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Zusammenfassung

Foundation Models haben das Feld der künstlichen Intelligenz revolutioniert. Über viele
Jahre hinweg wurden Machine Learning Modelle jeweils individuell für eine Vielzahl an An-
wendungen entwickelt. Foundation Models hingegen basieren auf umfassendem sogenanntem
Pre-Training und anschließendem Fine-Tuning, was zu einer erheblichen Verbesserung bei
der finalen Anwendung führt. Diese Dissertation stellt die Entwicklung solcher Pre-Training-
Methoden zugeschnitten auf die Teilchenphysik dar, wobei der Fokus auf sogenannten Teil-
chenjets – Bündel kollimierter Teilchen, welche bei hochenergetischen Kollisionsprozessen in
Teilchenbeschleunigern wie dem LHC entstehen – gesetzt wird. Die hier vorgelegte Arbeit
folgt dem folgenden Aufbau: zunächst wird ein auf dem sogenannte Flow-Matching-Prinzip
basierendes generatives Modell für Teilchenjet-Bestandteile vorgestellt. Dieses Modell ist das
erste generative Modell für Teilchenjets, welches nicht nur die kinematischen Informationen
der Jetbestandteile erzeugt, sondern auch deren Teilchen-ID sowie die Verschiebung ihrer
Trajektorie bezüglich des Kollisionspunktes. Die zweite Studie adaptiert die sogenannte Next
Token Prediction (NTP), welche das grundlegende Konzept für große Sprachmodelle ist, für
Teilchenjets. Daraus geht das erste Cross-Task Foundation Model der Teilchenphysik hervor.
Basierend auf dieser initialen Arbeit zu generativem Pre-Training für Teilchenjets mit NTP
wird der Vorteil, dass NTP keine externen Label benötigt, voll nutzbar gemacht, indem ein
Pre-Training auf gemessenen Daten eines Beschleunigerexperiments durchgeführt wird. Dar-
auf aufbauend werden mehrere Verbesserungen der NTP-basierten Pre-Training-Methode
vorgestellt, und die NTP Methode wird mit der sehr ähnlichen Methode des Masked Particle
Modeling verglichen. Insbesondere wird hierbei eine Pre-Training-Methode eingeführt, wel-
che diese beiden Ansätze kombiniert, was zu einer deutlichen Verbesserung gegenüber des
nur auf NTP basierten Pre-Trainings führt. Schließlich wird eine umfassende Vergleichsstu-
die gezeigt, welche unterschiedliche Pre-Training-Methoden mit und ohne der Nutzung von
externen Labels analysiert. Gemeinsam repräsentieren diese Beiträge mehrere Meilensteine
hin zu der Entwicklung leistungsstarker Foundation Models in der Teilchenphysik.





Abstract

Foundation models have revolutionized the field of artificial intelligence. For many years,
machine learning models were designed and trained independently for a variety of tasks.
Foundation models, on the other hand, rely on powerful pre-training methods that enhance
model performance on downstream tasks. This thesis presents the development of such
pre-training methods tailored for particle physics, with a particular focus on particle jets
– collimated sprays of particles measured in high-energy collision experiments, such as at
the LHC. The research follows a progressive trajectory: first, a generative model for particle
jet constituents, based on the flow matching paradigm, is introduced. It represents the first
model for particle jets capable of generating not only the kinematic information of the jet con-
stituents, but also their particle-ID and trajectory displacement features. The second study
adapts next token prediction (NTP) – the cornerstone of large language model pre-training –
to particle jets, resulting in the field’s first cross-task foundation model. Following the initial
work on generative pre-training for particle jets with NTP, the unsupervised nature of this
approach is fully exploited by applying it to measured, unlabeled collider experiment data.
Next, several improvements to the NTP-based pre-training strategy are introduced, and
the NTP approach is compared to the closely related masked particle modeling pre-training
paradigm. Most notably, a novel joint pre-training is introduced that combines both meth-
ods, yielding a substantial performance increase compared to pre-training on NTP alone. Fi-
nally, a comprehensive comparison of unsupervised and supervised pre-training approaches
is presented. Collectively, these contributions represent multiple defining milestones towards
the development of powerful foundation models in the field of particle physics.
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1 Introduction

