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Abstract Jet flavour tagging is crucial in experimen-

tal high-energy physics. A tagging algorithm, DeepJet-

Transformer, is presented, which exploits a

transformer-based neural network that is substantially faster

to train than state-of-the-art graph neural networks. The

DeepJetTransformer algorithm uses information from

particle flow-style objects and secondary vertex reconstruc-

tion for b- and c-jet identification, supplemented by addi-

tional information that is not always included in tagging

algorithms at the LHC, such as reconstructed K 0
S and �0

and K ±/π± discrimination. The model is trained as a mul-

ticlassifier to identify all quark flavours separately and per-

forms excellently in identifying b- and c-jets. An s-tagging

efficiency of 40% can be achieved with a 10% ud-jet back-

ground efficiency. The performance improvement achieved

by including K 0
S and �0 reconstruction and K ±/π± discrim-

ination is presented. The algorithm is applied on exclusive

Z → qq̄ samples to examine the physics potential and is

shown to isolate Z → ss̄ events. Assuming all non-Z → qq̄

backgrounds can be efficiently rejected, a 5σ discovery sig-

nificance for Z → ss̄ can be achieved with an integrated

luminosity of 60 nb−1 of e+e− collisions at
√

s = 91.2 GeV,

corresponding to less than a second of the FCC-ee run plan

at the Z boson resonance.

1 Introduction

The Standard Model (SM) of particle physics [1–4] is one of

the most successful scientific theories describing the funda-
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mental particles and their interactions. The last piece of this

model, the Higgs boson, was discovered [5,6] at the Large

Hadron Collider (LHC) [7] in 2012, and the precise study of

its properties will remain mostly superficial at the LHC due

to high irreducible backgrounds from other SM processes

while isolating Higgs boson events.

One of the main motivations for proposed future lepton

colliders [8–11] is the precise measurement of SM param-

eters, like precision studies of the hadronic decay of the Z

boson and greatly improved sensitivity to the couplings of the

Higgs boson to the bottom (b) and charm (c) quarks and glu-

ons (g) [12–14]. Achieving these objectives requires an effi-

cient reconstruction and identification of the hadronic decays

of these particles. The feasibility of studying the decay of the

Higgs boson to the strange (s), up (u), and down (d) quarks

depends on the collider and detector performance and is cur-

rently under investigation in the field. It is well established

that efficient and accurate jet flavour identification is essen-

tial to exploit the maximal physics potential of future collider

experiments [15–19].

The state-of-the art is shortly reviewed in the rest of Sect. 1.

Section 2 summarises the FCC-ee collider, the IDEA detector

concept, and the used simulated samples and provides mini-

mal event selection requirements. Section 3 briefly describes

the algorithms used to reconstruct displaced decay vertices

and their performance. Section 4 introduces the attention

mechanism and Transformer models and outlines the descrip-

tion of the input features and the network architecture used

for tagging. Finally, the obtained results and the performance

of the flavour-tagging algorithm in Z boson signatures are

presented in Sects. 5 and 6, respectively.
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1.1 Review of jet flavour tagging

Jets originating from the b and c quarks contain hadrons

with significant lifetimes that travel distances of the order of

millimeters from the interaction point before decaying into

lighter hadrons. The heavy flavour tagging algorithms used

at the Large Electron-Positron collider (LEP) [20,21] and

the Tevatron [22,23] experiments exploited variables derived

from the displaced charged tracks originating from these

decayed b or c hadrons to distinguish the heavy flavoured

jets from s, u, d quark and gluon jets. These charged tracks

are commonly clustered to reconstruct the original decay ver-

tices of the b and c hadrons, also called secondary vertices

(SVs). The properties of these SVs, like their mass and dis-

placement, are some of the most important inputs used to

identify b- and c-jets.

The understanding and performance of jet flavour tagging

at the LHC has steadily been improving and heavily relies on

machine learning (ML) [24,25], which also inspires flavour

tagging algorithms for the FCC-ee [26,27].

ML approaches are uniquely suited to classify jet flavours,

where training samples are abundant in the form of Monte

Carlo (MC) simulation. Still, the underlying dynamics of

jet formation and hadronisation are not always well under-

stood. With the advent of ML techniques, including Neu-

ral Networks (NNs) and Boosted Decision Trees (BDTs),

approaches relying on single physics-motivated variables

for jet flavour discrimination were significantly outper-

formed [25,28–30]. Since then, a multitude of architectures

and jet representations have found success in discriminating

jet flavours, including Dense Neural Networks (DNNs) [31],

Recurrent Neural Networks (RNNs) [32], Convolutional

Neural Networks (CNNs) [33,34], and Graph Neural Net-

works (GNNs) [26,35,36].

Among the most successful of these are Graph-based

architectures such as ParticleNet [26] that represent jets

as sets of nodes (jet constituents) and edges (some pair-

wise defined feature, often the difference in a given vari-

able of jet constituents). In particular, networks combin-

ing a self-attention mechanism [37] to exploit the relative

importance of constructed features, dubbed Transformer Net-

works, have achieved state-of-the-art performance in the

task of jet flavour tagging [30,38–40]. Particle Transformer

(ParT) [40] combines a graph representation of jets with

an attention mechanism. In this work, a pure Transformer

architecture, DeepJetTransformer, similar to the ParT

(plain) variant introduced in Ref. [40], is presented for the

task of jet flavour identification at future lepton colliders,

using the FCC-ee with the IDEA detector concept as a

benchmark [8,41]. DeepJetTransformer is relatively

lightweight and requires much less computational time com-

pared to graph-based architectures [40,42,43], yet achieves

comparable tagging performance.

1.2 The Z boson at the FCC-ee

After the discovery of the Z boson at the Super Proton Syn-

chrotron (SPS) at CERN in 1983 [44,45], this neutral vector

boson was extensively studied at the LEP collider and the

SLAC Linear Collider. The existence of the Z boson con-

firmed the electroweak mixing [46,47] and the measurement

of its width constrained the number of neutrino generations

to three [48–52].

The proposed FCC-ee program provides a unique oppor-

tunity to push the Z boson measurements to their ultimate

limit. The four-year-long FCC-ee run at and around the Z

resonance will produce an unprecedented 6 × 1012 total

decays. The integrated luminosity expected at the Z reso-

nance at FCC-ee is 125 ab−1, about 106 times that of LEP.

The statistical errors on the mass and width of the Z boson

can be reduced from 1.2 MeV and 2 MeV to 5 KeV and 8

KeV [8], respectively. Lower center-of-mass energy spread

due to beam energy calibration will benefit in reducing the

systematic uncertainty of these quantities. Measuring the

forward-backward and polarisation asymmetries is a pow-

erful method to estimate the effective weak mixing angle,

sin2 θeff
W , for which the statistical uncertainty is expected to

reduce to about 10−6, corresponding a more than thirty-fold

improvement [8].

Studying the hadronic decay channels of the Z boson is a

very important aspect of the FCC-ee physics program. The

couplings and decay widths of the Z boson have only been

measured to the heavier quarks, b and c. The only study of

the s quark decay of the Z boson available in the literature

is preliminary [53]. For the lighter quarks, s, u, and d, these

properties are typically only listed collectively for up-type

and down-type quarks [54]. Similarly, the axial and vector

couplings have also been collectively measured for up-type

and down-type quarks [54].

Future colliders with a dedicated Z boson run, like FCC-

ee, will improve the precision of all these measurements

and make the s quark, and potentially the u, and d quarks,

accessible. Individual measurements of the quark vector

and axial couplings should be possible via their forward-

backward asymmetries, corresponding partial decay widths

of the Z boson, and the precise knowledge of Ae, the asym-

metry parameter of the e−e+ pair. The experimental system-

atic uncertainties corresponding to these measurements are

also expected to drastically improve due to better detector

designs [8].

1.3 Strange jet tagging

The discrimination of s-jets is widely regarded as one of the

most challenging types of jet discrimination. Thus, it has

received considerably less attention than its heavy-flavour

counterparts, or indeed gluon discrimination. At the core of
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the problem is the fact that unlike in the discrimination of

quarks vs gluons, which relies heavily on properties follow-

ing from their differing colour factors CF = 4/3 vs CA = 3,

or heavy flavour tagging, which relies on displaced vertices

of b/c hadrons, strange quarks are treated identically to down

quarks by QCD and Electroweak theory in the massless limit

prior to their decay. Discriminating strange and down jets is

particularly challenging due to the same fractional charge of

the initiating quarks. In practice, however, strange hadrons

carry a larger fraction of the total scalar momentum of strange

jets, compared to hadrons consisting of up and down (ud)

quarks. The total scalar momentum is obtained by summing

over the scalar momentum of all jet constituents. This idea

was also explored in the context of hadron colliders [55].

