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An s-jet tagging approach to determine the Cabibbo-Kobayashi-Maskawa matrix component jVtsj
directly in the dileptonic final state events of the top pair production in proton-proton collisions has been
previously studied by measuring the branching fraction of the decay of one of the top quarks by t → sW.
The main challenge is improving the discrimination performance between strange jets from top decays and
other jets. This study proposes novel jet discriminators, called DiSaJa, using a Transformer-based deep
learning method. The first model, DiSaJa-H, utilizes multidomain inputs (jets, leptons, and missing
transverse momentum). An additional model, DiSaJa-L, further improves the setup by using lower-level jet
constituent information, rather than the high-level clustered information. DiSaJa-L is a novel model that
combines low-level jet constituent analysis with event classification using multidomain inputs. The model
performance is evaluated via a CMS-like LHC Run 2 fast simulation by comparing various statistical test
results to those from a Transformer-based jet classifier which considers only the individual jets. This study
shows that the DiSaJa models have significant performance gains over the individual jet classifier, and we
show the potential of the measurement during Run 3 of the LHC and the High-Luminosity LHC.
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I. INTRODUCTION

The Cabibbo-Kobayashi-Maskawa (CKM) matrix is the
3 × 3 unitary complex matrix that gives the strength of the
charged-current weak interaction between the quark gen-
erations in the Standard Model (SM) [1]. A global fit has
been performed to constrain its components using mea-
surements of various aspects of the CKM matrix and by
imposing the SM condition of unitarity [2]. Although the fit
gives precise values for each CKM component, further
measurements are necessary to test the validity of the
unitarity condition. In particular, the unitarity is no longer
valid in several beyond the SM (BSM) theories [3].
Therefore, direct measurement of the components should
be performed to test the SM consistency and constrain
BSM scenarios.
In this paper, we focus on the measurement potential of

the third-row component jVtsj, whose squared value gives
the branching ratio of the decay of the top quark to the
strange quark and aW boson in the SM. In the global fit of
the CKM under the SM conditions, the value of jVtsj is

4.110þ0.083
−0.072 × 10−2 [2]. There have been several studies for

measuring the component indirectly, which are used in the
global fit. For example, jVtsj is determined indirectly using
the B0

s − B̄0
s oscillation frequency [4–6] and decay constant

parameters from lattice QCD results [7], which results in
jVtsj ¼ 4.15� 0.09 × 10−2 [2]. However, as the indirect
measurements rely on loop processes, there could be BSM
contributions and therefore these measurements could yield
results that differ from the true value of jVtsj. For example,
BSM models with additional quark generations allow jVtsj
to be as large as 0.2 [3].
There are several measurements for the model-independent

direct determination of the Vtx components, where x is d, s,
and b. For instance, there are recent analyses with the
ATLAS and CMS detectors using 13 TeV data where the
single top process probes the tWq vertices in production and
decay in the t-channel. The CMS study gives limits of
jVtsj2 þ jVtdj2 < 0.057 and jVtsj2 þ jVtdj2 < 0.06 at the
95% confidence level (CL) under SM CKM unitarity and
after relaxing the SM constraint, respectively [8]. The
ATLAS study uses the fact that the d-quark is a valence
quark of the proton while the s-quark is a sea quark to give
the separate limits fLV jVtsj < 0.58 and fLV jVtdj < 0.23 at
the 95% CL, where fLV is the left-handed form factor [9].
Additionally, previous studies have proposed the direct
determination using a light-flavor jet tagging approach to
discriminate strange jets from the t → sW decay in the top
pair production process for jVtsj [10,11] or the b-jets from
t → bW for jVtbj [12].
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In this study, we expand on the jet tagging strategy for
measuring jVtsj using a deep learning (DL) approach. The
direct s-tagging approach is challenging due to the lack of
statistics for signal events from t → sW compared to
t → bW, which is the most dominant background process,
as the ratio of the signal to the background decay is given

by jVtbj2
jVtsj2 ≃ 590. Consequently, improving the separation

power between the signal and background jets is crucial.
There are several previous studies of s-tagging jets in

collider physics. At the LEP eþe− collider, the DELPHI
Collaboration studied the strange-quark forward-backward
asymmetry around the Z0 peak, which used high-energy
charged kaons to tag the strange quark [13]. The SLD at the
SLC used high-energy charged kaons andK0

S to tagZ
0 → ss̄

events andmeasured the parity-violating coupling of theZ to
s-quark [14].A future eþe− collider study focuses on tagging
strange-quark pairs from thedecayof aHiggs bosonH → ss̄,
presenting an s-jet discrimination variable produced by
tagging the charged kaons and K0

