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Introduction
Why do searches need ML-based jet taggers?

Extended scalar sectors and heavy vector-like particles:
• Produce high-pT, collimated decay products
• Dedicated ML-based jet taggers are needed to identify these signatures

Physics target:
• Probe new heavy states beyond the Standard Model, including extended scalar

sectors and vector-like particles.
Experimental challenge:

• At high mass, decays are boosted: bosons, top quarks or new particles can
merge into one large-radius jet.

ML jet tagging:
• Jet taggers learn substructure patterns that separate signal-like boosted

topologies from QCD backgrounds.

By identifying substructure inside large-radius jets, ML-based taggers make
boosted searches more powerful and sensitive to new physics.
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Jet tagging via Particle Clouds
The ParticleNet algorithm 2

Jet flavor tagging:

• Jets represented as particle clouds

Inputs:

• Particle-flow candidates

• Secondary vertex

Architecture:

• Dynamic Graph Convolutional Neural
Network

Representation:

• Particles → vertices of the graph

• Particle correlations → edgesDynamic Graph CNN for Learning on Point Clouds • 1:3

Fig. 2. Left: Computing an edge feature, ei j (top), from a point pair, xi and xj (bottom). In this example, hΘ() is instantiated using a fully connected layer,
and the learnable parameters are its associated weights. Right: The EdgeConv operation. The output of EdgeConv is calculated by aggregating the edge
features associated with all the edges emanating from each connected vertex.

expressed in terms of the metric are invariant to isometric defor-
mation. Representatives of this class include spectral descriptors
such as global point signatures [Rustamov 2007], the heat and wave
kernel signatures [Aubry et al. 2011; Sun et al. 2009], and variants
[Bronstein and Kokkinos 2010]. Most recently, several approaches
wrap machine learning schemes around standard descriptors [Guo
et al. 2014; Shah et al. 2013].

Deep learning on geometry. Following the breakthrough results of
convolutional neural networks (CNNs) in vision [Krizhevsky et al.
2012; LeCun et al. 1989], there has been strong interest to adapt
such methods to geometric data. Unlike images, geometry usually
does not have an underlying grid, requiring new building blocks
replacing convolution and pooling or adaptation to a grid structure.

As a simple way to overcome this issue, view-based [Su et al. 2015;
Wei et al. 2016] and volumetric representations [Klokov and Lempit-
sky 2017; Maturana and Scherer 2015; Tatarchenko et al. 2017; Wu
et al. 2015]—or their combination [Qi et al. 2016]—“place” geometric
data onto a grid. More recently, PointNet [Qi et al. 2017b,c] exempli-
fies a broad class of deep learning architectures on non-Euclidean
data (graphs and manifolds) termed geometric deep learning [Bron-
stein et al. 2017]. These date back to early methods to construct
neural networks on graphs [Scarselli et al. 2009], recently improved
with gated recurrent units [Li et al. 2016] and neural message pass-
ing [Gilmer et al. 2017]. Bruna et al. [2013] and Henaff et al. [2015]
generalized convolution to graphs via the Laplacian eigenvectors
[Shuman et al. 2013]. Computational drawbacks of this foundational
approach were alleviated in follow-up works using polynomial [Def-
ferrard et al. 2016; Kipf and Welling 2017; Monti et al. 2017b, 2018],
or rational [Levie et al. 2017] spectral filters that avoid Laplacian
eigendecomposition and guarantee localization. An alternative def-
inition of non-Euclidean convolution employs spatial rather than
spectral filters. The Geodesic CNN (GCNN) is a deep CNN on meshes
generalizing the notion of patches using local intrinsic parameteriza-
tion [Masci et al. 2015]. Its key advantage over spectral approaches
is better generalization as well as a simple way of constructing
directional filters. Follow-up work proposed different local chart-
ing techniques using anisotropic diffusion [Boscaini et al. 2016]
or Gaussian mixture models [Monti et al. 2017a; Veličković et al.
2017]. In [Halimi et al. 2018; Litany et al. 2017b], a differentiable
functional map [Ovsjanikov et al. 2012] layer was incorporated into

a geometric deep neural network, allowing to do intrinsic structured
prediction of correspondence between nonrigid shapes.
The last class of geometric deep learning approaches attempts

to pull back a convolution operation by embedding the shape into
a domain with shift-invariant structure such as the sphere [Sinha
et al. 2016], torus [Maron et al. 2017], plane [Ezuz et al. 2017], sparse
network lattice [Su et al. 2018], or spline [Fey et al. 2018].
Finally, we should mention geometric generative models, which