Strange jets tend to have a higher kaon multiplicity and a

lower number of pions than u- and d-jets. Therefore distin-

guishing K ± and π± and reconstructing K 0
S is crucial for

strange jet identification [55–57].

SLD [58] tagged Z → ss̄ events by looking for the

absence of reconstructed b and c hadrons and the presence of

K ± or K 0
S [59]. Particle identification (PID) was performed at

SLD, as at DELPHI [60], with a RICH detector. At most other

detectors, energy loss (d E/dx) was used for PID [61,62],

with the addition of timing at ALEPH [63]. The detector con-

cepts at the FCC-ee foresee the use of techniques like energy

loss (d E/dx) [64], ionisation cluster counting (d N/dx) [65],

time-of-flight [66], and compact-Ring Imaging CHerenkov

(RICH) detectors.

Tagging strange jets at future colliders has been explored

as a probe to perform precision measurements in the Higgs

sector [18,67], and the impact of using d N/dx and time-

of-flight on strange tagging performance for jets originat-

ing from Higgs boson decay was studied using a graph neu-

ral network [42]. In this work, DeepJetTransformer is

used to isolate Z → ss̄ events from the exclusive hadronic

decays of the Z boson in the FCC-ee environment. The excess

momentum carried by strange hadrons is exploited, firstly by

including V0 variables and secondly through K ±/π± dis-

crimination. The cleaner environment at lepton colliders and

the powerful PID capabilities of the proposed detectors facil-

itate making strange jet tagging feasible.

2 Experimental environment

2.1 FCC-ee

The Future Circular Collider (FCC) integrated project [68,

69] aims to build e+e−, pp, and ep colliders in a 90.7 km

circular tunnel in the Geneva region. FCC-ee [8] is a pro-

posed e+e− collider and the first stage of the FCC integrated

project. It is currently planned to run at four different center-

of-mass energy modes, starting from around 91.2 GeV at

the Z-pole to 365 GeV, over the t t̄ threshold. The unprece-

dented luminosities at the FCC-ee uniquely facilitate tests

of the SM and, at the same time, present novel challenges

in reducing systematic errors. The circular collider design

provides the opportunity for four interaction points, each of

which can host a different detector design. Such detector

concepts [41,70,71] are currently being studied, of which

the IDEA detector concept [41] has been used in this study.

2.2 IDEA detector concept

A fast simulation of the IDEA detector concept [72] has been

implemented inDelphes [73] and used for the simulation of

the samples used in this work. A spherical coordinate system

is used with its origin at the center of the detector system and

the positive z axis in the direction of travel of the incoming

electron. The polar angle, θ , is defined as the angle between

the radial line and the positive z axis and the azimuthal angle,

φ, is defined as the angle of rotation of the radial line around

the positive z axis.

The innermost part of the IDEA detector is the monolithic

active pixel sensor (MAPS) based vertex detector, which con-

sists of three inner layers with a space point resolution of

3 µm, and two outer barrel and three disk layers on each

side with a space point resolution of 7 µm. The innermost

layer is positioned at a radius of 1.7 cm. The vertex detec-

tor is enclosed by the drift chamber incorporating 112 layers

of 100 µm resolution. The multiple scattering of particles is

minimal thanks to the main gas component being Helium.

Two layers of silicon sensors surround the drift chamber to

provide a very precise space point measurement. A single-

hit resolution of 7 µm (90 µm) along φ (z) is assumed. These

sit inside a solenoid magnet with a 2 T magnetic field. It is

followed by a dual-readout calorimeter that is sensitive to

independent signals from the scintillation and the Cerenkov

light production. This results in a good energy resolution for

both electromagnetic and hadronic showers. The calorime-

ter is enveloped by the muon system consisting of layers of

chambers embedded in the magnet return yoke. The detec-

tor geometry has been modified since generating the event

samples, and further optimisation is in progress.

2.3 Event samples and jet reconstruction

The simulated event samples used for training and evalu-

ation consist of the process e+e− → Z → qq̄ , where

q ≡ b, c, (u, d, s), at the center-of-mass energy (
√

s) of

91.2 GeV. Pythia8.303 [74] is used for event genera-

tion, parton showering, and hadronisation. Delphes [73] is

used for event reconstruction assuming the IDEA detector

concept [41,72]. A tracking efficiency of 99.7% is assumed

for electrons, muons and charged hadrons with 3-momentum

magnitude |p| > 0.5 GeV that lie within acceptance. This

123



  165 Page 4 of 24 Eur. Phys. J. C           (2025) 85:165 

efficiency is reduced to 65% (4%) for 0.5 > |p| > 0.3 GeV

(|p| < 0.3 GeV). Fake tracks are not considered.

Jet clustering is performed on the particle flow-style

objects reconstructed by Delpheswith FastJet-3.3.4

[75] using the exclusive e+e− kT algorithm [76]. Other jet

clustering algorithms like the anti-kT algorithm [77] and

the generalised e+e− kT, also referred to as the inclusive

e+e− kT, algorithm [75] were also considered. The exclu-

sive e+e− kT algorithm, which creates irregularly shaped

jets and, in this study, requires exactly two jets, is very

robust against gluon emissions and gluon splitting. Since

the exclusive e+e− kT algorithm clustered jets include all

reconstructed final particles, they were observed to satisfy

the requirements of this study by most accurately reproduc-

ing the Z boson reconstructed invariant mass signature. No

additional selections were applied to the samples for training

and evaluation of the jet flavour tagger.

In this study, the jets are assigned an MC flavour as the

flavour of the quarks to which the Z boson decays. Besides

simplicity, this has the added benefit that other studies for

future facilities use the same definition.

A separate set of event samples was generated with

the process e+e− → Z(→ νν)H → qq̄ , where q ≡
b, c, (u, d, s), at

√
s of 240 GeV. The same reconstruction

and jet clustering were applied as for the samples at the Z res-

onance. Training and evaluation of DeepJetTransformer

were performed with these samples for comparison with

other taggers.

3 Vertex reconstruction

Vertex reconstruction is essential to find the primary interac-

tion vertex and the secondary decay vertices of the long-lived

b, c, and s hadrons. It helps improve the b- and c-tagging per-

formance and aids in s-tagging. Charged tracks can be fitted

to reconstruct the primary and the displaced secondary ver-

tices. These displaced vertices can either be the decay vertices

of b and c hadrons (SVs) or those of the long-lived hadrons

containing s quarks, like K 0
S or �0, commonly referred to

as V0s, which are particles that decay into a pair of oppo-

sitely charged tracks. All displaced vertices except V0s are

referred to as SVs. The properties of SVs and V0s, such as

their masses, displacements, and charged track multiplicities,

can be used to identify the decaying hadrons and, in effect,

the jet flavour. The SVs can even be used to reconstruct the

entire hadronic decay chain. Similarly, reconstructing and

identifying the V0 vertices can be used to identify s-jets, as

K 0
S and �0 are the particles carrying most of the momentum

of some s-jets [18]. Distinguishing V0s from SVs also helps

to reduce the misidentification of some b- and c-jets as s-jets.

The vertex reconstruction in this study has been performed

using an implementation of the vertexing module of the

LCFIPlus framework [78,79]. It has been implemented in

FCCAnalyses [80], the FCC software framework, using

a χ2-based vertex fitter [81]. The constraints and parame-

ters have been kept the same as in Ref. [78]. The algorithm

first identifies the tracks forming V0s. Unlike in standard ver-

tex reconstruction algorithms, the V0s are not discarded but

stored and assigned a particle ID based on the set of con-

straints that they pass, summarised in Table 1. The tracks

originating from the primary vertex or V0 candidates are not

considered while reconstructing SVs.

The properties of the SVs and V0s, along with more vari-

ables, are used as input to train the neural network tagger

described in Sect. 4.

3.1 V0 vertex reconstruction

Two processes are considered: K 0
S → π+π− and �0 →

pπ−. The invariant mass of the reconstructed K 0
Ss can be

seen in Fig. 1a, demonstrating a good reconstruction of V0s

and their properties. The mass of the tracks used to calculate

the invariant mass of the V0 is decided based on the set of

constraints the V0 passes with a certain permutation of the

two tracks. In contrast, all tracks are assumed to be pions in

the invariant mass calculation for the SVs.