S inside of each jet [15].
For the proposed International Linear Collider, a study has
been performed to show the measurement prospects for
observing the rare decay H → ss̄ [16]. The study uses
information from the jet constituents combined with high-
level jet variables in order to discriminate the s-jets from the
Higgs decay from background jets. There are also various
proposals for s-jet tagging in hadron colliders, for example
using track information with a Long Short-term Memory
(LSTM) recurrent neural network to discriminate s-quarks
from other light quarks [17], and using also calorimeter and
Cherenkov detector information [18]. Other studies propose
using jet images passed into a convolutional neural network
[19], or using the jet particle information passed through a
ParticleNet graphneural network [20]. Transformer-based jet
tagging in future eþe− colliders has also been investigated
and applied to the study of Z0 → ss̄ [21]. Another study
investigates the performance of a graph-attention network or
particle transformer to tag strange jets with the High-
Luminosity LHC (HL-LHC) [22]. In these previous studies,
the s-jet is tagged and then utilized for further analysis.
In contrast, we propose a novel method to separate

strange jets originating from top decays, using the full event
information, and starting from a self-attention-based net-
work, SaJa [23]. SaJa was originally developed for the
assignment of jets to partons in the tt̄ all-hadronic channel,
where large QCD multijet backgrounds dominate the
analysis. We extend the SaJa model to apply to the dilepton
channel events of top pair production, and we call these
new models DiSaJa. Using the dileptonic channel, there are
fewer background jets in each event, due to the reduced jet
activity in an event compared to the other top pair decay
channels. To reflect the diverse decay products in the
dilepton channel, DiSaJa-H employs dedicated embedding
networks for leptons, jets, and missing energy to process all
the reconstructed physics objects in an event.

Numerous studies [24–27] have reported that DL models
using jet constituents as inputs demonstrate outstanding
performance in object-level tasks such as flavor tagging.
However, for event-level tasks, such as signal-background
discrimination and jet-parton assignment, the representa-
tion of input jets has been restricted to the format of
high-level feature variables rather than their constituents
[23,28,29]. In this study, we produce an additional model,
DiSaJa-L, which replaces the jet embedding layer in DiSaJa-H

with a dedicated embedding network that processes jet
constituents as inputs, enabling the model to learn jet
representations optimized for this analysis. DiSaJa-L is thus a
new general-purpose model that incorporates both low-
level jet constituent analysis and multidomain inputs able to
process the complete information available in hadron
collider data.
This paper is organized as follows: Sec. II describes the

event generation and detector simulation used in our
analysis. In Sec. III, we present the object and event
selection criteria. In Sec. IV, we explain the expanded
SaJa networks, which we refer to as DiSaJa, applied to tt̄
dilepton events and introduce a baseline model to evaluate
the performance of the DiSaJa models. In Sec. V, we
compare the model performance for the jVtsj measurement
between two DiSaJa models and the baseline model with the
simulated dataset. We also check the sensitivity of the
measurement expected from the Run 3 and HL-LHC
experiments [30] for evaluating the prospect of analyses
performed at other integrated luminosities.

II. SIMULATION SETTINGS

We generate tt̄ dilepton channel events with up to
two additional partons in pp collisions at

ffiffiffi
s

p ¼ 13 TeV
at next-to-leading order (NLO) in QCD using
MadGraph5_aMC@NLO2.6.5 [31] with NNPDF 3.1 [32]. The
signal process is tt̄ where one t-quark decays to an
s-quark (tt̄ → sWbW) while the background is tt̄, where
both t-quarks decay to b-quarks (tt̄ → bWbW) and about
100M events are generated for each process. The inclusive
tt̄ cross section for

ffiffiffi
s

p ¼ 13 TeV is calculated to be
831.76 pb, which is obtained at the next-to-next-to-lead-
ing-order (NNLO) QCD and next-to-next-to-leading-loga-
rithmic soft-gluon resummation with Top++ [33]. We take
the cross sections of dileptonic tt̄ → sWbW and tt̄ →
bWbW to be 0.337 and 88.99 pb, respectively, by using
the values of the inclusive cross section, the branching ratio
of W → lν (l ¼ e; μ; τ), Vts, and Vtb [2]. While the most
dominant background is the tt̄ → bWbW, there are also
non-negligible backgrounds from non-tt̄ processes such as
single top (ST), Drell-Yan (DY), and diboson (VV)
production. The ST t-channel and tW-associated processes
with no additional partons and DY events with two addi-
tional partons in the final state (DYþ jj) are generated at
the NLO accuracy in QCD using MadGraph5_aMC@NLO2.6.5
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[31] with NNPDF 3.1 [32] and the number of generated
events is about 220M, 220M, and 250M, respectively. In
the ST generation, the W boson is forced to decay
leptonically for more efficient event generation. For the
generation of the DY process, the invariant mass of the final
state lepton pair is set to be greater than 50 GeV. About
20M events for each VV process (WW, WZ, and ZZ) are
generated using Pythia 8.240 [34] and their cross sections are
set to 118.7 [35], 49.98 [36], and 16.91 pb [37], respec-
tively, based on the NNLO QCD calculations.
After the matrix-element-level event generation, parton

showering and hadronization are simulated with Pythia 8.
The matrix-element events are jet-matched with the parton
shower using the FxFx scheme [38] and the CP5 tuning
parameters are used for modeling the underlying event [39].
After the simulation, the cross sections of the ST t-channel,
the tW associated, and the DYare obtained as 73.45, 3.289,
and 359.1 pb, respectively.
We use Delphes 3.4.2 [40] to simulate the response of a

