty actively and
efficiently eliminated the dominant Standard Model con-
taminants most prone to mimicking the boosted W* — 7%y
signature. The detailed composition of the strategically
targeted P; subset is summarized in Table II.

To evaluate the efficacy of the Sophon model fine-tuning
and the physical soundness of the D, form, receiver
operating characteristic (ROC) curves were generated for
the three primary background processes that most heavily
mimic the W* — 2%y signal—namely QCD, 7, and
W — zv—as depicted in Fig. 2. The corresponding area
under the curve metrics indicate a robust and stable back-
ground rejection capability across diverse fake-signal topol-
ogies, further validating the effectiveness of the targeted
penalty terms incorporated into the D, formulation.

While the fine-tuned Sophon model provides exceptional
discrimination power at the fat-jet level, the ultimate
sensitivity of the analysis can be further enhanced by
exploiting eventwide correlations. To this end, an event-
level boosted decision tree (BDT) classifier is implemented
using the XGBoost framework [24]. The BDT is trained to

0 ]
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FIG. 2. ROC curves evaluating the tagging performance of the
D,, discriminant. The plot illustrates the signal efficiency for
W= — zty against the background efficiencies of QCD multijet,
ttand W — 7.

separate the W* — 7y signal from an inclusive mixture of
all standard model backgrounds.

The input features for the BDT comprise macroscopic
event kinematics, object multiplicities, and angular corre-
lations, whose variable names and physical meanings are
listed in Table III. Crucially, to facilitate reliable data-
driven background estimation and in-situ calibration, these
input variables are explicitly chosen to be orthogonal (i.e.,
highly uncorrelated) to the jet-level Sophon discriminant
D,,. This orthogonality condition ensures that stringent
selections on the BDT score will not artificially sculpt the
D,, background distributions, preserving the viability of
control regions.

TABLE III. Summary of the input variables used for the event-
level BDT classifier and their physical meanings.

Variables Physical meaning

s pr of the leading AK4-jet outside the fat-jet

Hr aka Hrt of all AK4-jets outside the fat-jet

|71 Absolute value of the lepton pseudorapidity

I,l,ight Selection flag indicating the presence of tight u

Jleht Selection flag indicating the presence of tight e

I Relative isolation of the lepton

AR i AR between any AK4-jet and the fat jet
4112?1 pr of the leading photon inside the leading fat jet

Ap(1,FJ) A¢ between the lepton and the fat jet

Naxa Multiplicity of AK4-jets outside the fat jet

p%ﬁss Magnitude of the missing pr
A (p™ss, FJ) A¢ between the piis and the fat jet
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Special attention is given to the event weighting during
the BDT training process. Initially, both signal and back-
ground events are scaled using physical weights, corre-
sponding to an expected integrated luminosity of 450 fb~!.
To prevent the overwhelmingly large background yields
from dominating the gradient boosting process, a dedicated
training weight is applied, normalizing the total sum of
weights for both the signal and the inclusive background to
unity. Conversely, the model evaluation on the testing
dataset strictly utilizes the original physical weights to
reflect realistic experimental conditions.

The robustness of the BDT training is rigorously evaluated
to rule out any potential overtraining. Kolmogorov-Smirnov
(KS) tests are performed on the BDT output score distribu-
tions, comparing the training and testing datasets [25]. As
illustrated in Fig. 3, the BDT scores for both the signal and
background processes exhibit excellent agreement between
the training and testing samples. This confirms that the
XGBoost classifier is well behaved, highly generalizable,
and ready for final signal extraction.

To justify the joint application of the event-level BDT
and the jet-level D, discriminant, it is essential to
rigorously evaluate their mutual correlation. If these two
discriminators were highly correlated, imposing a stringent
threshold on the BDT score would unintentionally distort
the background distributions of some feature variables.
Such phase-space distortion would violate the fundamental
assumption of shape invariance across different selection
regions.

To verify the independence of these two classifiers, we
analyze the two-dimensional distribution of the combined

T —T —T— T —T
8 - QCD Wjets (lv) Z+jets (qq) o

F . Wt Wjets (qq) Test Signal 1

7E tt Z+iets (1) ®  Train Signal (KS=0.67) E

r Wy ZAjets (w) ® Train Background (KS=0.21) 1

6F .
5t .
SHN: . 2 ]
<4r E
3F 7
Y E i E
b . . E
0: o, ® % % o 8 S & 8 o » p 82 o0 ]

0.0 0.2 04 0.6 0.8 1.0
BDT Score
FIG. 3. Normalized BDT score distributions for the W* — 7%y

signal and the inclusive SM background. The plot compares the
outputs evaluated on the training dataset (points) and the testing
dataset (histograms). The consistency between the training and
testing distributions, quantitatively supported by the KS test
results, demonstrates the absence of overtraining in the XGBoost
classifier.
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o

FIG. 4. Two-dimensional distribution of the combined SM
backgrounds in the plane defined by the BDT score and the
D,, discriminant. The near-zero correlation coefficients demon-
strate the approximate independence between the event-level
kinematics and the jet-level Sophon discriminant, supporting
their combined use in the final signal extraction.