attempt to generalize models such as autoencoders, variational au-
toencoders (VAE) [Kingma and Welling 2013], and generative adver-
sarial networks (GAN) [Goodfellow et al. 2014] to the non-Euclidean
setting. One of the fundamental differences between these two set-
tings is the lack of canonical order between the input and the output
vertices, thus requiring an input-output correspondence problem
to be solved. In 3D mesh generation, it is commonly assumed that
the mesh is given and its vertices are canonically ordered; the gen-
eration problem thus amounts only to determining the embedding
of the mesh vertices. Kostrikov et al. [2017] proposed SurfaceNets
based on the extrinsic Dirac operator for this task. Litany et al.
[2017a] introduced the intrinsic VAE for meshes and applied it to
shape completion; a similar architecture was used by Ranjan et al.
[2018] for 3D face synthesis. For point clouds, multiple generative
architectures have been proposed [Fan et al. 2017; Li et al. 2018b;
Yang et al. 2018].

3 OUR APPROACH
We propose an approach inspired by PointNet and convolution
operations. Instead of working on individual points like PointNet,
however, we exploit local geometric structures by constructing a
local neighborhood graph and applying convolution-like operations
on the edges connecting neighboring pairs of points, in the spirit
of graph neural networks. We show in the following that such an
operation, dubbed edge convolution (EdgeConv), has properties lying
between translation-invariance and non-locality.
Unlike graph CNNs, our graph is not fixed but rather is dynam-

ically updated after each layer of the network. That is, the set of
k-nearest neighbors of a point changes from layer to layer of the
network and is computed from the sequence of embeddings. Prox-
imity in feature space differs from proximity in the input, leading
to nonlocal diffusion of information throughout the point cloud. As
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Output:

• Set of probabilities P(X → Y)
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Particle Transformer for Jet Tagging
The GloParT algorithm 2

Jet flavor tagging:

• Jets represented by particle-level tokens

Inputs:

• Particle-flow candidates

• Secondary vertex

• Pairwise particle features

Architecture:

• Transformer-based jet-tagging network

Representation:

• Particles → Transformer tokens

• Pairwise particle features → attention
bias

• Local particle and global jet attention

Output:

• Set of probabilities P(X → Y)
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Search for pair-produced
vector-like top quarks
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Search for pair-produced vector-like top quarks CMS-PAS-B2G-24-016
Two-dimensional search for pair-produced TT → tϕtϕ

CMS-B2G-24-016

Signal model
gluon fusion production

g

g

g T
t

q
q′

b

ϕ

γ

γ

T
t

q
q′

b

ϕ

Run 2: 138 fb−1 at 13 TeV
Final-state picture

• Pair-produced VLQ top partners in a
composite-Higgs scenario

• Both SM top quarks decay hadronically

• The final-state signature consists of a
di-photon system and two AK8 jets

• mT ∈ [0.8, 1.8] TeV

• mϕ ∈ [100, 300] GeV

• Search is performed on a mass grid in
the 2D (mrec.

T , mrec.
ϕ ) plane

• Use of ParticleNet TvsQCD discriminator to tag the two boosted tops.
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Search for pair-produced vector-like top quarks CMS-PAS-B2G-24-016
Search results and upper limits

Background estimation

• Dominant background: tt with
non-prompt/misidentified photons

• Transfer function extrapolates CR → SR as
a smooth function of mrec.

ϕ

Results

• Data are consistent with the SM background

• Vector-like top quark masses below
1.39 TeV are excluded

First search for pair-produced T → tϕ

with boosted all-hadronic top quarks

and a scalar decay to a photon pair

Upper limits at 95% CL

C. Leonidou 7 of 20 14th July, 2026



Search for single production
of a vector-like B′ quark
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Search for single production of a vector-like B′ quark arXiv:2606.01423
Search for single B′ → tW

CMS-B2G-24-013

Signal model
production via EW interaction
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leptonic side boosted side production

ℓ + pmiss
T AK8 jet

from t or W
bqB′ or tqB′

Run 2: 138 fb−1 at 13 TeV
Final-state picture

• B′ → tW with one W boson giving
e/µ + pmiss

T

• mB′ ∈ [0.8, 2.0] TeV

• Narrow-width hypotheses Γ/mB′ = 1%
and 5%

• Benchmarks: singlet B′ and an up-type
(T′, B′) doublet

• Use of ParticleNet TvsQCD or WvsQCD discriminators to tag the AK8 jet.
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Search for single production of a vector-like B′ quark arXiv:2606.01423