Figure 1b displays the V0 multiplicity in jets from Z →
qq̄ events. No reconstructed V0s are found for most of the

jets. But, a higher fraction of heavy- and strange-flavoured

jets contain reconstructed V0s than u- and d-jets, which jus-

tifies the importance of V0 rejection before attempting to

reconstruct SVs. It is also evident that more s-jets have one

or more reconstructed V0s than u- and d-jets, making V0s an

important discriminator of s-jets against lighter quark jets.

3.2 Secondary vertex reconstruction

Due to the near-diagonal CKM matrix, the cascading decay

chain of heavier quarks is expected to be b → c → s →
(u, d). Hence, the SV multiplicity tends to be higher in b-jets

compared to c-, s-, u-, and d-jets, as shown in Fig. 2.

4 DeepJetTransformer

Since the introduction of ParticleNet [26], the concept

of a Particle Cloud has become the prevailing representa-

tion of jet structure. A Particle Cloud considers the jet as an

unordered set of jet constituents of varying length. Elements

of differing nature, such as charged, neutral particles, or SVs

associated with the jet, are considered to create the most com-

plete and accurate representation. This representation con-

cept was used to build the presented model, the key element

of which, the unordered set of particles, requires the con-

struction of a model invariant under the permutation of the jet
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Table 1 Summary of the default V0 selection criteria [78]. M is the

invariant mass, and p is the momentum of the V0 candidate. r is the dis-

tance of the V0 candidate from the primary vertex. The collinearity of

the V0 candidate is defined as p̂ · r̂. The set of ‘tight’ constraints has been

used to identify V0s in this study, while the set of ‘loose’ constraints

has been used to remove the V0 background while reconstructing SVs

K 0
S �0

tight loose tight loose

M [GeV] [0.493, 0.503] [0.488, 0.508] [1.111, 1.121] [1.106, 1.126]
r [mm] > 0.5 > 0.3 > 0.5 > 0.3

p̂ · r̂ > 0.999 > 0.999 > 0.99995 > 0.999

Fig. 1 Performance of V0 reconstruction. a Invariant mass distribu-

tion of reconstructed K 0
S vertices. The quoted mass is the mean and the

error on the mean of the distribution. b The reconstructed V0 multiplic-

ity in jets from e+e− → Z → qq̄ events at
√

s = 91.2 GeV, where

q ≡ u, d, s, c, b. The distributions for b- and s-jets overlap almost

perfectly

constituents,1 a benefit also used by other transformer-based

taggers [40]. Moreover, Transformers possess the essential

property of full connectivity between jet constituents via the

attention mechanism [37]. This enables the model to cap-

ture subtle correlations among jet constituents, enhancing

the high-level features used for jet discrimination.

A structure based on Transformer blocks was thus chosen

for this study. Previous research has indicated that Trans-

former models offer enhanced performance and increased

efficiency, particularly compared to graph models [40,43].

The subsequent sections will elaborate on the inputs to the

neural network and the fundamental characteristics of Trans-

former models and provide a detailed description of the

specific model, DeepJetTransformer, which has been

developed for this study.

1 Permutation invariance is in opposition to most Transformer models

established around the principle of causality [37,82].

4.1 Input features

The properties of each jet and its constituents represent differ-

ent categories of input features available for model training.

All input features are built using information reconstructed

with Delphes detector simulation unless stated otherwise.

The jet kinematics are represented by variables defined using

its 4−momentum, as detailed in Table 2. Many future collider

detector concepts are designed to be used with a particle flow

algorithm [83,84]. Therefore, jet constituents are subdivided

into five sets according to the typical particle flow candidate

categories: charged hadrons, neutral hadrons, electrons and

positrons (e±), photons (γ ), and muons (µ±). Kinematic

variables are defined for each jet constituent using its 4-

momentum, as listed in Table 3. For each jet up to 25 charged

jet constituents and 25 neutral jet constituents are considered.

This is enforced by truncating the input feature array of a

given jet if the number of charged/neutral jet constituents is

more than 25. Conversely, if the number of charged/neutral
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Fig. 2 SV multiplicity in jets

from e+e− → Z → qq̄ events.

The term “light jets” here

collectively refers to u-, d-, and

s-jets

Table 2 Description of global

features associated with each jet
Input feature Description

|p|, E, m 3-Momentum magnitude, energy, and invariant mass of the jet

θ, φ Polar and azimuthal angle of the jet axis

Ncharged Charged particle (track) multiplicity in the jet

Nneutral Neutral particle multiplicity in the jet

Jet angularity [85] as sum of normalized jet constituent energy (zi )

λκ
β = 
i∈jetz

κ
i R

β

i and angular distance to jet axis (Ri ) for (κ = 0, β = 0),

(κ = 1, β = 0.5), (κ = 1, β = 1), (κ = 1, β = 2), (κ = 0, β = 2)

isU/D/S/C/B MC flavour assigned to the jet

jet constituents is less than 25, then the input feature array is

zero-padded.

Charged tracks are first fitted to find the V0s and the

remaining tracks are used to reconstruct SVs. Feature vari-

ables are defined separately for both classes of reconstructed

vertices (V0s and SVs) and are listed in Table 4. Up to 4

V0s and 4 SVs are considered per jet. The V0 and SV input

feature arrays are likewise truncated/zero-padded. The dis-

tinguishing power of some of these variables is discussed

below.

The jet 3-momentum magnitude distribution of b- and c-

jets tends to be more spread out than that of s-, u-, and d-jets,

as seen in Fig. 3a. This is due to the longer decay chain in

c-jets than s-, u-, and d-jets, and even longer decay chains in

b-jets, where more momentum can be lost through neutrinos

than in s-, u-, and d-jets.

An important distinguishing variable for b-jet identifica-

tion is the transverse impact parameter (D0), which is higher

for heavier flavour jets as the decaying b hadrons have a sig-

nificantly longer lifetime than c or s, u, d hadrons (except for

V0s). The differentiating effect between flavours caused by

this can be seen more clearly in the transverse impact param-

eter significance, defined as S(D0) = D0/σD0 , where σD0 is

the uncertainty in the measurement of the transverse impact

parameter. It is depicted in Fig. 3b.
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Table 3 Description of features

associated with each jet

constituent. The sets of variables

are divided into charged

particles (tracks) and neutral

particles

Input feature Description

D0(z0) Signed transverse (longitudinal) impact parameter

D0/σD0 (z0/σz0 ) Signed transverse (longitudinal) impact parameter significance

θrel(φrel) Polar (azimuthal) angle of track with respect to the jet axis

R Angular distance of track and jet axis

C Half-curvature of the track

mch., q Track invariant mass and charge

|p|ch.

|p|jet
, ln(|p|ch.), ln

( |p|ch.

|p|jet

)

(Normalised) magnitude of track momentum and logarithms

Ech.

Ejet
, ln(Ech.), ln

(

Ech.

Ejet

)

(Normalised) track energy and logarithms

isKaon If the particle is identified as a K ±

isMuon If the particle is identified as a µ±

isElectron If the particle is identified as an e±

θrel(φrel) Polar (azimuthal) angle of particle with respect to the jet axis

R Angular distance of neutral particle and jet axis

|p|neut.

|p|jet
, ln(|p|neut.), ln

( |p|neut.

|p|jet

)

(Normalised) magnitude of particle momentum and logarithms

Eneut.

Ejet
, ln(Eneut.), ln

(

Eneut.

Ejet

)

(Normalised) neutral particle energy and logarithms

isPhoton If the particle is identified as a Photon

Table 4 Description of features

associated with each

reconstructed secondary vertex.

Similar features, with the

addition of PDG ID [54], are

also defined for V0s while

comparing the performance of

the tagger trained with and

without V0s

Input feature Description

|p|, m 3-Momentum magnitude and invariant mass of the SV

Ntracks Track multiplicity of the SV

χ2, NDoF χ2 and number of degrees of freedom of the SV

θrel, φrel Polar and azimuthal angle of the SV with respect to the jet axis

p̂.r̂ Collinearity of SV with respect to PV

d3D, dxy 3D and transverse distance of the SV from the PV

As mentioned in Sect. 3.2, b-jets tend to have a higher

SV multiplicity than c-, s-, u-, and d-jets. It is a dominant

property in identifying b-jets and, to some extent, c-jets.

