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Semivisible jets (SVJs) provide a characteristic collider signature of strongly interacting dark sectors, in
which the key model parameter rinv controls the fraction of dark hadrons decaying to dark matter
candidates. In this work, a regression model is developed to reconstruct rinv in SVJ events produced in
association with an energetic photon. The model uses information from high-level physics objects only, and
the training procedure is optimized to ensure applicability. The performance is found to be robust against
varying signal parameters and rinv can be reconstructed at a much higher precision, compared to previously
developed analytical method. It offers a new approach to conduct SVJ searches that can potentially unify
both s-channel and t-channel productions, enhancing the sensitivities.
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I. INTRODUCTION

The Standard Model of particle physics has achieved
great success, but it does not contain a particle that can
serve as a dark matter (DM) candidate. It is therefore
necessary to introduce new physics, in particular dark
matter models beyond the Standard Model (SM), given
the strong hints of its existence [1–5]. One of the main
candidates for DM is the weakly interacting massive
particle (WIMP) [6]. Although searches of this type have
covered a wide range of parameter space, they are focused
on the scenario where the DM candidate is produced in
isolation [7–10]. This picture can be qualitatively modified
if the dark sector has its own confining dynamics. In the
dark QCD framework, analogous to quantum chromody-
namics (QCD) in the SM, the hard interaction produces
dark quarks (χi), which subsequently shower and hadronize
under a new confining force SUðNÞ [11,12]. The resulting
dark hadrons can have different detector signatures, where
some remain stable and invisible on detector scales, while
others decay back to SM particles. Therefore, the missing
transverse momentum is not produced only as an isolated

recoil object, but can be embedded within and geometri-
cally correlated with jetlike visible activity. This gives rise
to a striking experimental signature in which a significant
fraction of the energy inside the jets is invisible. Such jets
are called semivisible jets (SVJs) [13–16].
Previous studies of SVJ used the transverse mass, mT ,

constructed from the dijet system and missing transverse
energy, Emiss

T , as the core discriminating variable to gain
sensitivity to the s-channel Z0 → χχ̄ process [13]. The
experimental signature is determined by a few effective
parameters that dominate the observable behavior, among
which rinv controls the ratio of invisible components inside
the jets [14]. The community has also attempted to
consolidate the parameter choices to ensure smooth
cross-talks [17]. Beyond the canonical vector-mediator
setup, it has also been studied for more general mediator
structures carrying both SM and hidden-sector charges
[16]. Both the ATLAS and CMS experiments have probed
the s-channel SVJ productions recently [18,19], following
the technique proposed in Ref. [13]. Although the
t-channel production lacks a clear resonant mass peak,
it is possible to take advantage of the event topology since
the alignment of jets and Emiss

T is unique, as reported by a
dedicated ATLAS search in this channel [20]. Efforts have
been made to explore the distinguishable features within
SVJ using substructure observables [21–24] or constitu-
ent-level information [25–27]. Recent studies have further
advanced machine-learning approaches for SVJ toward
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more model-agnostic self-supervised methods and sym-
metry-aware graph-network architectures [26,28,29].
Along with the identification of SVJ, the reconstruction

of key physical quantities has also been developed in
parallel. Existing studies investigated the application of
machine-learning methods with an information-compres-
sion structure to learn the mediator mass from event
dynamics [30]. At the same time, initial state radiation
(ISR) in SVJ events is found to be beneficial. High-pT ISR
objects help with event triggering and background suppres-
sion, provide an additional boost to the SVJ system, and
change the geometric relationship between Emiss