Standard Model backgrounds in the plane of the BDT score
and the Sophon discriminant D,,, as presented in Fig. 4.
The Pearson correlation coefficient is r = —0.1612 [26],
with a corresponding Spearman’s rank correlation coeffi-
cient of p = —0.1254 [27]. These values indicate a very
weak negative correlation, demonstrating that the macro-
scopic event kinematics captured by the BDT and the
microscopic, internal jet-substructure features learned by
Sophon remain largely decoupled.

This near-zero correlation ensures that applying a selec-
tion cut on the BDT score does not bias the background
shape in either the mgp or other feature variables.
Consequently, this independence provides a solid and
unbiased foundation for the subsequent signal extraction.

For the BDT score cut, we use a fixed BDT working
point, BDT > 0.85. At this working point, most of the

BbT >0.85 ==} QC‘D multijet z+JLxs £
3 Z+jets —qq B W-tw
108 - 3 Zjets »w (== B
- [ W+jets —qq 0 Wy
3 Bl W+jets /v T Wony
E 100 | _
E
g <
,;‘ 10 -
Q 1
R I o = e S !
S (SEEEESSe e -
m 1
100 - -
1 1
0.0 0.2 0.4 0.6 0.8 1.0
Event-level Dy, discriminant
FIG. 5. Stacked D,, distribution weighted by their respective

physical cross sections under BDT > 0.85. The pronounced
signal peak near D,, ~ 1 demonstrates the exceptional discrimi-
nation power and targeted background suppression achieved by
incorporating the P; penalty topologies. Here we set the
hypothetical branching fraction B(W* — z¥y) = 1.
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signal is preserved. Meanwhile, to ensure sufficient sta-
tistics for the subsequent background distribution extrapo-
lation, more background is retained compared to a more
stringent BDT cut, without excessively degrading the
signal significance. Under the BDT > 0.85 requirement,
the optimized discriminant D, still possesses a powerful
capability to distinguish the W* — zy signal from the
dominant Standard Model backgrounds. This impressive
separation performance is clearly demonstrated in Fig. 5,
which presents the D,, distributions for both signal and
background processes, normalized to an integrated lumi-
nosity of 450 fb~!. The signal events are overwhelmingly
clustered in the ultrahigh score region near unity, whereas
the massive QCD multijet background drops sharply by
several orders of magnitude.

V. SIGNAL EXTRACTION

Due to the extremely limited background statistics under
the high D, score region, we implement background shape
extrapolation for the final signal extraction. We scan
thresholds on D,, under BDT > 0.85. Instead of relying
on a single cut-and-count signal region, we construct a
binned template in the soft-drop-mass range
50 < mgp < 250 GeV. For each D,, threshold, the total
background normalization is first obtained from the
weighted simulated samples and then smoothed as a
function of x = —In(1 — D,,) using a Gaussian kernel,
with the high-statistics, low-D,, region preserved and a
monotonic projection imposed, as shown in Fig. 6. The
normalized mgp, shape is modeled by a monotone Bernstein
polynomial of degree five,

Background yield smoothing, BDT>0.85

raw weighted yield
final smoothed yield

raw-preserved

Gaussian tail

weighted background yield

00 02 04 0.6 08 10
Dy, threshold

raw / smooth - 1
o
[=3
(=]

|
4
193
S

FIG. 6. Background-yield smoothing as a function of the D,
threshold for the final BDT > 0.85 selection. The raw weighted
yield is preserved in the high-statistics, low-D,, region, while the
sparse high-D,, tail is smoothed in x = —In(l -D,,) and
projected to be monotonic.

5

=2 _(Ds

k=0

f( mSDlD Bk mSD) (2)

where the coefficients satisfy cy>c; >+ >¢5>0
through the parametrization ¢; = c¢;_;sigmoid(6;). The
D,, dependence is captured by quadratic trajectories,
0i(D,,) = ayD2, + byD,, + dy, fitted globally to weighted
background templates with sufficient simulated statistics.
Figure 7 shows representative low- and high-D,, validation
points for this smooth background model.

