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Abstract

Jet clustering is a key algorithm in particle physics used to detect sprays of particles
produced as a result of the hadronization of highly energetic quarks and gluons
produced in particle colliders. We present a novel machine learning-based jet
clustering algorithm based on the Lorentz-equivariant geometric algebra trans-
former trained with object condensation loss to cluster particle flow candidates
around the originating quarks. We propose an additional loss term that prevents
the model from relying on features of the hadronization process not well described
by theoretical models (IRC safety). The models are evaluated on events resulting
from quantum chromodynamics (QCD) processes, as well as a possible dark sector
signature in the form of semi-visible jet signal events. Our results demonstrate
an improvement in jet clustering across a wide range of parameters of dark sector
models compared to the standard in the field (anti-kt), regardless of whether the
models were trained on QCD background or semi-visible jet signal events. Com-
parison of the performance on generator particles before and after hadronization
demonstrates a high degree of IRC safety of the models. The IRC safety loss
can be extended to existing algorithms for processing high-energy physics data
from particle colliders, thereby facilitating a more accurate reconstruction of the
underlying physics processes.

1 Introduction

The Large Hadron Collider (LHC) at CERN collides bunches of particles at high energies [1]. The
experiments store a subset of the recorded collision events for downstream physics analyses, selected
by a two-level trigger system [2]. The final-state particles interact with different components of the
detectors, and the resulting signals are then input to the Particle-Flow algorithm [3], which determines
the final set of reconstructed particles (PF candidates) on which analysis is finally performed. The
CMS and ATLAS experiments at the LHC have, among other results, confirmed the existence of
the Higgs boson [4, 5], as well as considerably constrained parameters of a wide range of theories
beyond the standard model (BSM).

Quarks and gluons are produced abundantly during proton-proton collisions. Such particles rapidly
undergo a process known as hadronization, producing a large number of particles called hadrons. This
leaves a distinct signature in the detector, known as a jet, i.e., a narrow cone of hadrons originating
from a gluon or a quark. The momentum of the originating quark or gluon is spread among the
resulting hadrons, making accurate jet finding from reconstructed particles a key ingredient to physics
analysis [6]. A jet clustering algorithm should be infrared and collinear (IRC) safe: firstly, the
algorithm’s outcome shouldn’t change if an arbitrary number of low-energy particles are added to the
event (infrared safety). Secondly, if a particle is split into multiple collinear particles, the resulting
jets should also not change (collinear safety). This is necessary to accurately compare experimental
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results with theoretical predictions, which are known to become unreliable in the aforementioned
regimes.

This work focuses on a subset of BSM theories in which semi-visible jets (SVJ) can occur. Such jets
consist of both visible and invisible hadrons. As such, reconstructing these jets is more challenging
than reconstructing standard model (SM) jets. We attempt to construct a clustering model that
outperforms the classical anti-kt baseline while maintaining a high degree of IRC safety.

2 Strongly coupled dark matter searches at the CMS experiment

In Hidden Valley theories, additional neutral dark matter particles are introduced that can interact with
the Standard Model (SM) particles [7, 8]. In strongly coupled dark matter theories, the hidden sector
couples to the SM via a heavy mediator particle, which can decay into two dark quarks. The resonant
production of a heavy boson mediator Z ′ is shown in Figure 1(a). We consider two parameters of
such models: the mediator mass mZ′ and invisible fraction rinv. The invisible fraction is defined
as the fraction of stable dark hadrons: rinv = ⟨ Nstable

Nstable+Nunstable
⟩, as the unstable dark bound states

decay promptly to SM quarks [9]. The CMS experiment [10] searched for such events using data
from 2015 to 2018, and was able to exclude the existence of mediators with masses ranging from 1.5
TeV to 5.1 TeV at the 95% confidence level [9]. At lower mediator masses, the current triggering
criteria significantly decrease the sensitivity of the search [11].