T and SVJ
[31]. Assuming a simple collinear condition that the
invisible energy in each SVJ aligns with the jet axis allows
us to reconstruct rinv analytically [32]. These attempts are of
great interest as they do not only provide discriminating
variables, but also enable direct extraction of the model
parameters using real data, in case of a discovery. In
particular, rinv is the key parameter that governs the
phenomenologies in both s-channel and t-channel produc-
tions. If one can reconstruct rinv more precisely, it is feasible
to consider both channels simultaneously. The positive
results from Ref. [32] indicate that it can be achieved using
event-level variables already, which is naturally more robust
against varying model parameters.
This work tries to establish a workflow to improve the

rinv reconstruction performance, in production channels
with an energetic ISR photon, as shown in Fig. 1. We
demonstrate that by setting up a neural network with
sophisticated data preprocessing, it is possible to achieve
a much better precision. The performance is robust against
various model parameters and effective to both s- and
t-channel production channels. The findings in this article
reveals the potential of event-topology in SVJ searches, and
offer practical strategies that can be applied in future
experimental searches.
The article is structured as follows: Sec. II describes the

datasets used for this study; Sec. III introduces the event
selection criteria and various key variables; Sec. IV lays out
the training workflow and algorithm structure, followed by
a study to evaluate its impact in Sec. V, and finally Sec. VI
concludes this work with some discussion points.

II. DATASETS

All events are generated using Monte Carlo (MC)
simulations. In this study, the center-of-mass energy is
assumed to be

ffiffiffi
s

p ¼ 13 TeV, corresponding to the data-
taking conditions of the LHC Run 2. The hard scattering
processes are generated with MadGraph5_aMC@NLO 3.5.1
[33]. Parton showering and hadronization are performed
using Pythia 8.306 [34]. The dark sector dynamics are
implemented through the built-in Hidden Valley mod-
ule in Pythia. The output is subsequently passed to Delphes

3.5.3 [35] for fast detector simulation, using the CMS
detector geometry. Jets are clustered using the anti-kt
algorithm [36,37] with a jet radius of R ¼ 0.4.

A. Signal processes

Three sets of signal samples are generated to suit
different tasks, including the algorithm training, robustness
testing and generality testing. Detailed information is
given below.

1. Algorithm training samples

The training samples consider a Z0 boson produced via an
s-channel process, decaying into a pair of dark quarks, χ,
i.e., Z0 → χχ̄. The details of the model can be found in
Ref. [18]. Since this work studies the case with an energetic
ISR object, we require at least one ISR photon at the
generation level. Processes with an additional parton are
also included. The signal grid spans across Z0 mass and rinv,
summarized in Table I, together with other important model
parameters. Each signal point contains 100k events. The
benchmark grid is chosen to cover the main parameter
dependence relevant for the photon-associated SVJ top-
ology. The Z0 mass range defines the main high-mass
training region, while the rinv scan from 0.1 to 0.9 covers
the semivisible regime between the mostly visible and
mostly invisible limits. The other dark-sector parameters
define the nominal hidden valley configuration used for
training, with variations studied separately in Sec. V. The
hidden valley sector is configured with Ndark

C ¼ 2 and
Ndark

F ¼ 2. The degenerate choice mπD ¼ mρD ¼ 20 GeV

FIG. 1. Representative Feynman diagrams of the signal processes with an ISR photon considered in this work. Left: the s-channel
process, qq̄ → Z0 þ γISR, followed by Z0 → χχ̄. Right: the t-channel process, qq̄ → χχ̄ þ γISR, mediated by a scalar Φ.
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is treated as a simplified generator-level benchmark rather
than a full dark-hadron spectroscopy model.

2. Robustness testing samples

To validate the robustness of the trained model, addi-
tional datasets are generated under different dark sector
model assumptions. For s-channel SVJ events, the baseline
parameter configuration is chosen to be

probVector ¼ 0.75; Λ ¼ 35.1539 GeV;

mπD ¼ mρD ¼ 20 GeV:

Single-parameter variations are then performed for the
following quantities:

(i) the dark vector meson probability (probVector), with
values of 0.5 and 0.6;

(ii) the dark confinement scale (Λ), with values of 10
and 50 GeV;

(iii) the dark pion and dark rho masses (mπD and mρD),
set to 10 and 40 GeV;

(iv) the dark pion masses (mπD), set to 100 and
200 GeV; and

(v) the dark flavor number (Ndark
F ), with values of 3

and 4.
In addition, to test the dependence on the mediator mass

beyond the main training grid, extra samples with mZ0 ¼
500 and 1000 GeV are generated and evaluated separately.
To ensure that variations in the machine learning model
performance can be attributed to changes in a specific dark
sector parameter rather than to correlated multiparameter
effects, only one parameter is varied at a time in each trial,
while all other parameters are fixed to their baseline values.