The field of particle physics, also referred to as high energy physics (HEP), studies the
elementary particles of our universe and how those particles interact with each other. Collider
physics, which is a subfield of HEP, focuses on investigating the properties of elementary
particles by first accelerating particles to extraordinary velocities close to the speed of light
and then bringing them to collision. By analyzing those collision events, researchers can study
the properties of already known particles, and also search for new, so far unknown particles.
The Standard Model (SM) is an extraordinarily successful theory that describes the behavior
of the known elementary particles. In 2012, the ATLAS [14] and CMS [15] experiments at
the Large Hadron Collider (LHC) [16, 17] at CERN discovered the Higgs boson [18, 19].
The discovery of the Higgs boson marked an important milestone in experimental particle
physics, since it provided experimental evidence that the so-called Higgs mechanism [20–
25] provides an accurate description of how elementary particles acquire their mass within
the SM. However, many questions in the field of HEP are still unanswered, which motivates
precision measurements of the SM as well as searches for physics beyond the Standard Model.

The measurements performed at the LHC are based on extensive, multi-stage analysis
pipelines. Several algorithms are deployed along those pipelines, and many of those algo-
rithms are nowadays either complemented or even fully replaced by machine learning (ML)
techniques. So far, the corresponding ML models are usually developed and trained inde-
pendently.

Over the last few years, the concept of foundation models [26] has emerged in other fields
like natural language processing and computer vision. Foundation models are pre-trained
on large datasets using a pre-training task. After pre-training, a foundation model can be
fine-tuned either on another task or on the same task but with another dataset. While the
pre-training of a foundation model can be time- and resource consuming, this pre-training
can both drastically improve downstream performance and substantially reduce the required
research and development (R&D) for models designed for those downstream tasks. Given
the extensive use of ML in HEP, this paradigm is a promising way forward for HEP, and
needs to be explored.

This thesis presents multiple studies in the context of foundation models for particle
physics. Specifically, the methods developed and studied in this thesis focus on particle jets,
which are sprays of particles created in a collision event. Particle jets are crucial objects at
hadron colliders like the LHC, which makes them an optimal testbed for the development of
foundation models in HEP. This poses two questions: i) what kind of data should be used for
pre-training, and ii) what should be the pre-training task in the context of jet physics? The
answers to those two questions are entangled. A supervised pre-training task for example
requires external labels, like information about the particle that initiated a particle jet. In
general, simulated particle physics data that includes such external labels is of high fidelity,
which makes such supervised pre-training a legitimate option. At the same time, such
external labels are not accessible in measured data from a collider experiment, which in the
case of particle jets only detects the jet constituents themselves. This makes unsupervised
and self-supervised pre-training tasks (which do not require external labels) attractive for
particle physics, as collider experiments record huge amounts of data, which could then
be used directly for pre-training. Industrial foundation models like large language models
(LLMs) or models operating on image data are typically pre-trained on large, unlabelled
datasets. In the case of natural language, the model learns to predict the next element in a
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1. Introduction

sequence of tokens, also referred to as next token prediction (NTP). Vision foundation models
on the other hand rely on methods like masked modeling or self-distillation. Inspired by such
pre-training methods, the HEP community has explored similar techniques for particle jets.