3 Dataset

We simulate s-channel production of dark quarks via a Z ′ vector mediator using different sets of
parameters mZ′ and rinv.. The physics processes are simulated with Pythia 8.307 [12], and the
detector simulation is done using Delphes 3.5.0 [13]. Additionally, we also simulate a background
dataset of standard model QCD events, in which quarks and gluons hadronize. For more details
on the simulation, see Appendix A. For each model, we store three particle sets: the reconstructed
PF candidates (termed PFCands), visible final-state generator particles (GL), i.e., before simulating
their interaction with the detector, and visible parton-level generator particles (PL), i.e., before the
formation of a bound state (hadronization). The GL and PL sets are stored in order to evaluate the
IRC safety of the models by comparing the performance on GL and PL with the IRC-safe baseline
AK.

4 Anti-kt baseline

The anti-kt (AK) algorithm [14] works iteratively by picking the highest-pT particle, and then keeps

adding the closest particles to the jet one-by-one according to the metric dij = min(p−2
T,i, p

−2
T,j)

∆2
ij

R2 .
This continues until the closest particle is further away than diB = p−2

T,i. Then, the selected particles
are removed from the event, and the process is repeated until no more particles remain. The distance
depends firstly on the angular distance between two particles ∆ij = (yi − yj)

2 + (ϕi − ϕj)
2, where

ϕ is the azimuthal angle in the plane perpendicular to the beam axis, and y = 1
2 ln

E+pzc
E−pzc

, where pz
is the projection of particle momentum onto the beam axis and c is the speed of light. Secondly, it
depends on the largest of the particles’ transverse momenta and the hyperparameter R, set to 0.8 for
this work.

5 Model

Multivectors are objects that contain components of both scalar and vector nature, as well as higher-
order components. Geometric algebra transformer (GATr) processes multivector tokens instead of
only vectors or scalars, and is designed to respect the symmetries of Euclidean space by respecting
E(3) equivariance. The attention mechanism used in the GATr uses the equivariant inner product
between the multivectors. [15]

GATr could, in principle, be built over any geometric algebra. Therefore, we use the Lorentz-
equivariant geometric algebra transformer (L-GATr) [16] to process four-vectors embedded in the
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Lorentz geometric algebra, as it is particularly suitable for processing sets of particles produced in
collisions. The novelty of this work is mainly in the loss and not the architecture itself; therefore,
comparison between different transformer architectures is beyond the scope of this paper. We
encode the particle four-momentum (a four-component object that represents a vector in the Lorentz
geometric algebra) in the vector part of the multivectors. Additionally, we encode the particle charge
as an additional scalar.

5.1 Object condensation loss

We base our clustering model on object condensation [17], followed by performing the HDBSCAN
algorithm [18] in the clustering space output by the model. Assuming there are N particles and K
objects in an event, the object condensation loss function is

LOC =
1

N

N∑
j=1

qj

K∑
k=1

(
MjkV̌k(x

′
j)wattr. + (1−Mjk)V̂k(x

′
j)wrepul.

)
(1)

where the mask Mjk is set to 1 if particle j belongs to ground truth jet k and 0 otherwise, and
x′
i are the virtual coordinates of the particles regressed by the model1. We set wattr. = 0.1 and

wrepul. = 1. The attractive loss is defined as V̌k(x) = |x− xα|2qαk and the repulsive loss is defined
as V̂k(x) = max(0, 1 − |x − xα|)qαk, where qαk = maxi qiMik. We set qi = pT,i, motivated
by the IRC safety requirement.2 This way, hard particles (with higher pT ) would tend to be the
cluster centers, and softer, low-energy particles would cluster around them. Note that in the initially
proposed object condensation loss [17, 19], the parameter qi is learnable. Additionally, a loss term
Lcoord = 0.1 1

N

∑
j

xj

|xj | −
x′
j

|x′
j |

is added such that the output coordinates of the model are close to
the original input coordinates of the particles.

We empirically find that adding approx. 500 particles with a low momentum of pGP
T = 0.01 GeV

spread uniformly in direction improve performance (without modifying the jets due to the low pT of
these particles). The models using this trick are marked with LGATr_GP. This in turn hints that the
clustering step itself may be a limiting factor, and that architectures which directly learn per-particle
instance assignments (such as MaskFormer-inspired instance segmentation methods) could be better
suited to this task.