3. Generality testing samples

In addition to the resonant s-channel production mode,
SVJs can also be produced through a nonresonant t-channel

production. As shown in Fig. 1, the connection between
SM and the dark sector is established by a scalar mediator
Φ, which couples a quark in SM to a dark quark through a
Yukawa-type interaction. The partonic process in proton-
proton collisions can produce dark quarks via t-channel
mediator exchange, which then undergo dark showering
and hadronization to form SVJs. A set of t-channel samples
is prepared to examine whether the algorithm trained on the
s-channel remains effective. The same event generation,
detector simulation, and reconstruction procedure as for the
s-channel signal is adopted. For two different Φ mass
points at 1.5, 2.5 and 4.0 TeV, samples are generated at
three rinv values, rinv ¼ 0.1, 0.5, and 0.9.

B. Background

The background process used for the algorithm training is
γ þ jets. Since its cross section falls rapidly with increasing
jet transverse momentum, a slicing strategy based on the
minimum transverse momentum of the leading jet is
adopted to cover the high-momentum region relevant for
the signal without losing statistical precision. Specifically,
subsamples are generated with the minimum leading jet
transverse momentum pmin

T;jet1
starting from 0 to 2000 GeV,

in steps of 500 GeV. Each slice contains 40,000 unweighted
events. The background samples are reconstructed and
preselected using the same procedures as those applied to
the signal samples, ensuring that all datasets share a
consistent phase-space definition and kinematic treatment
before being fed into the training process.

III. SELECTIONS AND OBSERVABLES

This section discusses the selections applied to mimic
actual analyses, and introduces the definition of the training
target. A brief summary on the analytical method from
Ref. [32] is also given.

A. Event selections

We follow the same strategy as Ref. [32] for preselection.
Events are required to contain at least one photon with
transverse momentum greater than 150 GeV. After remov-
ing the overlapping photons and jets, at least two recon-
structed jets are required. The two leading jets are then
selected as the SVJ candidates for the construction of the
observables used later. The corresponding selection criteria
are summarized in Table II. In particular, to retain a broader
event sample for the subsequent observable study and
regression task, only a loose requirement of jy�j < 5 is
imposed in this work.

B. rinv training target

Following a commonly adopted definition in LHC SVJ
studies, rinv is defined as

TABLE I. Main parameters used in the benchmark signal event
generation. The corresponding benchmark choices are discussed
in the text.

Parameter Value

Mediator mass mZ0 1500–3500 GeV
Center-of-mass energy

ffiffiffi
s

p
13 TeV

Invisible fraction rinv 0.1–0.9 (step 0.1)
Dark color number Ndark

C 2
Dark flavor number Ndark

F 2
Dark quark mass mχ 10 GeV
Dark pion mass mπD 20 GeV
Dark rho mass mρD 20 GeV
Dark confinement scale ΛD 35.1539 GeV
Vector meson probability probVector 0.75
Events per signal point 100000
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rinv ¼
Ninvisible

Nvisible þ Ninvisible
ð1Þ

[17], where Ninvisible (Nvisible) refers to the number of dark
hadrons decaying to detector invisible (visible) particles.
For different jets with the same particle-level rinv parameter,
the relative fractions of visible and invisible components can
still fluctuate following a binomial law. Therefore, we
establish a method to obtain the event-by-event rinv value.
It is calculated as

rinv ¼
NDM

2ðNπD þ NρDÞ
ð2Þ

and is used as the target variable in the machine learning
training. In the actual implementation, as shown in the
formula, the numerator is taken to be the number of final-
state dark matter particles, identified by selecting particles
with PID ¼ 51 or 53 and status ¼ 1. The denominator is
constructed from dark mesons, including both dark pion and
dark rho mesons. No distinction is made between diagonal
and off-diagonal dark mesons in this definition; all hadron-
ized dark pion and dark rho states recorded by Pythia are
included. The former are identified by jPIDj ¼ 4900111
or �4900211, while the latter are identified by

jPIDj ¼ 4900113 or 4900213, and in both cases the
particles are required to have status ¼ 83 or 84. The factor
two in the denominator comes from the fact that a dark
hadron either decays to a pair of DM particles, or a pair of
SM quarks in our setup. Figure 2 illustrates the particle-level
rinv distributions of a few signal points.