CMS-like detector. Delphes takes outputs from Pythia 8 and
emulates the propagation of the particles in the magnetic
field and the response of the particles in the detector’s
tracker and calorimeters. Using this information, Delphes

produces reconstructed charged particle tracks (tracks) and
neutral particles’ energy depositions in the calorimeters
(towers). These objects are used for reconstructing high-
level objects, which are the isolated leptons and the jets
made from clustering the tracks and towers. The kinematics
of the tracks and towers objects are also summed and the
transverse component of the result is negated to produce
the missing transverse momentum (p⃗T

miss or MET) of the
event. We change the default Delphes CMS card to reflect
the Run 2 conditions by using update values for the ΔR
for the lepton isolation, the jet clustering radius, and the
b-tagging efficiency. The ΔR for lepton isolation is set to
0.3 (0.4) for electrons (muons). The anti-kT algorithm is
used for jet clustering with the jet radius R ¼ 0.4 using
Fastjet 3.3.2 [41], and the b-tagging efficiency is updated
based on the efficiency distribution used by the CMS

experiment [42,43]. To emulate tracks in the CMS tracker,
the track impact parameter is smeared and the resolution of
the track transverse momentum is applied based on a CMS
tracker performance study [44].

III. EVENT SELECTION

This analysis is performed with top pair production in the
dilepton ee, eμ, and μμ channels. We identify tt dilepton
events using the standard selection criteria found in various
CMS top analyses [45–47]. Charged leptons are selected
using a cone-based relative isolation Irel [40], and kin-
ematic requirements. For muons, the isolation is required to
be Irel < 0.15 while electrons are selected when Irel <
0.0588 ð0.0571Þ in the barrel (end cap) region. Both flavors
of lepton are required to be within jηj < 2.4, but electrons
in the electromagnetic calorimeter transition gap region
1.44 < jηj < 1.57 are excluded [48]. We select jets with
pT > 30 GeV and jηj < 2.4, vetoing jets where the dis-
tance from a selected lepton ΔR is less than 0.4. Among the
remaining selected jets, jets are b-tagged according to the
CMS b-tagging efficiency parametrized as a function of pT .
We select events with exactly one lepton pair with

opposite charges where the invariant mass Mll of the
lepton pair is required to be greater than 20 GeV, and the pT
of the leading (subleading) lepton is required to be greater
than 25 (20) GeV. For the same-flavor (SF) channel, we
require jMll −MZj > 15 GeV, where the mass of the Z
boson MZ ≃ 91 GeV [2], to veto the Z boson background.
Additionally, for the SF channel, we require that the
missing transverse momentum pmiss

T > 40 GeV. We use
events with at least two selected jets, where at most one jet
is b-tagged.
We refer to jets originating from the parton q in top-

quark decays t → qW as primary jets. Consequently, the
signal jet is called the primary s-jet in this paper. Primary
jets are identified as reconstructed jets matched to gen-
erator-level quarks from top-quark decays. Matching is
performed by requiring that the distance ΔR between the

FIG. 1. Normalized distributions of the transverse momentum, pseudorapidity, and mass of reconstructed jets matched to prompt s-
and b-quarks from top-quark decays in fully matched tt̄ → sWbW and tt̄ → bWbW events after the event selection.
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parton and the jet satisfies ΔR < 0.4. If there exist multiple
ΔR-matched jets, which occur in less than 1% of signal
events, the jet having the highest pT is identified as the
primary jet. In 85% of signal events, there is a jet matched
to the t → sW parton.
Figure 1 presents the normalized distributions of trans-

verse momentum, pseudorapidity, and mass for recon-
structed jets that matched to partons from top-quark
decays in fully matched tt̄ → sWbW and tt̄ → bWbW
events, after the event selection. The near-identical shapes
of these distributions reflect the treatment of both s- and
b-quarks as massless at the matrix-element level. Small
differences in pT and mass between primary s- and b-jets
stem from different hadronization processes and masses of
b- and s-quarks. Moreover, primary b-jets in tt̄ → bWbW
events are slightly less energetic than signal b-jets. This
difference arises because the b-tagging efficiency increases
with jet pT , and the event selection rejects any event
containing two or more b-tagged jets. As a result, high-pT
b-jets in the background are preferentially rejected, leading
to an overall softer primary b-jet distribution in tt̄ →
bWbW events.