The most challenging background for s-tagging is ud-jets.

Two powerful distinguishing variables tend to be the multi-

plicities of charged and neutral Kaons and Pions, exploit-

ing the conservation of strangeness during hadronisation in

strange jets. These can be seen in Figs. 3c and 3d. To dis-

tinguish between K ± and π±, PID techniques like energy

loss (d E/dx) [64], ionisation cluster counting (d N/dx) [65],

time-of-flight [66], etc. are traditionally used. The K ±/π±

classification is generically emulated, instead of relying on

any particular PID technique, with several scenarios of differ-

ent efficiency to correctly identify K ±, the baseline scenario

being 90% efficiency and a 10% efficiency of misidentify-

ing π± as K ±. The K ± identification efficiency and the

π± misidentification efficiency are chosen to be constant

over the entire momentum range for all the scenarios. The

other scenarios considered to study the impact of PID on

flavour tagging are summarised in Sect. 5.2. The baseline PID

scenario was deliberately conservative with respect to the

state-of-the-art K ± identification, which is expected to pro-

vide better than 3σ K ±/π± separation using cluster count-

ing at FCC-ee [86], potentially supplemented by time-of-

flight [8,87]). This study instead follows PID studies at Belle,

which found the average efficiency and fake rate for charged

particles between 0.5 and 4 GeV/c to be (87.99 ± 0.12)%

and (8.53 ± 0.10)%, respectively [88]. The reconstructed

V0s, as shown in Fig. 1, further improve PID by identifying

the neutral strange hadrons, K 0
S and �0. These variables, as

described in Tables 2, 3 and 4, are fed into a neural network,

the architecture of which is described below.

4.2 Transformer models

Inspired by the success of attention mechanism in Natural

Language Processing (NLP) [37,82] or Computer Vision

(CV) [89] tasks, this model adopts Transformer blocks as its
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Fig. 3 Distinguishing features in the clustered jets of e+e− → Z → qq̄ events at
√

s = 91.2 GeV, separated by flavour. b Shows a property of

the jet constituents, while a, c, and d show properties of the clustered jets. The IDEA detector concept was used for reconstruction

primary architectural component. Transformers belong to a

class of neural networks that leverage the scaled dot-product

attention (SDPA) mechanism [37]. The attention mechanism

enables the model to selectively focus on specific segments

of the input sequence while processing each constituent ele-

ment. In contrast to earlier architectures, such as recurrent

models that utilise fixed-size windows or recurrent connec-

tions, the attention mechanism dynamically assigns weights

to individual elements within the jet based on their rele-

vance, capturing intricate dependencies across the entirety of

the jet structure. This adaptive and global weighting scheme

empowers the Transformer to effectively model contextual

information, a crucial element for understanding and gener-

ating coherent high-level features.

4.2.1 Scaled dot-product attention and heavy flavour

transformer block

The SDPA mechanism uses three inputs: a query matrix Q,

a key matrix K , and a value matrix V . In general, the query

matrix represents the items for which the attention weights

are computed, while the key and value matrices represent

all items in the sequence. In this study, the items can be

understood to be jet constituents. After being fed into linear

layers, the query tensor Q of dimension (B, N , dk), the key

tensor K of dimension (B, L , dk), and the value tensor V

of dimension (B, L , d ′
k) are fed into the scaled dot-product

attention as:

123



Eur. Phys. J. C           (2025) 85:165 Page 9 of 24   165 

Attention(Q, K , V ) = SoftMax

(

QK T

√
dk

)

V . (4.1)

The attention mechanism in this study is employed in a

specific configuration where the input query, key, and value

tensors are identical (Q = K = V ), and derived from

jet constituent features. The tensors Q, K, and V are each

passed through linear layers, facilitating the transformation

and projection of the input tensors to the attention space.

The SDPA is then computed on these transformed tensors

as Attention(QW Q, K W K , V W V ), where W Q , W K , W V ,

represent distinct linear transformations. This particular case

is commonly referred to as self-attention [37].

SDPA is extended to enhance the discriminating power

of the model by allowing it to attend to multiple subspaces

of attention in parallel. This extension, referred to as Multi-

Head Attention (MHA), facilitates the capture of diverse and

complementary high-level features from the jet constituent

input by projecting the Query, Key, and Value matrices inde-

pendently for each of the h attention heads. Each attention

head performs an SDPA operation, yielding distinct repre-

sentations. These head representations are then concatenated

and passed through a linear layer to integrate the information

across heads. The MHA layer can mathematically be repre-

sented by the following equations:

MHA(Q, K , V ) = Concat(h1, ..., hn)W O , (4.2)

hi = Attention(QW Q,i , K W K ,i , V W V,i ).

(4.3)

The presented approach, employing the Particle Cloud

representation [26], intentionally refrains from employing

positional encoding. This decision stems from the absence

of a hierarchical structure or positional ordering among the

components of the jets, in contrast to sequences such as

sentences or image patches. Consequently, the MHA mod-

ule operates without incorporating positional encoding and

instead only leverages permutation invariant mechanisms

to capture and process the interrelationships between parti-

cles in the jet, yielding meaningful results. The permutation

invariance of DeepJetTransformer is established by

the properties of permutation equivariance and invariance of

function composition [90]. The permutation equivariance of

each function of the transformer blocks ensures that the net-

work produces a representation of the jet constituents respect-

ing the Particle Cloud properties. It is made sure that the net-

work’s flavour predictions remain invariant under the permu-

tation of jet constituents by applying a permutation invariant

attention pooling followed by linear layers for classification.

By analogy with graph structures, the attention mechanism

can be interpreted similarly to the ones used in fully con-

nected graph networks, with the attention scores playing a

role similar to the edge features by capturing relationships

within the jet structure.

After establishing the fundamental components of the

utilised model’s architecture, the foundational block form-

ing the backbone of the model can be defined. This essential

building block, referred to as the Heavy Flavour Transformer

block (HFT), is structured in the following manner:

• The jet constituent inputs are fed into a basic Multilayer

Perceptron (MLP) layer followed by a ReLU activation

function.

• The product of the MLP layer is then fed in an MHA

layer before using a residual connection and layer nor-

malisation.

• In addition to the MHA layer, a fully connected feed-

forward layer is also added, identical to the original

Transformer implementation [37] followed by a last

residual connection and layer normalisation.

Unlike other Transformer models applied to jet (sub)struc-

tures [30,40], a cls token is not employed to embed the infor-

mation of the jet structures into relevant features for classifi-

cation. Instead, an attention pooling is introduced, behaving

similarly to a Max or Average pooling layer with an attention

mechanism and learnable parameters. The attention pool-

ing operates by employing an MLP projection layer, which

enables local feature extraction. Subsequently, a softmax

activation function is applied to calculate attention weights,

allowing the layer to emphasise relevant elements in the

sequence. The attention weights are then used to aggregate

the sequence information by performing a weighted sum.

To enhance the layer’s performance, batch normalisation is

applied, the ReLU [91] activation function is used to intro-

duce non-linearity, and dropout regularisation is incorporated

to prevent overfitting. The attention pooling layer can effec-

tively capture essential information from the sequence and

produce a condensed representation by incorporating these

components that can be utilised for jet flavour classification.

In the context of jet flavour tagging, Transformer models can

be interpreted as fully connected graph networks using the

jet’s constituents as the nodes, and the SDPA as a mechanism

connecting all the node information for enhancing the feature

engineering of the model.

4.2.2 DeepJetTransformer architecture

With all the components of DeepJetTrans

former defined, the global structure of the model can

be described. Figure 4 illustrates the detailed structure of

DeepJetTransformer, which is as follows:

– The features of distinct jet constituents first undergo

embedding via a series of three MLPs with output fea-
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Fig. 4 Schematic structure of DeepJetTranformer model

ture dimensions of (64, 128, 128), employing ReLU acti-

vation, residual connections, and batch normalisation.

Dropout regularisation with a rate of 0.1 is applied fol-

lowing each batch normalisation operation.

– The resulting feature tensors are then concatenated to

form a single tensor containing all the comprehensive

information of the jet constituents.

– This global tensor is subsequently passed through three

HFT blocks, each possessing a feature dimension of 128.

Each block contains eight attention heads and incorpo-

rates a dropout rate of 0.1.