Analysis strategy
Reconstruction

Case 1: W → ℓν + t-tagged AK8

Case 2: t → bℓν + W-tagged AK8

Case 3: t → bℓν + non-W AK8

Case 4: W → ℓν + non-t AK8

Control/Signal regions

• Control regions: A, B, C, X and Y

• Dominant SM backgrounds are modeled
using CRs and the ABCDnn method

The B′-quark signal hypothesis is tested using a binned maximum-likelihood fit
to the mtW distribution
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Search for single production of a vector-like B′ quark arXiv:2606.01423
Upper limits for singlet bqB′, singlet tqB′ and

up-type doublet tqB′ production
Results
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Upper limits at 95% CL

The search excludes single B′ quarks up to 1.23 TeV and sets the most stringent limits

to date on narrow-width B′ production cross sections and coupling factors.
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Search for a new resonance
decaying to a Higgs boson

and a scalar boson
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Search for X → HY → bbZ(qq/νν)Z(ℓℓ) arXiv:2602.18223

Two-dimensional search for new resonance
X and scalar Y

CMS-B2G-24-022

Signal model
gluon fusion production
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Run 2: 138 fb−1 at 13 TeV
Final-state picture

One H → bb candidate, while the other H/Y → ZZ.
One Z is reconstructed from ℓ+ℓ−, the second Z is
either qq or νν.

• HH mode: resonant Higgs-pair production

• HY mode: additional scalar Y from extended
Higgs sectors

Use bbZZ kinematics to separate signal from DY, tt, and non-prompt
backgrounds
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Search for X → HY → bbZ(qq/νν)Z(ℓℓ) arXiv:2602.18223

Analysis strategy
• High-mass X makes H or Z decay products collimated

▶ analysis keeps both resolved and boosted topologies
• Use of ParticleNet discriminant XbbvsQCD

▶ AK8 passing PNet score: H boosted
▶ AK8 failing the PNet score: Z boosted

bbZZ
candidates

2 tight OS/SF
leptons

Z → qq
pmiss

T < 100 GeV

Z → νν

pmiss
T > 100 GeV

qq0M
H resolved + Z resolved

qqHM
H boosted + Z resolved

qqZM
H resolved + Z boosted

qq2M
H boosted + Z boosted

νν0M
H resolved

νν1M
H boosted

Background estimation
• Non-prompt lepton: data-driven

fake-rate method

Signal extraction
• For qq0M and νν0M: BDT scores

• For νν1M: The transverse resonance
mass is reconstructed

• For the remaining three boosted
topologies: the invariant resonance mass
is reconstructed

Simultaneous binned profile
likelihood fit across all SRs
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Search for X → HY → bbZ(qq/νν)Z(ℓℓ) arXiv:2602.18223

Upper limits are set in HH and HY channels
pp → X → HH → bbZZ
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5 fb to 500 fb in the (mX, mY) plane

No significant excess is observed. The sensitivity is competitive with searches
targeting (H → γγ/ττ)(Y → bb/VV)
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Search for X → HY → bbV(qq)V(qq) arXiv:2602.00273

Two-dimensional search for new resonance
X and scalar Y in the fully hadronic final state

CMS-B2G-23-007

Signal model
gluon fusion production

Run 2: 138 fb−1 at 13 TeV
Final-state picture

• H → bb

• Y → VV → 4q

• mX ∈ [900, 4000] GeV

• mY ∈ [60, 2800] GeV

Use novel ML-based jet-flavor tagging algorithms to probe boosted topologies
and suppress the dominant QCD multijet background
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Search for X → HY → bbV(qq)V(qq) arXiv:2602.00273

Two boosted categories cover the HY phase space
Fully merged
mY ≲≲≲ 0.1mX

Y

H

V

VX

q

q

q

q

b

b

1

Y

H

V

V
X

q
q
q

q

b
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2

• ≥ 2 AK8 jets

• Leading/subleading jet pT > 400/350 GeV

• H → bb: ParticleNet XbbvsQCD tight WP

• Y → VV → 4q: GloParT TYWW > 0.6

Semi-merged
0.1mX ≲≲≲ mY < mX − mY

Y

H

V

VX

q

q

q

q

b

b

1

Y

H

V

V
X

q
q
q

q

b
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2

• ≥ 3 AK8 jets, each pT > 200 GeV

• H → bb: ParticleNet XbbvsQCD tight WP

• V → qq: ParticleNet WvsQCD tight WP,
70 < mreg

V < 100 GeV

The signal is extracted from the reconstructed masses of X and Y in the
2D (mrec

X , mrec
Y ) plane
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Search for X → HY → bbV(qq)V(qq) arXiv:2602.00273
Search results and upper limits for X → HY → bbWW

Background estimation
• QCD multijet: data-driven two-dimensional

parametric alphabet method

Results
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Summary
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Summary

Conclusions

This talk summarizes the latest CMS results from Run 2 on searches for extended
scalar sectors and heavy VLQ, using ML-based jet taggers.