The expected sensitivity is evaluated from the binned
signal and background templates as

Né 1/2
Z _ 71 ) 3
shape |:Z NB i + Gshdpe l:| ( )

where N ; and N ; are the expected signal and background
yields in the ith mgp bin for an integrated luminosity of
450 fb~! [28]. The signal is normalized to a reference
branching fraction B,;(W* — z%y) = 107°. The term
Ohape,i 1 Obtained from toy-data refits of the monotone
Bernstein function and represents the shape-fit uncertainty.
The corresponding expected upper limit is estimated
as Bos = 1'64Bref/zshape'

To avoid selecting a working point with a negligibly
small expected background, we require the smoothed
background prediction to satisfy Bg,,om = 10 events.
This condition is imposed on the continuous smoothed-
yield model, rather than on the direct weighted yield of the
sparse surviving MC events. The selected working point is
found at BDT > 0.85 and D,, > 0.965. At this final
working point, only five raw background MC events
survive in the fit range (50 < mgp < 250 GeV). These
events consist of two QCD multijet events, one #f event, and
two W[— ¢q| + jets events. The detailed information of
these survived MC events are listed in Table I'V. Here, N,,,,
denotes the unweighted number of simulated events sur-
viving the final selection. No raw events from the other
simulated background samples survive the full selection.
After normalization to 450 fb~!, the five events correspond

TABLE IV. Simulated event statistics after the final selection,
BDT > 0.85 and D,, > 0.965, in the fit range 50 < mgp <

250 GeV. The expected yields are normalized to 450 fb~!.

Process Now Weighted yield Ny
QCD multijet 2 8.222 2.00
1t 1 0.341 1.00
W + jets (qq) 2 1.035 2.00
Other backgrounds 0 0 0
Total direct background 5 9.598 2.67
Smoothed background model 14.644
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are shown. In each panel, the weighted simulated background template is compared with the monotone Bernstein fit, and the lower ratio
panel displays the agreement relative to the fitted shape. The high-D,, region has limited simulated statistics, which motivates the
smooth trajectory model and the additional uncertainty treatment used in the sensitivity estimate.

to a direct weighted yield of 9.60 events and an effective
MC sample size of

Neff — %‘:}?2 — 267 (4)
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l = background fit

toy-fit shape uncertainty

— = signal, BR=1e-05
= S+B, BR=1e-05
& direct weighted MC (5 raw events)
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FIG. 8. Final mgp signal and background templates for the

N > 10 working point, BDT > 0.85 and D,, > 0.965. The

background prediction includes the toy-fit shape uncertainty

band, while the signal overlay is shown with an enhanced

normalization of B(W* — z%y) = 1073 for visibility.

The difference between N, =5 and N = 2.67 results
from the process-dependent event weights, particularly the
comparatively large weights of the two surviving QCD
events. The finite-MC statistical uncertainty of the direct

weighted yield is />, w? = 5.87 events. At the same
working point, the smoothed background model predicts
14.644 events. The difference of 5.046 events is therefore
approximately 0.86 times the statistical uncertainty of the
direct weighted MC estimate, indicating that the two
estimates are compatible within the limited MC statistics.
The difference is expected because the smoothed prediction
is obtained from the continuous yield-smoothing pro-
cedure, rather than from a direct histogram of the five
surviving events; the corresponding mgp distribution is
provided by the global shape-extrapolation model.
Including the toy-fit shape uncertainty, this selection
gives an expected upper limit of Bos(W* — zty) =
2.78 x 1073 for 450 fb~!. The corresponding signal and
background templates are displayed in Fig. 8.

VI. CONCLUSION

In summary, we have presented a novel study on the
hadron-in-fat-jet topology at the LHC, exploring a quali-
tatively new regime that connects jet substructure with
exclusive hadronic states. Crucially, this work represents
the first phenomenological sensitivity study of the rare
decay W= — 7%y in the boosted regime, utilizing realistic
fast detector simulation to model the complex signal and
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backgrounds. Unlike traditional substructure techniques
targeting multiprong partonic decays, our approach tackles
hybrid configurations where a localized hadronic state is
embedded within a single collimated jet.

To isolate this signature, we developed a comprehensive
discrimination strategy that marks the first exploration of
the Sophon model’s fine-tuning methodology and its novel
application to rare decay searches via jet tagging. By
combining the fine-tuned, signature-oriented jet-level
discriminant D, with an orthogonal event-level
XGBoost BDT and a data-driven soft-drop-mass shape
fit, we established an expected 95% CL upper limit of
B(W* — z%y) < 2.78 x 107 for an integrated luminosity
of 450 fb~!.

This framework enables further access to rare decay
modes that are challenging in resolved topologies due to
limited acceptance or overwhelming backgrounds, poten-
tially enhancing sensitivity to both Standard Model mea-
surements and new physics scenarios.  Further
improvements are expected by exploiting semileptonic #7
events selected with single-lepton triggers, which provide a
clean and efficiently triggered source of boosted W bosons
while substantially suppressing multijet backgrounds.

The additional kinematic constraints from the top-quark
system are anticipated to enhance signal purity and overall
sensitivity. Beyond the specific W* — 7%y benchmark, the
proposed hadron-in-fat-jet strategy opens a new avenue for
searching for light resonances decaying into a pion and a
photon, whose highly boosted decay products may merge
into a single jet and evade conventional reconstruction
techniques. Our results demonstrate the potential of
hadron-in-fat-jet tagging as a complementary paradigm
to traditional boosted-object identification and establish a
general framework for probing rare electroweak processes
and light resonances at the LHC.
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