IV. MACHINE LEARNING

The original SaJa model, illustrated in Fig. 2, is designed
for the task of jet assignment in fully hadronic top pair
production and is built upon the Transformer encoder
architecture [49]. It processes high-level jet features using
a combination of feedforward networks (FFNs) and a

Transformer encoder block, which is displayed in Fig. 3.
The FFN block consists of two layers of affine trans-
formations, each followed by a Gaussian error linear unit
activation function [50], with dropout applied to prevent
overfitting [51]. The array of jet vectors is passed through
the jet-wise FFN blocks. The encoder block, detailed
below, allows for the interaction between the jet arrays
through the use of the self-attention mechanism.
Generically, attention is a function that takes a source

S∈RM×DS and a target T∈RN×DT as input and produces an
output array of the same length as the target, whereM andN
are the lengths of arrays and each element in S (T) is a vector
of dimension DS (DT). The purpose of attention is to
transform T into a rich contextual representation by
extracting and integrating relevant information from S; we
say that T attends to S. First,T is projected intoQ∈RN×DK ,
and S is projected into K∈RM×DK and V ∈RM×DV using
separate affine transformations.Q,K, andV are then passed
through a scaled-dot-product attention function:

AttentionðQ;K;VÞ ¼ softmax

�
QKTffiffiffiffiffiffiffi
DK

p
�
V ∈RN×DV ; ð1Þ

where softmax is applied to each row of the output of scaled-
dot-product attention. Self-attention is a special case of
attentionwhere S ¼ T. That is, a single set of objects attends
to itself.
In the encoder block, multihead self-attention (MHSA) is

used, which is a concatenation of Nhead copies of the

FIG. 2. Architecture of the original SaJa model (left) and the DiSaJa-H (right). Nx, Dx, and C denote the number of the object
x∈ fjets; leptons;METg, the dimension size of the object x, and the number of output categories, respectively.
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scaled-dot-product attention described above. The encoder
is comprised of Nblock encoder blocks running sequentially,
where each block consists of an MHSA block followed by
an FFN block. The output of these blocks is added
residually to the input arrays.
Unlike the original SaJa, the DiSaJa-H is designed to

process multidomain inputs to utilize all of the objects
in the dilepton final state events effectively. Figure 2

presents an overview of the DiSaJa-H architecture, including
input embedding networks (or embedders), event encoder,
decoder, and jet-wise classification head blocks. In the
initial step, input features listed in Table I for each object
(reconstructed jet, lepton, and MET) are embedded into the
same dimensional space through each FFN block. The
momentum components of the jet, the number of particles
in the jet (for each category of particle), the jet energy

FIG. 3. Detailed network structure of blocks of feedforward network, encoder, and decoder. The decoder processes the output of the jet
embedder as the target input and the output of the event encoder block as the source input.

TABLE I. Features used as inputs in the models for each object type (jet, lepton, and MET).

Object Variable Definition

Jet pTðjÞ; ηðjÞ;ϕðjÞ;MðjÞ Momentum components of jet
Nh0 Neutral hadron multiplicity
Nh� Charged hadron multiplicity
Ne Electron multiplicity
Nμ Muon multiplicity
NP Photon multiplicity
pTD Jet energy sharing

Jet axes Lengths of ellipse
Jet b-tag Boolean indicating whether a jet is b-tagged or not
Jet charge Jet charge

Lepton pTðlÞ; ηðlÞ;ϕðlÞ;MðlÞ Momentum components of lepton
Lepton flavor 0 for e, 1 for μ

Ql Lepton charge

MET pmiss
T , ϕðpmiss

T Þ Magnitude and azimuth angle of p⃗T
miss
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sharing (pTD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiP

i
p2
T;i

pP
i
pT;i

, where i indexes over particles

inside jet) [52,53], the jet shape, the jet b-tagging infor-
mation, and the jet charge (Qκ ¼