Five research contributions are presented in this thesis. The first contribution [1] explores
the JetClass dataset – a public, large-scale R&D dataset – for generative modeling of particle
jets. The model developed in that study is the first generative model that can generate not
only the kinematic features of the jet constituents, but also the particle-ID and the trajectory
displacement information. Next, the concept of NTP is studied as a pre-training task for jet
foundation models [2]. NTP is the underlying concept of large language models, and is also
used during the pre-training phase of those models. Here, this formalism is applied to particle
jets, by pre-training a model to predict the next particle, which results in a generative model
that can generate a jet as a sequences of particles autoregressively. The pre-trained model is
then fine-tuned to another task, jet classification, where the model takes a whole jet as input
and infers the type of particle that initiated the jet. Since NTP-based pre-training does
not require any external labels, this pre-training can in principle be performed on measured
data directly, where truth information of the underlying process that initiated the jet is
not available. The question of whether pre-training with NTP on measured data can yield
an advantage in a subsequent downstream task is addressed in the third contribution [3]
of this thesis. In that study, a foundation model is pre-trained on open data from the
CMS experiment at CERN, and subsequently fine-tuned to the JetClass dataset. In the
fourth contribution [4], the pre-training paradigm introduced in Ref. [2] is revised, and two
substantial improvements to the original setup are introduced. While the original NTP-based
pre-training in Ref. [2] uses a discretized representation of the individual particles for both
input and training targets, this study proposes a hybrid setup that combines the prediction
of discrete token-IDs via NTP with continuous-valued vectors as model inputs. Secondly,
the pre-training task itself is enhanced by combining next token prediction with masked
token prediction. The fifth and last contribution [5] focuses on a comparison of multiple pre-
training methods, providing a comprehensive analysis of different pre-training techniques
with and without external labels.

The remaining part of this thesis is structured as follows. Chapter 2 provides a brief
overview of the Standard Model and its limitations, followed by an introduction to collider
physics. Next, the fundamental machine learning concepts relevant for this thesis are pre-
sented in chapter 3. Based on that, chapter 4 describes the concept of foundation models
both in general and specifically for jet physics. Chapters 5 to 9 summarize the research
contributions of this cumulative thesis. Finally, conclusions and an outlook are presented in
chapter 10. The full-length articles of the individual research contributions can be found in
the Publications chapter at very end of the document.
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Theory and Methodology
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2 Particle Physics

Particle physics, also referred to as HEP, studies the elementary particles of our universe and
how those particles interact with each other. Elementary particles are the smallest, most
fundamental entities humanity has observed so far. Those particles are smaller than 10−18 m
and are often described as point-like. This chapter provides an overview of the theoretical
background and the experimental context in which the research of this thesis is performed.
Unless further specified, this chapter is based on Refs. [27–30]. Section 2.1 provides a short
introduction to the Standard Model (SM) of particle physics, a theory that has been tested
in particle physics experiments for decades and has held up impressively. This is followed by
a brief discussion of the shortcomings of the SM in section 2.2. Section 2.3 then introduces
fundamental concepts used to study elementary particles at particle collider experiments.

2.1 The Standard Model of Particle Physics

2.1.1 Elementary Particles and Fundamental Interactions

An overview of the particles included in the SM is shown in Figure 2.1. The particle content of
the SM is split into multiple groups based on the properties of the different particles. On the
highest level the particles are split into fermions and bosons. Fermions are the constituents
that make up the matter that surrounds us. Bosons on the other hand are the mediators of
the fundamental interactions described by the SM, which are the electromagnetic interaction,
the weak interaction and the strong interaction. Interactions via the gravitational force are
not described by the SM. The different particles are characterized by their mass and their
quantum numbers, some of which like the particle spin and the electric charge are shown in
the illustration in Figure 2.1.

All fermions carry a spin of 1/2 and are divided into two main groups: leptons and
quarks. Quarks are distinctly different from leptons in that they carry color charge. Both
leptons and quarks come in three generations. This means that for each lepton and quark
of the first generation, namely the up and down quarks (𝑢 and 𝑑), the electron (𝑒) and the
electron neutrino (𝜈𝑒), there are two additional versions with the same properties except for
their mass. The higher-generation leptons are called muon (𝜇) and tau (𝜏), together with
their corresponding neutrinos 𝜈𝜇 and 𝜈𝜏 , and the higher-generation quarks are called the
charm (𝑐), strange (𝑠), top (𝑡) and bottom (𝑏). However, fermions of the second and third
generation are unstable and eventually decay into first-generation fermions, which is why
only first generation fermions form stable matter. Lastly, for each fermion there exists an
anti-fermion which has the same mass as its fermion partner but opposite-sign charges like
the electric charge.