– The representation of the jet structure, obtained through

the HFT blocks, is further condensed via attention pool-

ing. The resulting tensor is concatenated with jet-level

features, yielding a vector containing 135 relevant fea-

tures for heavy flavour classification. Among these,

128 features originate from attention pooling, while

the remaining seven variables represent the jet-level

attributes.

– The jet representation is subsequently fed to three MLPs

with output feature dimensions of (135, 135, 135), mir-

roring the structure of the input embedding MLPs.

– A single MLP followed by a SoftMax function is applied

finally for classification.

In summary, the three main differences in the architectures

of DeepJetTransformer and ParT (plain) [40],

which both implement a pure Transformer architecture, are

the use of attention pooling instead of the typical cls token,

additional linear layers prior to the MHA, and the inclusion

of the of jet-level variables (listed in Table 2) in addition to

jet constituent variables.

4.2.3 Training methodology

PyTorch (v1.10.1) [92] was employed as the deep

learning library in this study for the neural network model

construction and the training process. The optimiser utilised

was the Lookahead optimiser [93], with hyperparameters

k = 6 and α = 0.5 and a RAdam [94] as the base opti-

miser with a learning rate of 5e−3 and decay rates (β1, β2)

set to (0.95, 0.999). The training was conducted over 70

epochs with a batch size of 4000, accompanied by a per-

epoch linear learning rate decay starting after 70% of the

training, gradually decreasing to 5e−5 by the final epoch. A

cross-entropy loss function was used for optimisation. The

training dataset comprised of 1 million jets, divided into an

80/20% train-validation split. Finally, the model was evalu-

ated on a separate dataset of 1 million jets for performance

assessment. Documentation for the sample preparation and

training methodology, along with the relevant code, is pub-

licly available here: DeepJetFCC.2

5 Classifier performance

To evaluate the performance of DeepJetTransformer,

clustered jets from Z → qq̄ events at
√

s = 91.2 GeV

and Z(→ νν)H(→ qq̄) events at
√

s = 240 GeV were

considered. The tagger was trained separately for each pro-

cess. The emphasis was placed on the Z resonance for these

studies, with the classification of H → qq̄ events serv-

ing primarily as a comparison to the classification perfor-

mance of other jet flavour taggers for future colliders, like

ParticleNetIDEA [42,95]. A binary classifier was con-

structed for each jet flavour q ≡ u, d, s, c, b, (g) with a sig-

nal flavour (i) and a background flavour ( j):

Si j = Si

Si + S j

, (5.1)

where Si are the outputs of the classifier normalised using

the SoftMax function, as described in Sect. 4.2.2. These nor-

malised outputs, which are constrained to lie between 0 and

1 and sum to 1 across all jet flavours, are referred to as “soft-

maxed classifier outputs” for brevity.

The five softmaxed classifier outputs of DeepJetTra-

nsformer are shown in Fig. 5. ROC curves were computed

for each Si j combination and are depicted in Fig. 6 for the Z

resonance and the Z H training. Predictably, the strongest dis-

crimination is between b-jets and s-, u-, d- jets and is roughly

equivalent for all three background jets. The dominant back-

ground is from c-jets, originating from the similarity of b-

and c-jets with a single reconstructed SV. Discriminating c-

jets from u-, d- and s-jets exhibits similar performances, with

2 https://github.com/Edler1/DeepJetFCC/tree/master/docs.
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Fig. 5 The softmaxed classifier outputs (Si ) of the five output nodes of DeepJetTransformer trained with clustered jets of e+e− → Z → qq̄

events at
√

s = 91.2 GeV. The contributions of different MC flavours have been displayed
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relatively worse discrimination of the s-jet background. Fig-

ure 6b shows that as the efficiency increases from the right

to the left side of the plot, s-, u- and d-jets are discriminated

worse than b-jets in the high-efficiency regime for c-jets until

a turnover point at ǫc
sig ≈ 80%, after which distinguishing s-,

u- and d-jets becomes considerably easier than b-jets. Such

a turnover can also be found in ParticleNetIDEA [42].

The sub-leading background comes from s-jets, clustered at

low to mid charm scores, as also evident in Fig. 5b, primarily

as no SVs can be reconstructed for a significant number of

c-jets, leaving few variables to distinguish c- and s-jets.

When s-jets are taken to be the signal, as shown in Fig. 6c,

c- and ud-jets present the most challenging backgrounds,

with c-jets being easier to discriminate against at all sig-

nal purities. The c-jet background comes from jets where

a charm hadron decays to a strange hadron, and only the

V0 can be reconstructed, or a strange hadron carries excess

momentum. Some discrimination against the dominant ud-

jets background can be achieved at higher cuts on the strange

score, owing to the K ±/π± separation and V0 reconstruc-

tion. Finally, Fig. 5d and e show almost overlapping distri-

butions of classifier scores for u- and d-jets. Figure 6d vali-

dates that classification is most challenging for u- and d-jets.

When u-jets are taken to be the signal, it can be seen that

DeepJetTransformer learns to discriminate u- vs d-

jets with a ǫu
sig ≈ 15% at a ǫbkg = 10%, which is better than

a random classifier, although not considerably. The discrimi-

nation is likely related to a mapping to the initiating parton’s

charge, such as the jet charge [96,97], the effect of which is

diluted by the presence of antiquarks.

While considering the performance for H(→ qq̄) jets,

depicted as dashed lines in Fig. 6, no clear trend can be

observed. Slight degradation in performance can be observed

in the case of b tagging, compared to Z → qq̄ jets, partic-

ularly when c-jets are taken to be the background. The dis-

crimination of c-jets vs s-, u-, and d-jets is found to perform

relatively the best with respect to the Z → qq̄ jets when con-

sidering the percent-improvement in the ROC Area Under the

Curve metric.

Figure 6e shows that the best quark-gluon discrimina-

tion can be achieved against the b quarks. This performance

can be attributed to several discriminating variables, like jet-

constituent multiplicity, constituent momentum distribution,

etc., but is dominated by the presence or absence of recon-

structed SVs. It is the most challenging to discriminate the

s, u, and d quarks from gluons due to their similar jet com-

position.

The tagging efficiency of DeepJetTransformer was

evaluated for three cases: b vs c tagging, c vs s tag-

ging, s vs ud tagging. Figure 7 shows the efficiency of

DeepJetTransformer over the entire jet momentum

range and the jet-axis polar angle (θ ) range for all three cases

for two working points. The efficiency for b vs c tagging

and c vs s tagging is mostly uniform, showing a good per-

formance for all jet momenta. Similarly, the performance is

largely uniform over the θ range for all three cases, degrading

at the extremes due to jet constituents being lost by fiducial

cuts.

However, the s vs ud tagging efficiency displays a pecu-

liar distribution over the momentum range of interest, as

shown in Fig. 7e. This was found to be dependent on the two

most distinguishing features for identifying s-jets: K ±/π±

discrimination and V0 reconstruction. The low-momentum

(24 < |p| < 35 GeV) strange jets, on average, have lower

K ± multiplicities, which leads to a reduced tagging effi-

ciency. The very-low-momentum (|p| < 24 GeV) strange

jets have a significantly low total charged-particle multiplic-

ity, making V0 reconstruction crucial. The majority of such

jets have a single reconstructed V0, helping identify the s-

jets. On the other hand, the low-momentum strange jets tend

to have multiple V0s, splitting the already low jet momen-

tum among these V0s and other hadrons. This is expected to

make the strange jet identification more ambiguous. Hence,

the s-tagging efficiency rises at very low momenta.

A similar but exaggerated trend in the distribution is seen

for the looser working point of 10% mistag rate for jets with

momentum values below 25 GeV. The efficiency is observed

to be stable in momentum above this value. As stated above,

some of this increase in s-tagging efficiency can be attributed

to the presence of a reconstructed V0 in jets with low par-

ticle multiplicities. Another important aspect to note is that

only a small fraction of jets (< 1%) with such very low

momenta are present in Z boson decays. This means that

these low-momentum jets will not have a large contribution

to the training of the neural network or the working point

determination, which will both be dominated by the bulk of

the momentum distribution. The fact that the 10% u, d-jet

background efficiency also increases to 40% for momenta

less than 25 GeV implies that this part of the jet momentum

phase space is likely not optimally examined by the neu-

ral network. A potential method to improve would be to use

training weights flattened over the jet momentum and train on

much larger samples with this part of the momentum distribu-

tion sufficiently populated. But since these jets contribute to a

very small fraction of the total Z boson decays, the improve-

ment in analyses requiring strange tagging would likely not

be significant unless the physics case is specific.