P
h∈ jet z

κ
hQh, where

zh ¼ pTh
=pT jet

, κ ¼ 0.3) [54–56] are used as inputs to
the jet array. For leptons, the momentum components,
flavor, and charge are used. For the missing transverse
momentum, its magnitude and azimuth angle are used as
inputs. All input features are scaled to a range between 0
and 1 using min-max scaling. In DiSaJa-H, the separate
object embedders allow different objects to be concatenated
in a sequence by projecting them into the same dimensional
space and they are then processed together by the event
encoder, as in the original SaJa model. The encoder is
followed by the decoder, which uses the Transformer

decoder architecture, and which takes the jet embedder’s
output as the target input and the event encoder’s output as
the source input. The MHSA block first processes the jet
embedding input, and the output is combined with the event
encoder output using multihead attention to integrate the
full event information into each jet vector. The output of the
decoder is passed to the jet-wise classification head, which
assigns categorical scores for jets in each event using the
final FFN head.
The DiSaJa-L model starts from the DiSaJa-H model as a

base, and is augmented by utilizing arrays of jet constituent
information as inputs instead of the high-level jet variables
produced after the jet clustering. The low-level jet embed-
der is thus a drop-in replacement of the high-level jet
embedder. Figure 4 shows the architecture of the low-level
jet embedder, which is designed to extract the informative
representations of jets from their constituents, which are the
tracks and towers produced by Delphes. The input feature
variables of tracks and towers are summarized in Table II.
To address these differences, the low-level jet embedder
includes two separate FFNs, which project tracks and
towers into the same dimension, and are called the track
and tower embedders, respectively. The outputs of track
and tower embedders are then concatenated and passed into
a jet constituent encoder, which also uses the Transformer
encoder architecture described above. Then, the aggregate
block averages the output of the jet constituent encoder
over the constituent axis to produce a single vector per jet,
which is used in the rest of the model, as in DiSaJa-H.
For the training and validation, we use a selected sub-

sample of the generated tt → sWbW and tt̄ → bWbW
events. For training, we use around 1.1M events, which
are required to contain a t → sW jet-parton matched jet,
with no requirement of a t → bW matched jet. In the case of
the background sample, we use about 0.5M events where
both t → bW partons have jet matches and 0.4M events of
unmatched events, where at least one of the t → bW jet-
parton matches is missing. For model selection, we use
around 275K signal events and 221K (121K of matched
and 100K of unmatched) background events, passing the

FIG. 4. Architecture of the jet constituent encoder, which can
replace the jet high-level feature encoder. Track and tower
features are fed into encoders and the jet constituent encoder
learns jet representation.

TABLE II. Input features of jet constituents.

Variable Definition

pTðPÞ; ηðPÞ;ϕðPÞ Momentum components of particle
Δη Difference of pseudorapidity between particle and jet axis
Δϕ Difference of azimuthal angle ϕ between particle and jet axis
pT ðPÞ
pT ðjÞ

pT of a constituent relative to jet pT

prel
T Particle momentum perpendicular to the jet axis

prel
z Particle momentum in the direction of the jet axis

d0 Transverse track impact parameter value
dz Longitudinal track impact parameter value
QP Charge of particle

EEM, Ehad Electromagnetic, hadronic energy in calorimeter
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same matching requirements but chosen separately from
the training samples, as the validation dataset.
The models are trained to classify jets into three groups:

t → sW, t → bW, and other jets, which represent the jet
categories of interest in the signal process tt̄ → sWbW. The
models are provided with the true labels from the simu-
lation for the jet category of each jet in an event during
training. We use jet-wise cross entropy as the objective
function L for training, which is defined for each event as
follows:

LðθÞ ¼ 1

N

XN
j¼1

�
−
X
c∈C

yðjÞc log ŷðjÞc

�
ð2Þ

where θ denotes the adjustable parameters of a model,
N is the number of jets in the event, j indexes over
the jets in the events, c indexes over the jet categories

C ¼ ft → sW; t → bW; otherg, yðjÞc is 1 for the true jet

category c for jet j and 0 otherwise, and ŷðjÞc ¼ ŷðjÞc ðθÞ is the
model output for the jet j in category c.Model optimization is
performed with the AdamW optimizer [57] with β1 ¼ 0.9,
β2 ¼ 0.999, a learning rate of 0.0003, and a weight decay
coefficient of 0.01. We use minibatch training, where each
batch consists of 128 randomly sampled events for each
training iteration. To handle variable-length jets and their
constituents, input variables are zero padded to match the
maximum length of inputs within a batch, allowing us to use
all the jets in each event without truncation. We evaluate the
loss on the validation set during training and hyperparameter
optimization and select the model with the lowest loss.
While we train models to classify all the jets of the tt̄ →

sWbW signal process, DiSaJa’s output scores should also
effectively discriminate signal events against background
events. Further, since the difference between the tt̄ →
sWbW signal process and the main background tt̄ →
bWbW is the presence of the t → sW jet, we use the
highest t → sW score within each event as a signal-back-
ground discriminant and the corresponding jet is referred to
as the predicted primary s-jet. However, we found that
models trained on only signal events, while achieving good
assignment performance showed limited discrimination
power between signal and background events. This chal-
lenge arises because the tt̄ → bWbW background process
shares the same event topology with the tt̄ → sWbW
signal, and other background processes can also mimic
it. Because the tt̄ → bWbW background is statistically
dominant after the final event selection, we explore
incorporating tt̄ → bWbW background events into the
training set. The impact of these different training con-
figurations is evaluated by comparing the significance of
excluding jVtsj ¼ 0, assuming an integrated luminosity of
138 fb−1 with only MC statistical uncertainty. The precise
definition of the significance is given in Sec. V.
First, we train a DiSaJa-H model using the signal-only