C. Analytical rinv reconstruction

In a realistic experimental environment, generator-level
information is not directly accessible, and rinv must be
indirectly estimated using reconstruction-level observables.
When a high transverse-momentum ISR object (either a jet
or a photon) recoils against the SVJ system, the event-
topology becomes clearer. Previous studies have attempted
to analytically reconstruct the invisible fraction of the jets in
this scenario [32].
The analytic method assumes that Emiss

T comes from the
two invisible components of the SVJs, with each aligned
with the corresponding jet axis. Consequently, the trans-
verse momentum conservation of the event can be written as

pmiss
x ¼ α1px;1 þ α2px;2;

pmiss
y ¼ α1py;1 þ α2py;2; ð3Þ

where px;i and py;i denote the transverse momentum
components of the ith jet, and αi represents the ratio
between the invisible and visible components within that
jet. Solving this linear system yields α1 and α2, from which
rinv for a given event can be defined as

ranalyticinv ¼ 1

2

�
α1

1þ α1
þ α2
1þ α2

�
: ð4Þ

This analytically reconstructed value, ranalyticinv , has a clear
physical interpretation, a simple functional form, and
directly exploits the global transverse momentum balance

TABLE II. Object definitions and event selection criteria used
in this analysis.

Selection requirement Value

Photon multiplicity Nγ ≥ 1

Jet multiplicity Njet ≥ 2

ISR transverse momentum pISR
T > 150 GeV

Jet transverse momentum pT
j1 ; pT

j2 > 25 GeV
Photon-jet separation ΔRðγ; jetÞ > 0.4
Jet azimuthal separation jΔϕðjet1; jet2Þj > 0.8
Rapidity separation jy �j < 5

FIG. 2. Distributions of the analytically reconstructed rinv for events with particle-level rinv ¼ 0.1, 0.5, and 0.9, under the selections
pISR
T > 150 GeV (left) and pISR

T > 500 GeV (right). The dashed histograms show the corresponding particle-level rinv distributions.
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of the event. However, its performance depends strongly on
the validity of the underlying assumptions. The geometric
interpretation of this decomposition follows Ref. [32]. In
this approximation, the two leading jets are treated as the
two SVJ candidates, and the missing transverse momentum
is assumed to be dominated by the invisible components of
these two SVJs. Each invisible component is further
assumed to be approximately aligned with the correspond-
ing jet direction. Additional radiation, imperfect SVJ assign-
ment, detector effects, or other sources of missing transverse
momentum can therefore spoil this simplified topology and
degrade the analytic reconstruction.
At relatively low ISR transverse momentum thresholds

(pT > 150 GeV), the distribution of ranalyticinv typically
remains broad, shows only limited correlation with the
generator-level rinv, and contains a non-negligible fraction
of negative values or solutions exceeding the physically
allowed range, as shown in Fig. 2. This indicates that the
geometric approximations in the analytic method are not
sufficiently satisfied in this regime.When the ISR transverse
momentum is increased (pT > 500 GeV), the analytic
reconstruction improves and the ranalyticinv distribution
becomes narrower, reflecting the fact that a more boosted
topology better satisfies the collinear condition. Neverthe-
less, the ranalyticinv distribution is still wider than that of rinv
computed directly from particle-level information. This
suggests that a multivariate method trained for various
conditions may achieve better performance.

IV. THE REGRESSION MODEL

In this section, we discuss the algorithm structure and the
training workflow, followed by a study evaluating the
performance.