The different gauge bosons – all of which carry a spin of 1 – correspond to the different
interactions happening between particles. The bosons couple to particles that carry the corre-
sponding charge of a certain interaction. The electromagnetic force, which is for instance re-
sponsible for binding electrons to atomic nuclei and thus the formation of atoms, is described
in the SM through interactions via photons. Only electrically charged particles participate
in electromagnetic interactions. This means that the electron, the muon, the tau, which all
have the same electric charge as the elementary charge 𝑒 = 1.602 176 634 × 10−19 C [32], and
all quarks, with electric charge values of -1/3 𝑒 and 2/3 𝑒, can interact electromagnetically. The
weak force is mediated by three different particles: the electrically neutral 𝑍 boson and the
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Figure 2.1: The particles of the Standard Model of Particle Physics. Figure adapted from
Ref. [31] with updated mass values from Ref. [32].

two charged 𝑊 ± bosons, with the corresponding charge being the weak isospin. The strong
force is a fundamental interaction in which all particles with color charge engage, with the
gluon being the corresponding mediator particle. In contrast to e.g. electric charge, which
can only take positive or negative values, this charge can take three different values, often
denoted as green, blue and red, as well as the corresponding anti colors. Among the fermions,
only quarks carry color charge. Additionally, gluons carry color charge themselves, which
means that gluons can not only couple to quarks, but also to other gluons, which leads to
gluon-gluon interactions. Another important property of the strong force is how its strength
changes as a function of the energy scale of an interaction. At very high energies the strong
force is in fact weak, which means that quarks behave approximately like free particles. This
phenomenon is called asymptotic freedom [33, 34]. For low energies or large distances though,
the potential energy between a quark-antiquark pair increases linearly. As a result, quarks
can not exist as isolated particles and are instead only observed in the form of color-neutral
bound states composed of multiple quarks, known as hadrons. This effect is known as color
confinement.

Lastly, the Higgs boson is the only particle in the SM with spin 0. This particle emerges
as a result of the Higgs mechanism, a theoretical framework for how massive particles in the
SM acquire their mass.

2.1.2 The Standard Model as a Quantum Field Theory
At its core the SM is a Quantum Field Theory (QFT), combining the laws of special rel-
ativity and quantum mechanics to describe the particles introduced previously and their
interactions. This section provides an overview of the overall concepts behind the QFT for-
malism of the SM. For an in-depth introduction and discussion, the reader is referred to one
of many excellent textbooks about QFT, e.g. the previously mentioned Ref. [27–30]. Natural
units are used from this point on throughout the whole thesis, meaning that the speed of
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light 𝑐 and the reduced Planck constant ℏ are set to one. Furthermore, in this chapter, the
Einstein summation convention is used for indices.

In classical mechanics, the Lagrangian of a system is given by

𝐿(𝑞𝑖, ̇𝑞𝑖) = 𝑇 (𝑞𝑖, ̇𝑞𝑖) − 𝑉 (𝑞𝑖) , (2.1)

where 𝑇 is the kinetic energy and 𝑉 is the potential energy. The 𝑞𝑖 represent the general-
ized coordinates of the system (e.g. Cartesian coordinates, polar coordinates, …) and ̇𝑞𝑖 the
corresponding time derivative. Given the Lagrangian, a system will take the trajectory that
minimizes the action 𝑆, which is defined as the integral of the Lagrangian along a certain
trajectory. Based on that fundamental law, the equations of motion can be obtained from
the Euler-Lagrange equation

𝑑
𝑑𝑡 ( 𝜕𝐿

𝜕 ̇𝑞𝑖
) = 𝜕𝐿

𝜕𝑞𝑖
, (2.2)

where the index runs over all spatial components.
QFT extends the concepts of Lagrangian mechanics to particle fields, offering a descrip-

tion that respects both quantum mechanics and special relativity. In contrast to classical
mechanics, the time component has to be treated on par with spatial components. The La-
grangian in QFT is a density and does not depend on generalized coordinates 𝑞𝑖, but instead
on fields 𝜓𝑖(𝑡, 𝑥, 𝑦, 𝑧), which depend on both space and time. The Lagrangian of a free spin
1/2 particle, e.g. an electron that does not interact with any external fields, is given by the
Dirac Lagrangian