training set, which contains only jet-parton matched

tt̄ → sWbW events and constructs a baseline for the
different training set configurations. The signal-only train-
ing set model achieves a significance of 2.60σ. The second
configuration is based on a training set comprising both
matched tt̄ → sWbW signal events and matched tt̄ →
bWbW background events. Jets in matched tt̄ → bWbW
events are labeled using jet-parton matching information
as for tt̄ → sWbW events. The result with this configura-
tion yields a significance of 3.24σ, demonstrating improved
discrimination between signal and background. The train-
ing set for the final configuration also includes the
unmatched tt̄ → bWbW, and for these events all jets are
labeled as other jets. This approach results in a significance
of 4.45σ, the highest among the tested configurations.
Based on these results, we use the final training configu-
ration for the results of this study.
We optimize the hyperparameters of the DiSaJa-H model

using the tree-structured Parzen estimator algorithm [58]
within the Optuna framework [59]. The same hyperpara-
meters are applied to DiSaJa-L. The hyperparameters for the
model are DFFN, Nblock, Nhead, and Dmodel, where Dmodel is
Nhead× dimension of each attention in MHSA, and are
determined to be 1024, 2, 12, and 384, respectively.
For comparison to current DL methods, we use a

baseline model which is a jet tagger based on the jet
encoder section of DiSaJa-L, but passed into an s-tagging
FFN rather than being used in DiSaJa. The input of the
baseline classifier is an array of jet constituents from a
single jet and uses the same features of the constituents, as
listed in Table II, that are used for input into the jet encoder.
It is trained to classify each jet into three categories:
t → sW, t → bW, and other jets by minimizing the cross
entropy of the model predictions. While the DiSaJa models
process all jets and other objects simultaneously using the
attention mechanism, providing outputs for all jets in an
event at once, the baseline model processes jets individu-
ally, without considering their relationships with other jets.
This gives a DL s-tagger approach for our baseline, using
the per-jet low-level jet constituent information as in
previous flavor-tagging-type studies.

V. RESULTS

We evaluate the performance of the DiSaJa models by
comparing with the baseline model. The highest t → sW
score within each event is used as the discriminant to
distinguish between signal and background processes, and
the jet with the highest t → sW score is referred to as the
predicted primary s-jet. Figure 5 shows the distribution of
the highest t → sW score in the signal sample. Events are
categorized into three labels: correct (wrong), where a
predicted primary s-jet is (is not) the genuine primary s-jet,
and unmatched, representing events where the jet-parton
matching fails. Figure 6 displays the fraction of the t → sW
signal which is correctly assigned, wrongly assigned, and
unmatched, with respect to the signal efficiency defined as
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the fraction of signal events which pass a given selection on
the primary s-jet score. Table III presents the fractions of
events where the predicted primary s-jet matches each of
the MC truth categories. The table shows that the baseline
jet classifier is able to use the jet constituent information to
reject more of the b-jets from t → bW than the high-level
DiSaJa-H, while DiSaJa-L utilizes the whole event information
to outperform the baseline in rejected t → bW b-jets. On
the other hand, DiSaJa-H is better than the baseline model at

rejecting jets not from a top decay, and though DiSaJa-L

selects more nontop decay jets than DiSaJa-H, it is still the
highest performing classifier.
Figure 7 shows the normalized distributions of the score

for the signal and background processes using the baseline
and DiSaJa models. Light jets are more predominant in
the DYþ jj process than in the tt̄ and single top pro-
cesses, which are likely to contain mistagged b-jets. The
score distribution for the light jet is quite flat across the
discriminant variable; therefore, picking out the highest
discriminant score from several light jets sculpts the
distribution toward higher values of the discriminant.
Therefore, the DYþ jj process behaves differently from
other backgrounds, and is closer to the signal distribution.
Figure 8 presents the receiver operating characteristic
(ROC) curves and the area under the curve (AUC) values
for the baseline and the DiSaJa models. It shows the tt̄,
DY, and single top background rejection rate correspon-
ding to a given signal efficiency. The results demonstrate
that the DiSaJa models achieve better assignments to t → sW
than the baseline model. Additionally, DiSaJa-L outperforms
DiSaJa-H.

FIG. 5. Distribution of the highest t → sW score used as a discriminant in the signal sample, showing jets that are correctly assigned,
wrongly assigned, and unmatched with partons. The ratios for these three categories are reflected in the distributions.

FIG. 6. Correctly (left), wrongly (middle) assigned, and unmatched (right) fractions as a function of the efficiency for events in the
signal sample to have a jet which passes a t → sW score selection.