5.2 IRC safety loss

To ensure the infrared and collinear (IRC) safety of the learned event representations, we introduce
an additional loss term that penalizes changes to the clustering space when IRC transformations
(augmentations) are applied to the model inputs: using collinear splitting T||, the 1-5 particles
sampled from the 5 highest-pT particles are split into 2-5 collinear particles each. Using soft particle
addition Tsoft, 500 particles with pT = 0.01 GeV each are added to the event, spread randomly in
different directions. The IRC safety loss attempts to minimize the mean squared error of the shift
in the virtual coordinates that occurs when the event is augmented with Tsoft or T||. We consider
two variants of the IRC safety loss: LGATr_GP_IRC_S, using only T||, and LGATr_GP_IRC_SN,
using both Tsoft and T||.

6 Results and discussion

We consider a jet candidate matched with a dark quark if its closest dark quark is closer than R = 0.8
in angular distance and no other jets have already been matched to it. We compute precision (number
of matched dark quarks over the number of jets output by the model), recall (number of matched
dark quarks over the number of dark quarks), and F1 score (harmonic mean of precision and recall).
Figures 1 (e) and (f) show that gains over the baseline can be achieved regardless of whether the
model was trained on signal or background, demonstrating that the model is signal-agnostic. The

1See Appendix A.1 for the definition of the ground truth jets.
2pT is the projection of the momentum vector onto the plane perpendicular to the beam axis.
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Table 1: Comparison of models across PFCands, GL, and PL in terms of the F1 score, evaluated on
the signal dataset mZ′ = 700 GeV, rinv. = 0.7. The models were trained on the QCD event dataset.
The jets with pT < 100 GeV are rejected.

Method PFCands GL PL

AK8 (baseline) 0.386 0.362 0.374
LGATr 0.383 0.346 0.366
LGATr_GP 0.400 0.363 0.370
LGATr_GP_IRC_S 0.400 0.364 0.375
LGATr_GP_IRC_SN 0.395 0.364 0.368

results in Table 1 show that our models retain comparable performance with the baseline before and
after hadronization (PL and GL), demonstrating the IRC safety of our models.

The IRC safety loss term requires further investigation. For example, it remains unclear why
including both noise particles and collinear splittings in the IRC safety loss (GP_IRC_SN) degrades
performance compared to only including the split particles (GP_IRC_S). The model might be simply
learning an effective transverse momentum cutoff, thereby disregarding particles with momenta below
that threshold. The weight of the IRC loss was set to a fixed, arbitrary number (100); to avoid this,
methods such as the Modified Differential Multiplier Method [20] could be utilized. The proposed
IRC loss can be easily extended to other models in high-energy physics where IRC safety is needed,
such as jet tagging models.

7 Conclusion

We have presented a machine learning-based method for jet clustering using Geometric Algebra
Transformers that preserves the IRC safety while outperforming the baseline anti-kt. Additionally,
we have proposed a novel IRC safety loss term that ensures the consistency of the outputs of the
neural network in case the hard particles are split. Our work contributes to using machine learning to
develop IRC-safe jet algorithms.

8 Reproducibility

A live demo of the model is available at https://huggingface.co/spaces/gregorkrzmanc/jetclustering.
The trained models are available for download at https://huggingface.co/gregorkrzmanc/jetclustering/
tree/main. The used datasets of both signal and background events are available for down-
load at https://huggingface.co/datasets/gregorkrzmanc/jetclustering and the code is available at
https://github.com/gregorkrz/jetclustering.
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(a) Signal process Feynman diagram (b) Input space sample (c) Clustering space sample
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(d) Number of particles per event
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(e) F1 score on background
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(f) F1 score on signal

Figure 1: Figure (a) displays the Feynman diagram of the signal process. The final-state particles
can be captured by the detector, as shown in Figure (b). Our model outputs a clustering space where
the particles belonging to the same jet are close together, as seen in Figure (c). The signal dataset
statistics for the signal hypothesis with mZ′ = 900 GeV, rinv. = 0.3 are displayed in Figure (d).
Figures (e) and (f) display how the F1 score changes if the cutoff pT is lowered from 100 GeV on both
signal (mZ′ = 700 GeV, rinv. = 0.7) and background for the model trained using the GP_IRC_S
loss as well as the baseline AK8. Different colors in Figures (e) and (f) represent different training
datasets, e.g., 900_03 means the signal dataset with mZ′ = 900 GeV, rinv. = 0.3, and QCD means
the background dataset. Our method outperforms the baseline in terms of the F1 score at all pcutoffT
values. See Appendix D for the plots of the precision and recall components of the F1 score.
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A Dataset details

The direction and magnitude of the particle momentum are described by the azimuthal angle ϕ,
pseudorapidity η = − ln tan( θ2 ) (where θ is the angle from the beam axis), and transverse momentum
pT .