5.1 Qualitative comparison with other taggers

A fair quantitative comparison with other taggers devel-

oped for future colliders is not feasible due to differ-

ing event samples and input features. However, the jet

tagging performance trends are very similar to those of

ParticleNetIDEA [42,95]. The strange tagging effi-

ciency of ParticleNetIDEA against the u-, d-jets sur-
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Fig. 6 ROC curves for each Si j combination, as defined in Eq. 5.1,

where i is the signal parton flavour and j is the background flavour. The

solid lines correspond to the classification of jets at the Z resonance at√
s = 91.2 GeV, while the dashed lines correspond to the classification

of jets from Z(→ νν)H(→ qq̄) events at
√

s = 240 GeV. The tagger

was trained separately for each process. No quark-gluon discrimination

results are presented for jets from Z → qq̄ events as the Z boson does

not decay into gluons
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Fig. 7 The jet flavour tagging efficiency over the range of jet momentum and the jet axis polar angle for jets of e+e− → Z → qq̄ events at√
s = 91.2 GeV. Three cases at 1% and 10% background efficiencies are shown: b vs c tagging, c vs s tagging, s vs ud tagging
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passes that of DeepJetTransformer, owing to PID

techniques like cluster counting and time-of-flight used by

ParticleNetIDEA and the conservative PID estimates of

DeepJetTransformer. A more detailed training dataset

including such PID variables is expected to improve the tag-

ging efficiencies of DeepJetTransformer.

DeepJetTransformer outperforms Particle-

NetIDEA in bottom-gluon discrimination, especially for

efficiencies lower than 90%. DeepJetTransformer also

has a better discrimination of b-jet background for all other

signal quark jet flavours. This efficient discrimination can be

attributed to the inclusion of SVs.

With about 106 parameters and efficient transformer

blocks as the workhorse, trainingDeepJetTransformer

converges within 2 h after approximately 50 epochs on an

NVIDIA Tesla V100s GPU. The computational complexity,

measured in FLOPs, is approximately 19.7 MFLOPs. Com-

paratively,DeepJetTransformer requires fewer FLOPs

than competing architectures [26,40], making it an excellent

choice to efficiently test the impact of the constantly evolving

detector design on flavour tagging.

5.2 Dependence on the quality of particle identification

Several K ± classification scenarios were defined by fixing

the efficiency of misidentification to π± and varying the K ±

identification efficiency. In addition, the limiting cases of

Kaon identification with 0% and 100% efficiencies were con-

sidered. These are referred to henceforth as the no K ±ID and

the perfect K ±ID scenarios. The considered efficiencies and

the misidentification rates are shown in Table 5.

The no K ±ID scenario is used as the reference in this

section to assess the impact of adding PID variables as input

features for jet flavour tagging. The largest performance gain

with the addition of K ±ID information is predictably in the

classification of s vs ud jets, shown in Fig. 8. Relative to the

reference no K ±ID scenario, with a ǫsig of 31.6% at a ǫbkg

of 10%, strange tagging efficiency improvements of 11.4%,

25.9%, and 32.9% are evident as the K ±ID efficiency is

increased to 60%, 90%, and 95%, respectively. The perfect

K ±ID scenario shows the most sizeable performance gain

in ǫsig of 82.9%. This large performance improvement over

the 95% K ±ID efficiency with the efficiency of misidentifi-

cation to π± of 10% scenario suggests that minimising this

misidentification is crucial to tagging strange jets, given their

high π± multiplicity [55].

The performance gain for other forms of classification

was marginal, with the exception of c vs ud and u vs d dis-

crimination. For c vs ud, a performance gain of 1.8% from

a ǫsig of 89.3% to 90.9% at a ǫbkg of 10% is observed while

comparing the no K ±ID and the perfect K ±ID scenarios. In

the case of u vs d, a 12.5% performance gain from a ǫsig of

13.6% to 15.3% at a ǫbkg of 10% is observed.

These results confirm the importance and necessity of par-

ticle identification techniques, especially for strange quark

studies, as was also noted by some previous studies [15,18,

42].

5.3 Dependence on the presence of neutral kaons

As noted earlier, an excess of V0s, reconstructed K 0
S and

�0, carrying the bulk of the jet momenta is also a distin-

guishing feature of strange jets and these are expected to be

more significant in the scarcity of charged Kaons. The inclu-

sion of V0 variables, as Fig. 8 shows, results in an improve-

ment of signal efficiency ranging from 14.3% in case of no

K ±ID to 4.2% in the case of perfect K ±ID at a background

efficiency of 10% for s vs ud discrimination. The percent

improvement in signal efficiency for each of the K ±ID sce-

narios listed in Table 5 is depicted separately in Fig. 8b. This

trend proves the importance of V0s to identify strange jets

with low K ± multiplicities or substandard K ±/π± discrimi-

nation. The performance gain in other forms of classification

was again marginal.

5.4 Importance of variable classes and individual variables

Aiming to estimate the relative importance of a given vari-

able class (e.g. SV variables), the classifier performance was

evaluated using the Permutation Feature Importance [98,99]

method.

In particular, the variable class under investigation was

shuffled amongst all other jets, keeping the rest of the vari-

ables unchanged. Specifically, the values for the variable

class under investigation were randomly permuted across all

jets in the dataset, while the remaining variables for all jets

were left unchanged. This disrupts the relationship between

the permuted variable and the jet classification, allowing for

an estimate of how much the performance of the classifier

depends on the given variable. The resulting performance

change was considered for discriminating between b- vs c-,

c- vs s-, and s- vs ud- jets, compared to the baseline where no

variable classes were permuted. Charged jet constituent vari-

ables, listed in Table 3, were found to be the most impactful

variable class for all types of discrimination at a background

efficiency of ǫbkg = 10%, as depicted in Table 6. This is

presumably due to charged particles being the majority of

the reconstructed particles in the jets. SV variables, listed

in Table 4, primarily benefited c vs s discrimination, with

s vs ud tagging particularly insensitive. Of the remaining

three variable classes, V0 variables and neutral jet constituent

variables were found to almost exclusively impact the per-

formance of s vs ud discrimination, with little impact on

both b vs c and c vs s discrimination, justifying the inclu-

sion of V0s for identifying s-jets through conservation of

strangeness. Jet-level variables were found to be the least
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Fig. 8 The dependence of strange jet tagging performance on the inclu-

sion of V0s and charged Kaon identification scenarios. a ROC curves

for s vs ud tagging at the Z resonance at
√

s = 91.2 GeV. Solid lines

represent results with the inclusion of V0s, while dashed lines show the

results without them. b Percent change in signal efficiency (ǫsig) with

the inclusion of V0s for s vs ud tagging for each of the K ±ID scenarios

listed in Table 5. The axes are swapped with respect to a to present

the percent change in signal efficiency (ǫsig) as a function of 12 fixed

background efficiencies (ǫbkg)

Table 5 Considered scenarios for K ± and π± particle identification performance

K ± ID efficiency 0% 20% 40% 60% 80% 90% 95% 100%

π± misID efficiency 0% 10% 10% 10% 10% 10% 10% 0%

significant, marginally impacting s vs ud discrimination, and

having virtually no impact on heavy flavour discrimination.

Moving to the high purity regime at a background efficiency

of ǫbkg = 0.1%, primarily the same trends were observed,

with the impact of any variable type being amplified. SV vari-

ables, in particular, became hugely important to heavy flavour

tagging, reaching almost equal in impact to the charged jet

constituent variables, proving that the presence and prop-

erties of SVs are definitive indicators for identifying heavy

flavour jets.

The above studies were repeated to estimate the relative

importance of individual variables (e.g. mSV), where rather

than shuffling an entire variable class amongst jets, one indi-

vidual variable was shuffled amongst itself. The 64 variables

can be loosely split into the following categories:

• Kinematic (|p|, E , |p|/|p|jet, θ , �θ ,...)

• PID (is Photon, K ±ID,...)

• Track (D0, z0,...)

It was found that, at a background efficiency of 10%, kine-

matic variables of charged particle constituents, including
Ech.