TABLE III. The fraction of tt̄ → sWbW events where the
highest t → sW jet score is assigned to a given MC truth matched
category. The possible jet-type categories we consider are the
signal s-jet from the t → sW decay, the b-jet from the t → bW
decay, or other, a jet in the event which does not match to a top
decay.

t → sW t → bW Other

Baseline 80.0% 2.8% 17.1%
DiSaJa-H 84.5% 4.8% 10.7%
DiSaJa-L 85.9% 1.8% 12.4%
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We perform statistical tests to evaluate model perfor-
mance. For the tests, we use a binned profile likelihood fit
using the CMS Combine framework [60]. The observable
for the fit is the highest t → sW assignment score as shown
in Fig. 9 and the parameter of interest (POI) is the signal

strength μ scaling the signal yield defined as μ ¼ jVtsj2
jVPDG

ts j2,

where jVPDG
ts j ¼ 4.110 × 10−2. Systematic uncertainties

expected to have a sizable impact on this study are included
when deriving the expected performance of the measure-
ments, as well as the statistical uncertainty due to the
simulation sample size.We include the b-tagging uncertainty
byvarying the relativeb-tagging efficiency by 2.5%and10%
for b- and non-b-jets, respectively, which are the largest
relative changes across the full pT range shown in the CMS
b-tagging study [43], thus giving a conservative uncertainty
estimate. The jet energy scale uncertainty is taken into
account by increasing or decreasing the pT of each jet by
4%, which is taken from the jet energy scale and resolution
measurement study by the CMS Collaboration [61–63].

Modeling uncertainties for the tt̄ processes are also consid-
ered in the results. The uncertainties of the QCD scales at the
matrix-element level are included by fixing the renormaliza-
tion scaleμR (factorization scaleμF)whilevaryingμF (μR) by
a factor of 2 and 0.5 for up and downvariations, respectively.
Parton shower uncertainties are considered by varying the
value of μR applied to the initial state radiation (ISR) or final
state radiation (FSR) branchings by 2 and 0.5 for up and
down variation, respectively. The PDF uncertainty is taken
into account by following the PDF4LHC recommendation
for Run 2 of the LHC Run 2 [64].
We calculate the expected significance of excluding

jVtsj ¼ 0 using the test statistic q ¼ −2 ln Lð0;θ̂0Þ
Lðμ̂;θ̂Þ where μ

is the signal strength, θ are the nuisance parameters, and μ̂
and θ̂ are the unconstrained maximum likelihood estimator
for μ and θ, respectively, and θ̂μ is the value of the nuisance
parameters that maximize the likelihood at a given μ. The
test statistic is truncated to 0 when μ̂ < 0. The expected
significance is derived using the Asimov dataset and the

FIG. 7. Normalized distributions of the highest t → sW category scores for jets in events across different classification methods. The
left shows the distribution using the baseline model. The middle illustrates the distribution using DiSaJa-H, while the right panel displays
the distribution using DiSaJa-L. All distributions are normalized to 1 for comparative purposes.

FIG. 8. ROC curves comparing the baseline and DiSaJa models. The background rejection rates are shown for three background
processes: tt̄ (left), DY (middle), and single top (right). The AUC value for each model is given in the legends.
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asymptotic approximation of the profile likelihood ratio [65].
The calculation is performed on the observable distribution
normalized to an integrated luminosity of 138 fb−1, which is
equivalent to the data collected at CMS during the LHC Run
2 period. Then, the expected significance is extrapolated up
to 3000 fb−1, which is expected to be collected during the
upcoming HL-LHC experiment. Figure 10 illustrates a
comparison of the significance for each model. The DiSaJa

models outperform the baseline model, and the DiSaJa-L

model performs better than the DiSaJa-H model. The DiSaJa-

L model shows an expected exclusion significance greater
than 3σ with the HL-LHC luminosity.
We calculate the expected CLs upper limits at the

95% CL using the best-performing model, DiSaJa-L. For

the limit calculation, the test statistic q ¼ −2 ln Lðμ;θ̂μÞ
Lðμ̂;θ̂Þ is

employed. Depending on the value of μ̂, the test statistic is

modified to q ¼ −2 ln Lðμ;θ̂μÞ
Lð0;bθ0Þ for μ̂ < 0 and is set to q ¼ 0

for μ̂ > μ [60]. Using the Asimov dataset with μ ¼ 0, the
expected median upper limit is derived and the expected
�1σ and �2σ statistical fluctuations are extracted using
asymptotic properties of the likelihood function [65],
yielding μ < 0.7598þ0.3058

−0.2171 based on the integrated lumi-
nosity of Run 2. The upper limit result is also projected
to the Run 3 and HL-LHC luminosities and yields
μ < 0.6699þ0.2697

−0.1913 and μ < 0.5879þ0.2367
−0.1679 , respectively, as

shown in Fig. 11.