A. Neural network and training strategy

Since we want to explore the potential of high-level
physics objects, such as jets and Emiss

T , without any low-
level information such as jet substructures, a simple fully
connected feed-forward neural network should suit our
needs. For the input features, a set of observables that can
be robustly obtained at the reconstruction level is selected.
These include the four-momentum information of the ISR
object, the two leading jets, and Emiss

T , as listed in Table III.
This feature set provides a sufficient physical basis for the

model to infer rinv. All input features are preprocessed. In
the first step, a physics-motivated normalization is applied,
in which energy- and momentum-related quantities are
divided by pT of the leading jet, which is therefore not
included as input feature. This reduces the dependence of
the model performance on the absolute mass scale of Z0 and
improves the robustness. Standard normalization is then
applied to further stabilize the optimization process.
To avoid biases arising from an imbalanced rinv distri-

bution, a sampling procedure is employed to all signal
samples listed in Sec. II A 1, after applying the selections in
Sec. III A. The entire rinv region starting from zero to one is
divided into 20 equal-width bins. The third-lowest bin
population is chosen as a common sampling threshold, and
the number of events in each bin is randomly reduced to
this threshold. This procedure ensures that all bins have
approximately equal statistical weights in the training
dataset.
The dataset is split into training, validation, and test sets

with a ratio of 0.6∶0.2∶0.2. The regression model is trained
separately under different ISR and sample-composition
conditions, corresponding to different physical use cases. In
particular, the model is trained under two ISR momentum
thresholds, pISR

T > 150 GeV and pISR
T > 500 GeV, reflect-

ing the difference between moderately and highly boosted
regimes. For each ISR selection, the training samples are
further divided into two categories: samples containing
only signal events, and samples composed of a mixture of
signal and dominant background processes. The former is
used to study the rinv regression performance under ideal
conditions, while the latter more closely resembles the
practical analysis scenario in which signal and background
coexist. For background events, rinv cannot be computed
using Eq. (2). To retain a continuous target variable in the
mixed training sample, the background rinv is instead
assigned using Eq. (4). In total, four independent regression
models are constructed. They share the same fully con-
nected regression framework, while the network depth and
training hyperparameters are chosen separately for different
training setups. In the implementation used in this work, the
models trained with pISR

T > 150 GeV employ five hidden
layers, whereas those trained with pISR

T > 500 GeV
employ four hidden layers. Further technical details of
the input preprocessing, network architecture, training
setup, final hyperparameters, and public inference work-
flow are provided in the Appendix.

B. Performance of rinv regression

The regression performance is examined under both ISR
selections, pISR

T > 150 GeV and pISR
T > 500 GeV. Figs. 3

and 4 show that the trained model gives an overall ordered
response to the generator-level rinv in all four training
setups. For both ISR thresholds, the reconstructed output
follows the change of the true rinv consistently, indicating

TABLE III. Input features used in the rinv regression.

Category Observables

ISR object pT
γ , ηγ , ϕγ

Leading jet ηj1 , ϕj1 , mj1

Subleading jet pT
j2 , ηj2 , ϕj2 , mj2

Missing transverse momentum Emiss
T , ϕmiss
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that the event-level observables used as inputs retain
sufficient information for the regression task.
Figure 5 shows that different rinv hypotheses remain

more clearly separated in the comparison with the particle-

level label, while Fig. 6 states that the inclusion of back-
ground only mildly weakens the overall behaviors and does
not qualitatively change the ordered signal response. Since
the two ISR selections are trained independently, the

(a) (b) (c) (d)

(e) (f) (g) (h)

FIG. 4. Distributions of rML
inv for the pISR

T > 500 GeV selection. Panels (a)–(d) show the results for the signal-only training setup,
corresponding to background, rinv ¼ 0.1, 0.5, and 0.9, respectively. Panels (e)–(h) show the corresponding results for the signal-
plusbackground training setup. In the background panels (a) and (e), the dashed histograms indicate the analytically reconstructed rinv;
in the signal panels, the dashed histograms indicate the particle-level rinv distributions.

(a) (b) (c) (d)

(e) (f) (g) (h)

FIG. 3. Distributions of rML
inv for the pISR

T > 150 GeV selection. Panels (a)–(d) show the results for the signal-only training setup,
corresponding to background, rinv ¼ 0.1, 0.5, and 0.9, respectively. Panels (e)–(h) show the corresponding results for the signal-
plusbackground training setup. In the background panels (a) and (e), the dashed histograms indicate the analytically reconstructed rinv;
in the signal panels, the dashed histograms indicate the particle-level rinv distributions.
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change of the ISR threshold has only a limited impact on
the regression quality.
As discussed in Sec. III C, ranalyticinv is strongly con-

strained by the underlying recoil and collinearity assump-
tions. Consequently, its reconstructed distributions are
substantially broader in the low-ISR regime, as shown
in Figs. 7 and 8, which reduces the separation power. On
the contrary, the machine learning approach yields nar-
rower overall distributions, and the algorithm can be
retrained to adapt for a new ISR condition, offering more
flexibility in the analysis usage.