Ejet
and

|p|ch.

|p|jet
, were generally impactful, particularly for c

vs s discrimination. Track variables, such as D0/σD0 and z0,

were the most impactful, though less for b vs c than other

types of discrimination, possibly due to their redundant infor-

mation after the inclusion of SVs. PID variables had little

impact on b vs c and c vs s discrimination, but K ±ID and

photon ID were the most important for s vs ud discrimi-

nation, as was observed earlier. The high purity regime at

a background efficiency of 0.1% resulted in similar trends,

though with PID variables, including K ±ID and photon ID,

decreasing in importance and being somewhat replaced by

kinematic ones. It should be stated that the baseline K ±ID

scenario, as mentioned in Sect. 5, is deliberately pessimistic,

which could account for its decrease in importance. Track

variables remained the most impactful. The secondary ver-

tex mass mSV became the most impactful variable in b vs

c discrimination at high purity by a sizeable margin, as SV

kinematics store essential information about the decaying

hadrons. The results of this study are summarised in Table 7

below.

5.5 Dependence on the flavour definition

Defining the flavour of a reconstructed jet is a complex task.

Several definitions have been used in past and current experi-
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Table 6 Performance decrease

in signal efficiency (ǫsig) after

permutation of variable classes

defined in Sect. 4.1 for fixed

background efficiencies (ǫbkg)

of 10% and 0.1%

Variable class Jet-level (%) Charged (%) Neutral (%) SV (%) V0 (%)

ǫbkg = 10%

b vs c 2.4 62.4 2.2 13.9 0.1

c vs s 1.2 65.7 2.9 29.6 0.2

s vs ud 7.6 59.4 21.8 5.0 16.4

ǫbkg = 0.1%

b vs c 6.6 97.0 8.0 89.9 0.6

c vs s 9.3 96.1 11.0 77.9 0.2

s vs ud 35.9 91.0 57.3 7.4 43.8

Table 7 Performance decrease in signal efficiency (ǫsig) after permutation of individual variables defined in Sect. 4.1 for fixed background

efficiencies (ǫbkg) of 10% and 0.1%. A set of seven variables, chosen among the most impactful, is presented here

Variable ln(Ech.) (%) isPhoton (%) K ±ID (%) mSV (%) |p|V0
(%) z0 (%) D0/σD0 (%)

ǫbkg = 10%

b vs c 3.5 0.3 0.2 3.0 0.1 7.8 11.6

c vs s 23.8 0.7 0.5 0.3 0.2 20.9 39.1

s vs ud 12.8 16.6 38.8 0.0 9.2 23.3 26.7

ǫbkg = 0.1%

b vs c 13.8 1.3 0.9 67.2 0.8 34.1 45.0

c vs s 57.6 0.9 4.8 7.0 0.3 56.2 79.5

s vs ud 35.0 28.0 59.0 0.4 34.7 60.5 80.1

ments to assign the flavour of MC-generated jets. The flavour

definition can impact the classifier performance for Z boson

decay events because this definition can lead to jets being

assigned a different flavour than the original quark.

In the Z boson definition used throughout this work as

introduced in Sect. 2.3, the flavour of a jet is defined as the

flavour of the quark to which the Z boson decays. The hadro-

nisation and fragmentation of the quark are ignored in this

definition. One flavour definition that accounts for fragmen-

tation and hadronisation effects is the Ghost Matching algo-

rithm used at CMS [100], which defines the flavour of a jet

by finding the hadrons or partons from the MC history of the

jet, clustered with the same jet clustering algorithm as the

reconstructed jet.

The largest performance differences of the algorithm after

changing flavour definitions can be observed in the discrim-

ination of s-jets vs ud-jets, where the Ghost Matching def-

inition leads to a 11.8% higher tagging efficiency than the

Z boson definition at a fixed background efficiency of 10%.

Such significant changes in performance make it essential

to account for the used flavour definitions while comparing

different flavour tagging algorithms.

6 Example of performance: the Z boson at the FCC-ee

The Z boson decays relatively uniformly to the five quark

flavours, and none of the decay channels to qq̄ pairs are sup-

pressed. Thus, tagging a particular jet flavour entails dis-

crimination against every other flavour. Especially, isolating

Z → ss̄ events from the exclusive decays of the Z boson pro-

vides a challenging case to tag the s-jets by eliminating both

the heavy jets and u-, d-jets. The dominant discriminating

variable against the heavy jets is the reconstructed SVs, while

it is the presence of a high-momentum strange hadron against

u- and d-jets. This makes isolating Z → ss̄ events from the

exclusive hadronic decays of the Z boson an ideal metric

to assess the performance of DeepJetTransformer in

the FCC-ee environment and allows for a unique opportunity

to access a hitherto scarcely studied channel. Further back-

grounds are not considered but are expected to be well under

one per cent of the total expected yield around the Z boson

resonance.

6.1 Event and jet selection

The e+e− → Z → qq̄ event samples with q ≡
b, c, (u, d, s) described in Sect. 2.3 are used. These are

the same samples used to evaluate the performance of

DeepJetTransformer.
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Events are selected if exactly two jets could be recon-

structed with their final constituents. Jets with low momen-

tum or jet axes outside the fiducial region of the detector

are excluded. An event is selected if both of its jets have a

3-momentum magnitude (|p|) greater than 20 GeV and the

polar angle (θ ) of their jet axes within 14 and 176 degrees.

Events are required to have jets of the same MC flavour,

defined as the flavour of the quarks to which the Z boson

decays.

6.2 Performance and working points

All jets from Z → qq̄ events are independently evaluated

using DeepJetTransformer. Discriminants are defined

to sequentially remove the heavy flavour background (b- and

c-jets) and the light flavour background (u- and d-jets). The

s-jets are first tagged to be discriminated from b- and c-

jets by defining the discriminant as in Eq. 5.1 with s-jets as

signal and b- and c-jets as background. For the jets tagged by

introducing a cut on this discriminant, another discriminant

is defined to distinguish s-jets from u- and d-jets through the

same method. The signal efficiencies after each subsequent

cut, corresponding to four working points with increasing

purity, are reported in Table 8.

The Z boson resonance is reconstructed from the 4-

momentum of the two jets. The reconstructed invariant dijet

mass distribution, separated by the MC flavour of the result-

ing hadronic jets, is shown in Fig. 9a. The hadrons in b-jets

tend to have longer decay chains, which causes more momen-

tum to be lost via neutrinos, resulting in a wider invariant

mass distribution for Z → bb̄. Similarly, the Z → cc̄ recon-

structed invariant mass distribution also shows a tail, but for

the lighter flavour jets, s, u, and d, a clear Gaussian peak can

be seen at the Z resonance.

These jets are first tagged to remove the background of b-

and c-jets by defining the discriminant, as described above.

If both jets from a Z boson decay event pass this tagging

requirement, they are used to reconstruct the invariant mass.

The distribution of this invariant mass is displayed in Fig. 9b,

with the contributions of the MC flavours of the jets indicated.

The jets from the events passing the anti-b/c tag requirement

are subsequently tagged with the s vs ud quark tagger to

remove the background of u- and d-jets. Figures 9c and d

show the distribution of the reconstructed invariant mass of

the Z boson after this additional tag. Both jets of every event

are required to pass the tagging requirements in each stage

of the selection.

The reconstructed tagged Z resonance in Fig. 9 shows

that the Z → ss̄ sample is extremely pure after requiring

the two consecutive tags on each jet from Z boson decay

events. Table 8 lists events corresponding to an integrated

luminosity of 125 ab−1. The discovery significance, Z , in σ ,

is defined [101] as,

Z =
√

2

[

(Nsig + Nbkg) log

(

1 + Nsig

Nbkg

)

− Nsig

]

. (6.1)

Nsig and Nbkg refer to the number of signal and background

events, respectively. Signal is defined as Z → ss̄ events

while the background is composed of Z → qq̄ (all quarks

but s quarks) events. It is apparent that all four working points

are significantly above the canonical discovery significance

of 5σ . It is important to realise that machine backgrounds

and irreducible backgrounds from other standard model pro-

cesses are not considered in this study, and are at the per cent

level. However, the remarkable sensitivity warrants investi-

gation of how limited the integrated luminosity can be to

observe Z → ss̄ in the considered scenario.

Figure 10 shows the discovery significance of the process

Z → ss̄, under the background-free scenario, as a function of

integrated luminosity. The corresponding values of Nsig and

Nbkg at each working point can be referred to from Table 8.

It can be seen that a 5σ significance can be achieved with

minuscule luminosities compared to the FCC-ee run plan,

even at the tightest working point. For WP3, corresponding

to Fig. 9d, a 5σ significance can be reached with a luminosity

of 60 nb−1, equivalent to less than a second of the FCC-ee

run at the Z resonance.