FIG. 9. Normalized score distribution for different models at an integrated luminosity of 138 fb−1. The baseline model, DiSaJa-H, and
DiSaJa-L are compared for signal-background separation.

FIG. 10. The expected significance of excluding scenarios with
jVtsj ¼ 0 calculated for integrated luminosities from 138 fb−1

(CMS Run 2 luminosity) to 3000 fb−1 (HL-LHC luminosity).
The significance is calculated by projecting the luminosity and
takes into account systematic uncertainties.

FIG. 11. The expected CLs upper limit on signal strength μ
(DiSaJa-L). The expected CLs upper limit is calculated from
138 fb−1 (CMS Run 2 luminosity) to 3000 fb−1 (HL-LHC
luminosity) with luminosity projection and considering system-
atic uncertainties.
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We scan the negative log-likelihood ratio of each model,
using the Asimov dataset with μ ¼ 1, as a function of the
signal strength with the integrated luminosity of Run 2 to
obtain the expected confidence interval for the measure-
ment, as shown in Fig. 12. Among the models, DiSaJa-L

shows the smallest interval, consistent with the other model
comparisons above. With this model, the expected interval
is 1.90 × 10−2 < jVtsj < 5.49 × 10−2 at the 95% CL.
Lastly, we evaluate how strongly each uncertainty source

affects the POI μ. For every source, the impact is defined as
the shift of μ (Δμ) obtained when the corresponding
nuisance parameter is kept fixed at its postfit �1σ, while
all other nuisance parameters are profiled in the fit [60].
Table IV lists the uncertainties in descending order of their
impact. The dominant contribution stems from the limited
simulation sample size (as indicated by the MC statistics in
the table), followed by b-tagging, QCD scale, FSR, JES,

ISR, and PDF effects. As the results are limited by the
MC sample size statistical uncertainty, which is dominated
by the tt → bWbW, the results we have shown are
conservative estimates of the expected signal significance
and limits. Our results show already that within the limits of
the statistical uncertainty, the HL-LHC should be able to
observe nonzero Vts, and given collaboration-sized simu-
lation resources, there is potential to increase the signal
significance to the discovery level.

VI. CONCLUSION

We have studied the application of deep learning for the
direct determination of jVtsj in the dileptonic tt̄ final state
events. The simulated sample reflects the environment of
the CMS-like detector at the LHC experiment in the Run
2 period. Taking the primary s-jet tagging approach, we
have developed a deep-learning-based jet discriminator,
which we call DiSaJa-H, which uses as inputs all the high-
level reconstructed objects of an event. The performance
improvement using the DiSaJa-H method is tested by
comparing it to the baseline model, and further perfor-
mance improvement is achieved by using a model, DiSaJa-L,
which uses the jet constituents as input variables. With the
DiSaJa-L model, the expected significance for excluding
jVtsj ¼ 0 assuming jVtsj ¼ jVts

PDGj is 2.56σ, the median
expected upper limit on μ at 95% CL is found to be 0.7598,
and the confidence interval is 1.90 × 10−2 < jVtsj <
5.49 × 10−2 at the 95% CL. Assuming the same collider
environment as the Run 2 used in this paper, the statistical
tests are extrapolated by projecting the integrated lumi-
nosity to 300 and 3000 fb−1, corresponding to Run 3 and
the HL-LHC, respectively. With the Run 3 projection, the
results of the Run 2 are improved to 2.90σ for the expected
significance and μ < 0.6699 at the 95% CL is the median
expected upper limit. With the HL-LHC projection, they
are enhanced to 3.29σ and μ < 0.5879. The DiSaJa models
show a large performance increase over standard machine
learning techniques, which will contribute significantly to
measurement precision. Furthermore, the flexibility of the
multidomain input and output of the model allows for it to
be adapted to other analyses.
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FIG. 12. Expected negative log-likelihood scan for the signal
strength (μ) on an LHC Run 2 luminosity (138 fb−1). The DiSaJa-L
shows the best performance, providing bounds for jVtsj estimation.

TABLE IV. Impact of each uncertainty source on the signal
strength μ. Per-bin MC statistical errors are reduced to MC
statistics by the quadratic sum of them. The systematic effect is
extracted based on the expected signal μ ¼ 1 and DiSaJa-L.

Source Impact on μ (Δμ)

MC statistics −0.341=þ 0.344
b-tagging −0.233=þ 0.191
QCD scale −0.190=þ 0.185
FSR −0.156=þ 0.137
JES −0.125=þ 0.101
ISR −0.0461=þ 0.0695
PDF −0.0216=þ 0.0219

Total −0.393=þ 0.392
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