V. IMPACT

We evaluate the potential impact of the regression model
in this section. First, the signal parameter dependence is

examined using varied signal samples, and then the model
is tested on t-channel production. At last, it is revealed that
both s-channel and t-channel may benefit from rML

inv in
practice.

A. Robustness against dark-sector parameter variations

The physics-motivated scaling method in Sec. IV
attempts to remove the model’s dependence on the media-
tor masses. However, given the rich set of signal parameters
listed in Table I, it is imperative to make sure the regression
model is not overtrained toward a specific setup. Therefore,
the stability of the regression results is examined under
different dark-sector parameter configurations.
The regression performance is evaluated with only one

dark-sector-related parameter varied at a time, while

FIG. 6. Mean rML
inv response as a function of rinv for the signal-only (left) and signal-plus-background (right) training setups. Results for

the two ISR selections are shown together with the corresponding �σ variations. The dashed line indicates perfect reconstruction.

FIG. 5. Two-dimensional comparison between rML
inv and the particle-level rinv, shown as 80% contour regions for rinv ¼ 0.1, 0.5, and

0.9, under the selections pISR
T > 150 GeV (left) and pISR

T > 500 GeV (right). The dashed line indicates perfect reconstruction.
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keeping the other conditions fixed. The parameters consid-
ered include the probability of dark hadron production
(probVector), the dark confinement scale (Λ), the dark pion
and dark rho masses (mπD andmρD), the dark flavor number
(Ndark

F ), as well as the Z0 mass (mZ0). Figure 9 shows
representative results for variations of the dark-sector
parameters at fixed rinv ¼ 0.5, including mπD , Λ,

probVector, and Ndark
F . Only mild changes are observed,

suggesting that the model response is not strongly tied to a
specific choice of these dark-sector parameters. The media-
tor mass dependence is shown separately in Fig. 10. This
variation probes the stability of the regression response
under changes in the hard-process energy scale. The
predicted rML

inv distributions remain close to the

(a) (b) (c)

(d) (e) (f)

FIG. 7. Comparison between the ML-regressed and analytically reconstructed rinv distributions for mZ0 ¼ 1500 GeV. Panels
(a)–(c) correspond to pISR

T > 150 GeV with rinv ¼ 0.1, 0.5, and 0.9, while panels (d)–(f) show the corresponding distributions for
pISR
T > 500 GeV. The dashed histograms indicate the particle-level rinv distributions.

FIG. 8. Mean reconstructed rinv as a function of the particle-level rinv for the ML and analytic methods, shown for pISR
T > 150 GeV

(left) and pISR
T > 500 GeV (right). The shaded bands indicate the corresponding �σ variations, and the dashed line corresponds to

perfect reconstruction.
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corresponding particle-level distributions, indicating that the
model response is also stable under the mediator-mass
variation considered here.
The results are not surprising. The boosted topology

induced by a high-pT ISR object improves the resolution of
the relevant observables and makes the geometric structure
of the system clearer [32]. In such a phase-space, those
event-level quantities are not impacted by the details of
dark shower, unlike jet substructure type variables. Three
mπD points are compared here as illustrative examples,
including two extreme values, 100 and 200 GeV. When
mπD is increased to such high values, the dark shower
produces fewer dark hadrons, which in turn modifies
shower-level observables such as shown in Fig. 11.
While the number of charged particles sees a clear shift,
the Emiss

T distribution changes mildly in the bulk. Figure 12
shows the regression performance remains broadly stable
for those conditions. It is reasonable to anticipate an
algorithm exploring the correlations between charged
particles may be affected to a much greater extent.