ℒDirac = 𝑖 ̄𝜓𝛾𝜇𝜕𝜇𝜓 − 𝑚 ̄𝜓𝜓 , (2.3)

where 𝜓 is the particle’s field (a so-called Dirac spinor), ̄𝜓 = 𝜓†𝛾0 with 𝜓† being the
Hermitian adjoint of 𝜓, 𝑚 is the particle mass and 𝛾𝜇 are the gamma matrices. As in classical
mechanics, the equations of motion can be obtained from the Euler-Lagrange equation, which
in the case of QFT has the form

𝜕𝜇 ( 𝜕ℒ
𝜕(𝜕𝜇𝜓𝑖)

) = 𝜕ℒ
𝜕𝜓𝑖

, (2.4)

where 𝜕𝜇 = (𝜕𝑡, 𝜕𝑥, 𝜕𝑦, 𝜕𝑧) represents the gradient with respect to both time and the spatial
coordinates.

Gauge Theories

Gauge invariance is another essential concept used in the QFT formalism of the SM. That
is that the Lagrangian is invariant, meaning that it leads to the same measurable physical
quantities, under a certain change of gauge. This change of gauge can be global or local.
A global change could be e.g. to modify a field 𝜓𝑖 as 𝜓 → 𝑒𝑖𝜃𝜓, meaning its phase is
changed everywhere the same way in the form of a global phase shift. The field ̄𝜓 then
transforms as ̄𝜓 → (𝑒𝑖𝜃𝜓)†𝛾0 = 𝑒−𝑖𝜃 ̄𝜓. As a result, the factors 𝑒𝑖𝜃 and 𝑒−𝑖𝜃 cancel and the
Lagrangian remains unchanged. The corresponding local change on the other hand depends
on the spacetime vector 𝑥𝜇, i.e. the field is modified as 𝜓 → 𝑒𝑖𝜃(𝑥𝜇)𝜓. It is common to
reparametrize 𝜃(𝑥𝜇) as −𝑞𝜆(𝑥𝜇), and consequently the local transformation has the form
𝜓 → 𝑒−𝑖𝑞𝜆(𝑥𝜇)𝜓. This choice is more convenient down the road as 𝑞 can be associated with
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the charge of the interaction. Transforming the spinor accordingly gives rise to an additional
term in the Lagrangian from Equation 2.3:

ℒDirac → ℒDirac + 𝑞( ̄𝜓𝛾𝜇𝜓)𝜕𝜇𝜆 (2.5)

To achieve local gauge invariance, the gauge term −𝑞( ̄𝜓𝛾𝜇𝜓)𝐴𝜇 is added to the Lagrangian,
with a vector field 𝐴𝜇 that transforms under the above-mentioned gauge transformation as

𝐴𝜇 → 𝐴𝜇 + 𝜕𝜇𝜆(𝑥𝜇) . (2.6)

With those definitions, the gauge term cancels the additional term that emerges from the
Dirac Lagrangian in Equation 2.5. By also adding the kinetic term that describes the dy-
namics of a vector field 𝐴𝜇 corresponding to a massless spin-1 particle, the whole Lagrangian
becomes

ℒ = 𝑖 ̄𝜓𝛾𝜇𝜕𝜇𝜓 − 𝑚 ̄𝜓𝜓⏟⏟⏟⏟⏟⏟⏟
ℒDirac

− 1
4𝐹 𝜇𝜈𝐹𝜇𝜈⏟⏟⏟⏟⏟

kin. term of𝐴𝜇

− 𝑞( ̄𝜓𝛾𝜇𝜓)𝐴𝜇⏟⏟⏟⏟⏟
interaction term

, (2.7)

with 𝐹 𝜇𝜈 = 𝜕𝜇𝐴𝜈 − 𝜕𝜈𝐴𝜇. Assuming a massive spin-1 particle here would require us to
add a term 1

2 𝑚2
𝐴𝐴𝜈𝐴𝜈 to the Lagrangian as well. This term is not invariant under the

transformation from Equation 2.6 and would consequently break the local gauge invariance
again. Thus, the notion of a massless gauge boson is a rather natural choice as the goal here
is to achieve local gauge invariance. As indicated in Equation 2.7, the individual terms of this
new Lagrangian can be associated with the kinetic and mass terms of the spin-1/2 particle
ℒDirac, the kinetic term of the spin-1 particle and the interaction term which connects the
field 𝜓 with the field 𝐴𝜇. The factor 𝑞 in the interaction term now represents the coupling
constant for this interaction.