Data-to-simulation scale factors for b-jets can be mea-

sured with a precision of approximately ±2.5% for jets with

30 < pT < 50 GeV at the LHC experiments. Tagging algo-

rithms at the future colliders are expected to achieve smaller

uncertainties.

These findings will open up avenues at FCC-ee for mea-

surements that require ultra-pure Z → qq̄ samples, at least

for the three heaviest flavours to which the Z boson decays.

Some examples are vector and axial couplings of the Z to up-

and down-type quarks and possibly even individual quark

flavours and asymmetry parameters of the Z boson in the

hadronic decay channels. LEP and SLD performed com-

prehensive measurements of the forward-backwards charge

asymmetry for e+e− → bb̄ [54], similar precise measure-

ments for the charm and the strange quark, and possibly the

u, d quarks, will become feasible at the FCC-ee.

7 Summary

The transformer-based model presented in this work can be

trained considerably more quickly than the state-of-the-art

graph neural network-based taggers [40,43]. The discrimina-

tion power of this framework calledDeepJetTransformer

is presented for FCC-ee, allowing the classification of all jet

flavours in e+e− collisions at the Z resonance.
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Table 8 Presented are the efficiencies to select s quark jets and the

mistag rate for other flavours at four different working points. Also

listed are the expected yields calculated for an integrated luminosity of

125 ab−1. Signal is defined as Z → ss̄ events while the background

is composed of Z → qq̄ (all quarks but s quarks) events. The num-

ber of observed events is significantly above the canonical discovery

significance of five standard deviations for all selections

Mistag rate [%] Efficiency [%] Nsig Nbkg

WP1

s vs bc 10 98.93 ± 0.03 7.35 × 1011 1.35 × 1012

s vs ud 10 40.03 ± 0.04 1.45 × 1011 3.25 × 1010

WP2

s vs bc 1 54.18 ± 0.04 2.38 × 1011 2.06 × 1011

s vs ud 10 39.28 ± 0.06 5.10 × 1010 5.57 × 109

WP3

s vs bc 1 54.18 ± 0.04 2.38 × 1011 2.06 × 1011

s vs ud 1 10.05 ± 0.11 1.12 × 1010 4.77 × 108

WP4

s vs bc 0.1 17.96 ± 0.06 3.23 × 1010 6.98 × 109

s vs ud 0.1 1.98 ± 0.33 3.56 × 108 3.38 × 106

A tagging efficiency for b-jets of about 99%(86%) can be

achieved against s-, u-, and d-jets (c-jets) at a background

efficiency of 0.1%, pointing to an excellent b-jet discrim-

ination, dominantly owing to the secondary vertex recon-

struction coming from the expected excellent detector reso-

lution. A c-jet tagging efficiency of about 90%(70%) can be

achieved when discriminating from b-jets, at a background

efficiency of 10%(1%).

Excellent discrimination can be achieved for s-quark tag-

ging against the b- and c-quark jet background. Against

the most challenging background of ud-jets, a 40% effi-

ciency for s quark jets can be achieved at a background effi-

ciency of 10%. This performance is partially attributed to the

inclusion of V0s. Further significant performance enhance-

ment in strange tagging is seen when K ±/π± discrimina-

tion is included. Minor discrimination can even be achieved

between u- and d-jets. The Z → ss̄ process can be efficiently

isolated from other hadronic decays of the Z boson, and an

extremely pure Z → ss̄ sample can be obtained.

8 Outlook

The current input feature set is likely far from optimal and

could be extended to incorporate further parameters, includ-

ing those related to jet-shape variables or the full covariance

matrix. A primary focus would be to include more realistic

PID assumptions based on a specific detector scenario. In

Ref. [42], for instance, the mass calculated from the time-of-

flight (mt.o. f.) and the number of primary ionisation clusters

along the track (d N/dx) are directly fed as inputs to the NN.

On the other hand, it is also evident from the feature impor-

tance studies that there is some overlap in the current feature

set, which could likely be reduced with marginal impact on

the discriminative performance, thus lowering computational

complexity if paired with a simplified architecture.

There is also significant room for hyperparameter tuning.

The used batch size of 4000 is comparatively large, with

typical values being less than 1024. The large batch size was

chosen for training stability but has been shown to potentially

lead to poorer generalisation. The chosen number of train-

ing jets of O(106) can be considered a rough lower bound

given the number of parameters in the network ∼ 106. A

natural next step would be to train the network on a much

larger number of jets. Further improvements in the network

architecture, including adjustments to layer parameters and

network structure, are likely possible, though this was not

explored in the context of these studies.

Subdividing jet flavours into categories with unique sig-

natures, such as b-jets into those that decay hadronically and

semi-leptonically, or g → bb̄ splittings that do not resem-

ble the typical radiation pattern of a gluon jet, is likely to

improve discrimination performance. Additional categories

could likewise be included for anti-quarks, which would

be helpful in discriminating dijet events where a quark-

antiquark pair is expected, such as in Z → ss̄ decays. More

generally, much could be gained from event-level tagging,

particularly for s quark jets, where discrimination comes pri-

marily from a high-momentum Kaon. Tagging an entire event

could require not only a high-momentum Kaon in one jet

but also an oppositely-charged high-momentum Kaon in the

other, thus discriminating against Kaons produced during the

dressing of a u or d quark, which will not have an oppositely-

charged high-momentum Kaon in the other hemisphere.
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Fig. 9 The reconstructed invariant mass of the dijet system before and

after tagging both jets with DeepJetTransformer, corresponding

to WP2 and WP3 in Table 8, for an assumed integrated luminosity of

125 ab−1. Both jets are required to be tagged in each case. Shown are a

the distribution without tagging applied, b after the rejection of b- and

c-jets vs s-jets at 1% mistag rate, c the distribution after rejection of b-

and c-jets at 1% and u- and d-jets vs s-jets at 10% mistag rate, d the

distribution after rejection of b- and c-jets at 1% and u- and d-jets vs

s-jets at 1% mistag rate

The updated design of the IDEA detector concept has the

innermost layer of the vertex detector at 1.2 mm instead

of 1.7 mm. It will improve the impact parameter resolu-

tion and, consequently, the displaced vertex resolutions, thus

enhancing the performance of heavy flavour tagging. Further

improvement is expected from an ultra-light ALICE ITS3-

like vertex detector [102]. An updated version of CLD [70] is

being developed with a dedicated compact-RICH PID detec-

tor, ARC, which is expected to aid in strange tagging.

A natural extension of isolating Z → ss̄ events would

be to measure the branching fraction and coupling of the Z

boson to the s quark and assess further flavour-dependent

properties at the Z pole that are sensitive to extensions of

the standard model. Extrapolating the excellent performance

of DeepJetTransformer in discriminating strange jets

and the continuing improvement of jet flavour taggers along

with more sophisticated inputs, there is clear potential for the

precise study of the light u and d quarks at the Z resonance

at the FCC-ee.
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Fig. 10 Discovery significance

vs luminosity for the four

working points corresponding to

Table 8. The points noted by the

x axis intersecting with the

dashed vertical lines are the

luminosities required at the four

respective working points to

achieve the canonical discovery

significance of 5σ

The similar performance in Higgsstrahlung events sug-

gests the opportunity to measure the Yukawa coupling of

the s quark, as attempted in Refs. [18,67], and the decent

gluon discrimination, especially against heavy quarks, will

make gluon final states accessible as well. The much larger Z

boson cross-section will also provide opportunities for cali-

bration and performance validation on data before the Higgs

boson decay to s quarks is examined, which is likely to reduce

experimental uncertainties.

9 Conclusion

Deep learning techniques have demonstrated excellent per-

formance in analysing complex jet structures and extract-

ing subtle flavour signatures in jet flavour identification. The

short training time of DeepJetTransformer makes it

uniquely suited for prospective studies of the developing

detector concepts. It should be noted that even though this

study focuses on FCC-ee and the IDEA detector, the conclu-

sions are general, and DeepJetTransformer can also

be utilised at other collider projects with appropriate adjust-

ments, such as tuning to different detector geometries, jet

clustering algorithms, or energy regimes.

These results show that modern jet flavour tagging tech-

niques can isolate very pure samples of s quark decays orig-

inating from vector bosons. We hope that strange jet tagging

will create opportunities for a new category of potential stud-

ies at future lepton colliders, including assessment of the fea-

sibility of completely new or more precise measurements and

enhancement of the sensitivity to new physics phenomena.
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