B. Applicability to t-channel production

Although, the t-channel involves a scalar mediatorΦ that
couples an SM quark to a dark quark, very different to the
s-channel production, the event-topology is very similar.
Both production channels have a back-to-back SVJ system
boosted by an ISR object. Given the same rinv, the
regression model should achieve similar performance for
t-channel as well, even if the model is trained using
s-channel samples only, which is confirmed in Fig. 13.
Conventionally, the searches for s-channel and t-channel

production are separated as the former relies on observables
trying to reconstruct the resonance peak, which is not
feasible for the other. The above finding is encouraging,
since the regressed rinv can be a potential powerful
discriminant variable that is universally applicable to both
production channels. We also want to point it out here that
previous searches for t-channel SVJ places stringent
selections to reduce the multijet background, resulting in
a very different background composition, dominated by
electroweak boson processes. rML

inv may provide sufficient

FIG. 9. Regressed rML
inv distributions at fixed rinv ¼ 0.5 for variations of the dark-sector parameters: (a) dark pion

mass (mπD ), (b) confinement scale (Λ), (c) dark hadron production probability (probVector), and (d) dark flavor number (Ndark
F ).

In each panel, only the parameter indicated is varied, while the others are kept at their baseline values.
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separation power so that t-channel searches can loosen their
selection criteria to have similar background components as
the t-channel, which makes it feasible to consider both in a
unified approach.

C. Analysis impact

Previous studies have shown that using ranalyticinv with
mMAOS, a mass variable built from the MT2-assisted on-
shell reconstruction of the invisible momenta, allows us to

obtain much higher sensitivity [32,38,39] for s-channel.
The conclusion applies to rML

inv as well, given its improved
rinv precision. As shown in Fig. 14, the signal events are
more separated from background on the rinv −mMAOS

plane when rML
inv is considered. It is also worth highlighting

that both s-channel and t-channel exhibit similar clusters,
while the peak is lower for t-channel in mMAOS.
The enhancement can be appreciated more via a quanti-

fied approach. We calculate the bin-wise S=
ffiffiffiffi
B

p
value in the

two-dimensional plane, and Table IV compares the maxi-
mum value obtained using analytic rinv and rML

inv . It is
striking that rML

inv brings significant gains, especially in the
high rinv region.

VI. CONCLUSION

This work proposes a ML-based regression method to
reconstruct rinv, the key model parameter in SVJ searches.
With the presence of an ISR-object, the model can achieve
much better precision compared to the analytical formula
developed in Ref. [32]. The training procedure is tailored to
reduce the dependence on the signal model parameters, so
the performance is robust against various conditions. The
underlying physics captures the critical event-topology
feature of the ISRþ SVJ system, regardless of the pro-
duction channels. It is found that the regression model
trained using s-channel signal events also has similar
performance when evaluating on t-channel processes.
Even though we only included photon-ISR processes in

this study, the results are still valid for other ISR-objects, as
the overall event topology does not change significantly. In
the case of jet-ISR, a practical challenge is how to
distinguish the ISR-jet from the SVJs. It is shown that
simple geometric selections can achieve acceptable

FIG. 11. Left: comparison of the normalized Emiss
T distributions for three cases withmπD ¼ 20 GeV, 100 GeV, and 200 GeV. When the

dark hadron mass is increased to relatively extreme values, the peak of the Emiss
T distribution is weakened and the distribution becomes

flatter. Right: distribution of the generator-level charged-particle multiplicity Ngen
ch , which shifts overall to lower values as the dark meson

mass increases.

FIG. 10. Regressed rML
inv distributions under variations of the

mediator mass mZ0 at fixed rinv ¼ 0.5. The dashed histograms
show the particle-level rinv distributions, while the solid histo-
grams show the corresponding rML

inv predictions evaluated with the
baseline regression model. The vertical dotted line marks the
nominal rinv ¼ 0.5 value. The similar particle-level and ML
distributions indicate that the regression response remains stable
under the mediator-mass variation considered here.
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performance [31,32]. Naturally, if one has an excellent SVJ
tagging algorithm, this problem is solved automatically
[26–28]. It is interesting to further explore the connections
between SVJ identification and rinv reconstruction.
This method has great application potential. First, rML