This interaction is in fact the electromagnetic interaction, as introduced in Quantum
Electrodynamics (QED) [35] with 𝜓 corresponding to an electrically charged fermion and
𝐴𝜇 being the photon. Overall, this shows that requiring local gauge invariance in the form
of local phase transformations 𝜓 → 𝑒𝑖𝜃(𝑥𝜇)𝜓 leads to an elegant formulation of how electrically
charged fermions interact via photons. All possible transformations of that type build the
group U(1) of unitary 1 × 1 matrices, which is why this invariance is called U(1) invariance.

A more general way to extend a global gauge invariance to a local one is to introduce
the covariant derivative 𝐷𝜇 and replace the derivative 𝜕𝜇 in the Lagrangian with 𝐷𝜇. In the
case of QED the covariant derivative is given by

𝐷𝜇 = 𝜕𝜇 + 𝑖𝑞𝐴𝜇 , (2.8)

and the gauge invariant Lagrangian can be written as

ℒ = 𝑖 ̄𝜓𝛾𝜇𝐷𝜇𝜓 − 𝑚 ̄𝜓𝜓 − 1
4𝐹 𝜇𝜈𝐹𝜇𝜈 . (2.9)

However, the derivation of the U(1)-invariant Lagrangian is a special case as the U(1) group is
Abelian, with an Abelian group having the property that two elements of the group commute.
For the non-Abelian (non-commutative) SU(𝑁) groups the general representation of the
gauge transformation becomes 𝜓 → 𝑒𝑖𝜃𝑎𝑇 𝑎𝜓, with 𝑇 𝑎 being the generators of the group and
𝜃𝑎 depending on the spacetime vector 𝑥𝜇. The generators fulfill the commutation relation

[𝑇 𝑎, 𝑇 𝑏] = 𝑖𝑓𝑎𝑏𝑐𝑇 𝑐 , (2.10)
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where the 𝑓𝑎𝑏𝑐 are the completely antisymmetric structure constants. For the SU(2) group
for example, the structure constants are given by the Levi-Civita symbol 𝑓𝑎𝑏𝑐 = 𝜖𝑎𝑏𝑐, which
is equal to one for even permutations of the indices (e.g. 𝑓231 = 1), minus one for odd
permutations (e.g. 𝑓132 = −1), and zero if two indices are the same (e.g. 𝑓112 = 0). The
covariant derivative and the transformation of the gauge fields 𝐴𝑎

𝜇 are given by

𝐷𝜇 = 𝜕𝜇 + 𝑖𝑔𝐴𝑎
𝜇𝑇 𝑎 , (2.11)

𝐴𝑎
𝜇 → 𝐴𝑎

𝜇 + 1
𝑔𝜕𝜇𝜃𝑎 + 𝑓𝑎𝑏𝑐𝐴𝑏

𝜇𝜃𝑐 , (2.12)

with 𝑔 being the coupling strength. With the field strength tensor 𝐹 𝑎
𝜇𝜈, which is defined as

𝐹 𝑎
𝜇𝜈 = 𝜕𝜇𝐴𝑎

𝜈 − 𝜕𝜈𝐴𝑎
𝜇 + 𝑔𝑓𝑎𝑏𝑐𝐴𝑏

𝜇𝐴𝑐
𝜈 (2.13)

the gauge-invariant Lagrangian becomes

ℒ = 𝑖 ̄𝜓𝛾𝜇𝐷𝜇𝜓 − 𝑚 ̄𝜓𝜓 − 1
4𝐹 𝑎

𝜇𝜈𝐹 𝜇𝜈
𝑎 . (2.14)