The clustering models are trained and tested on multiple signal hypotheses with rinv. ∈ {0.3, 0.5, 0.7}
and mZ′ ∈ {700, 800, 900, 1000, 1100, 1200} GeV, with 10,000 events per signal hypothesis. Addi-
tionally, a testing dataset of 10,000 and a training dataset of 100,000 QCD events (quark and gluon
jets) were simulated using the same software, with minimum parton pT set to 100 GeV.

Only particles with pT > 0.5 GeV and |η| < 2.4 are kept.

The visible parton-level generator particles (PL) are the particles with Pythia status between 51 and
59 that belong to the SM (i.e., no dark matter).

A.1 Ground truth construction

We set the ground truth for the clustering in the following way: The particles within RGT = 0.8
angular distance away from the dark quarks are set to belong in the same cluster. Particles further
away than RGT from the closest dark quark are treated as noise.

B Model hyperparameters

The LGATr models have 10 blocks, 16 multivector channels, and 64 scalar channels, and in the end
have ∼ 1.3 million learnable parameters.

The HDBSCAN clustering parameters are min_cluster_size=2, min_samples=1, epsilon=0.3.
The HDBSCAN Python library [21] is used to perform clustering in virtual space, and FastJet [22] is
used to perform anti-kt clustering.

B.1 Lorentz symmetry breaking in the model

The measurement process at the LHC is not Lorentz-invariant, mainly due to the fixed direction of
the beam axis and varying reconstruction efficiencies for particles hitting the detector at different
angles. Therefore, it may be beneficial to break the Lorentz symmetry. As proposed in [23], we break
the Lorentz symmetry by additionally encoding the direction of the beam axis in the inputs.

We additionally artificially break the Lorentz symmetry by encoding the particle energy E and
transverse momentum pT as additional scalar channels. Note that this information is already encoded
in the four-vector passed to the model; this way, we provide the model with another option to break
Lorentz symmetry. Note that the loss function is also not Lorentz-invariant due to the qi = pT,i

setting as well as the computation of distances in clustering space only from the spatial part of the
four-vectors. We leave the construction of a fully Lorentz-invariant loss function for future work.

C Training

The models were trained and evaluated on a single NVIDIA GeForce GTX 1080 Ti GPU. The initial
training of the model takes around 1.5 days, and further training using the complete IRC safety
loss takes around a day with a batch size of 20 events. Evaluating 10,000 events takes around 10
minutes. These runtimes could likely be reduced through further code optimization and more efficient
implementation.

Figures 2 and 3 display how the contributions of different loss terms to the total loss evolve with
training.

D Precision, recall, and F1 score plots

Figures 4 and 5 display the precision, recall, and F1 scores for signal and background depending on
the pcutoffT and the training dataset.
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Figure 2: Display of the evolution of different components of the training loss with the training step
for the initial training of the LGATr model (without the IRC safety loss). The data are smoothed
using a rolling average with a window size of 16.

Figure 3: IRC safety loss term value vs. step, for two versions of the IRC safety loss. The IRC loss is
weighted 100 times more than the other loss terms during optimization. The data are smoothed using
a rolling average with a window size of 16.
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Figure 4: Precision, recall, and F1 scores for the signal dataset (mZ′ = 700 GeV, rinv. = 0.7),
depending on the jet threshold pT .
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Figure 5: Precision, recall, and F1 scores for the QCD background dataset, depending on the jet
threshold pT .

9


	Introduction
	Strongly coupled dark matter searches at the CMS experiment
	Dataset
	Anti-kt baseline
	Model
	Object condensation loss
	IRC safety loss

	Results and discussion
	Conclusion
	Reproducibility
	Dataset details
	Ground truth construction

	Model hyperparameters
	Lorentz symmetry breaking in the model

	Training
	Precision, recall, and F1 score plots