inv
can serve as a discriminant variable in SVJ searches, given
the obvious separation power seen in Fig. 14. Furthermore,
it motivates us to rethink about the search strategy as
the performance is encouraging for both s-channel and
t-channel. It is possible to loosen the selection criteria
adopted in t-channel SVJ searches, broadening their cover-
age. Finally, this regression model is very suitable for
reinterpretation [40], since only high-level physics objects
are included in the training. It will remain effective as long
as the signal models under consideration are characterized
by rinv, no matter whether the SVJs are enriched with
leptons [41–43], heavy-flavor quarks [44] or long-lived
particles [45]. Finally, we want to point out that our method
is not tied with how rinv is realized in the generators, as it is
calculated using the visible and invisible particles inside the
jets directly.
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APPENDIX: MODEL AND TRAINING DETAILS

This appendix provides additional technical details of the
regression model used to estimate the event-level invisible
fraction. The model takes reconstruction-level observables
as inputs, including the ISR photon, the two leading jets,
the missing transverse momentum, and derived angular and
kinematic variables. The input variables are preprocessed
using a physics-motivated normalization procedure before
training.
The leading-jet transverse momentum is then used as the

event-wise normalization scale. The photon transverse
momentum, subleading-jet transverse momentum, missing
transverse momentum, leading-jet mass, and subleading-jet
mass are divided by the leading-jet transverse momentum.
The leading-jet transverse momentum itself is used only as
the normalization scale and is not retained as an independent
input feature. After this physical normalization, the nor-
malized transverse-momentumlike, mass, and missing-
momentum variables are standardized using the mean
and standard deviation of the training sample. The azimu-
thal-angle and pseudorapidity variables are kept in their
original forms.
The regression network is a fully connected feed-forward

neural network. Each hidden layer is followed by batch
normalization and a ReLU activation. The output layer
consists of a single neuron corresponding to the predicted
value of rinv. The model is trained by minimizing the mean-
squared error between the predicted rinv and the particle-
level target value defined in Eq. (2). The training uses the
Adam optimizer, weight decay, a validation-based learning-
rate scheduler, and gradient clipping.
The network architecture and training hyperparameters

are selected using an Optuna-based hyperparameter opti-
mization [46]. The validation loss is used as the optimi-
zation objective, so the different network depths used for
the pISR

T > 150 GeV and pISR
T > 500 GeV selections are

the result of validation-based hyperparameter selection
rather than a manual architectural choice. The final hyper-
parameters used in the analysis are summarized in Table V.

particle-level rinv

FIG. 12. Mean response of rML
inv as a function of the true rinv for

the cases with increased dark meson mass. The monotonic and
ordered behavior of rML

inv is not significantly changed when the
dark meson mass is increased, indicating that the regression
model remains stable under this parameter variation.
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The code used for the Delphes-to-CSV conversion, rinv
prediction, and plotting workflow is publicly available at
[47]. The repository contains a lightweight inference work-
flow, including data preprocessing utilities, trained model
loading, rinv prediction, and example plotting scripts.

Starting from Delphes-level inputs, the workflow converts
the selected objects into the required tabular format, applies
the same preprocessing as in the analysis, evaluates the
trained regression model, and produces the corresponding
rinv distributions.

FIG. 13. Distributions of rML
inv for t-channel samples withmϕ ¼ 1500 GeV (upper row), 2500 GeV (middle row) and 4000 GeV (lower

row), evaluated using the model trained on s-channel samples. From left to right, the panels correspond to rinv ¼ 0.1, 0.5, and 0.9. The
dashed histograms indicate the particle-level rinv distributions.
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FIG. 14. 80% contour regions in the two-dimensional ðrinv; mMAOSÞ plane for the t-channel and s-channel samples at
mϕ ¼ mZ0 ¼ 1.5 TeV and pISR

T > 500 GeV, shown for rinv ¼ 0.1 (top), 0.5 (middle), and 0.9 (bottom). The left column uses rML
inv ,

and the right column uses ranalyticinv . In each panel, the gray contour denotes the background, the blue and green contours denote the
t-channel and s-channel signals, respectively, and the markers indicate the corresponding density peaks. The red dashed line marks the
particle-level rinv value.
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