• New final states are explored.
• State-of-the-art ML techniques are used for flavor tagging.
• Sensitivity is increased and exclusion limits are improved.
• No evidence for BSM physics has been observed.
• Run 2 analyses are being wrapped up, the next round will be performed entirely

at 13.6 TeV, with more than 300 fb−1.

Thank you!
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Search for pair-produced vector-like top quarks CMS-PAS-B2G-24-016
Background estimation

• Transfer function (TF) is applied to the tt distribution in the CR

TF = e−α−βmrec.
ϕ

• Parameters α and β are allowed to float in the fit

Nbkg
SR (i) = TF · Ntt

CR(i) + NV+jets
SR (i)
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Search for single production of a vector-like B′ quark arXiv:2606.01423
Background estimation

• The ABCDnn network uses information from five CRs
• The observables to be transformed is x⃗ = (mtW, ST)
• The transformation principle is expressed as:

pdata(x⃗ |⃗c) = T (x⃗ ′; x⃗ |⃗c) · psim.(x⃗ |⃗c)
W → ℓν

0.02

0.04

0.06

0.08

0.10

0.12

N
bi

n/N
to

t CMS
Region X
LepW

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0.02

0.04

0.06

0.08

0.10

0.12

138 fb 1 (13 TeV)

Region Y
LepW

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0.6

1.0

1.4

D
at

a/
AB

C
D

nn

0.6

1.0

1.4

0.02

0.04

0.06

0.08

0.10

0.12

N
bi

n/N
to

t

Region A
LepW

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0.02

0.04

0.06

0.08

0.10

0.12

Region C
LepW

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0.6

1.0

1.4

D
at

a/
AB

C
D

nn

0.6

1.0

1.4

0.02

0.04

0.06

0.08

0.10

0.12

N
bi

n/N
to

t

Region B
LepW

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0.02

0.04

0.06

0.08

0.10

0.12

Region D (SR)
LepW

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0 500 1000 1500 2000
0.6

1.0

1.4

D
at

a/
AB

C
D

nn

0 500 1000 1500 2000 2500
mtW [GeV]

0.6

1.0

1.4

t → bℓν

0.02

0.04

0.06

0.08

0.10

0.12

N
bi

n/N
to

t CMS
Region X
LepT

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0.02

0.04

0.06

0.08

0.10

0.12

138 fb 1 (13 TeV)

Region Y
LepT

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0.6

1.0

1.4

D
at

a/
AB

C
D

nn

0.6

1.0

1.4

0.02

0.04

0.06

0.08

0.10

0.12

N
bi

n/N
to

t

Region A
LepT

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0.02

0.04

0.06

0.08

0.10

0.12

Region C
LepT

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0.6

1.0

1.4

D
at

a/
AB

C
D

nn

0.6

1.0

1.4

0.02

0.04

0.06

0.08

0.10

0.12
N

bi
n/N

to
t

Region B
LepT

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0.02

0.04

0.06

0.08

0.10

0.12

Region D (SR)
LepT

Data
MC
ABCDnn
ABCDnn Uncert.
Stat. Train.

0 500 1000 1500 2000
0.6

1.0

1.4

D
at

a/
AB

C
D

nn

0 500 1000 1500 2000 2500
mtW [GeV]

0.6

1.0

1.4

C. Leonidou 23 of 20 14th July, 2026


	Introduction
	Jet tagging via Particle Clouds
	Particle Transformer for Jet Tagging
	
	Search for pair-produced vector-like top quarks
	CMS-PAS-B2G-24-016

	
	Search for single production of a vector-like B' quark
	arXiv:2606.01423

	
	Search for X H Y bbZ (qq/)Z ()
	arXiv:2602.18223

	Search for X H Y bbV(qq)V(qq)
	arXiv:2602.00273

	
	Summary
	
	Backup
	Search for pair-produced vector-like top quarks
	CMS-PAS-B2G-24-016

	Search for single production of a vector-like B' quark
	arXiv:2606.01423