Using the formalism outlined up to here, the full Lagrangian of the SM that respects a
SU(3)𝐶 × SU(2)𝐿 × U(1)𝑌 symmetry can be derived. In this description the weak and
the electromagnetic interaction are unified into the electroweak interaction [36–38], and the
strong interaction is described by Quantum Chromodynamics (QCD) [39]. The index 𝐶
represents the color charge, the index 𝐿 stands for left-handed fields, and 𝑌 denotes the
hypercharge, which is defined as 𝑌 = 2 𝑄 − 𝐼3 with 𝑄 being the electric charge and 𝐼3 the
third component of the weak isospin. Left-handed fields transform as doublets under the
SU(2)𝐿 group, whereas right-handed fields transform as singlets. The left- and right-handed
components 𝜓𝐿 and 𝜓𝑅 of a spinor field 𝜓 are obtained with the corresponding projection
operators as

𝜓𝐿 = (1 − 𝛾5

2 ) 𝜓 and 𝜓𝑅 = (1 + 𝛾5

2 ) 𝜓 , 𝛾5 = 𝑖𝛾0𝛾1𝛾2𝛾3 . (2.15)

While this allows for an accurate description of strong and electroweak interactions, addi-
tional considerations are needed to explain the masses of the 𝑊 ± and 𝑍 bosons since, as
mentioned before, introducing mass terms for the gauge bosons breaks the gauge invariance.
In addition to that, using ordinary mass terms of the form

𝑚 ̄𝜓𝜓 = 𝑚 ( ̄𝜓𝑅𝜓𝐿 + ̄𝜓𝐿𝜓𝑅) (2.16)

for fermions, as e.g. used in Equation 2.3, would violate gauge invariance as the left- and
right-handed components of the fermion fields transform differently under SU(2).

The Higgs mechanism [20–25] solves these challenges via spontaneous symmetry breaking.
This involves introducing a complex scalar field doublet Φ, referred to as the Higgs field, with
the Lagrangian

ℒ = |𝐷𝜇Φ|2 − 𝒱(Φ) . (2.17)

The potential is given by

𝒱(Φ) = −𝜇2Φ†Φ + 𝜆(Φ†Φ)2 (2.18)

where 𝜇2 > 0 and 𝜆 > 0. This potential has degenerate ground states at Φ†Φ = 𝜇2/2𝜆 = 𝑣2/2
with 𝑣 = √𝜇2/𝜆 being the vacuum expectation value (VEV) of the Higgs field. When the
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SU(2) × U(1) symmetry is broken spontaneously, the system transitions to a ground state at
𝑣. Evaluating the term |𝐷𝜇Φ|2 in Equation 2.17 at the VEV gives rise to the gauge boson
mass terms [29]. Additionally, the Higgs field allows relating left- and right-handed fermion
fields in a gauge-invariant way, that yields mass terms for the fermions. The masses of the
fermions are related to the VEV via a coupling constant 𝜆𝑓 as

𝑚𝑓 = 𝜆𝑓√
2

𝑣 , (2.19)

which is known as Yukawa coupling [40]. Finally, the Higgs boson shows up as a fluctuation
of the Higgs field with mass 𝑚𝐻 =

√
2𝜆 𝑣. This was experimentally verified in 2012 by two

independent measurements by the CMS and ATLAS collaborations at CERN [18, 19].

Free Parameters The SM features a total of 19 free parameters, which means that the
values of those parameters are not set by the theory, but instead have to be determined
experimentally. Three of those parameters correspond to the coupling constants of the
three interactions. The QCD vacuum angle is another parameter of the SM. The fermion
masses make up nine parameters (neutrinos are treated as massless in the SM) and the
Cabibbo–Kobayashi–Maskawa (CKM) matrix, which describes quark flavor mixing requires
four parameters. Finally, the Higgs sector accounts for the last two parameters, one of them
being the Higgs boson mass and the other the VEV.

Perturbation theory To test the Standard Model, physicists use perturbation theory to
obtain approximations of experimentally observable quantities. These predictions calculate
transition amplitudes from the initial state to a certain final state expanded as a series of
individual terms. The perturbative solution is given as a power series of the coupling pa-
rameter 𝛼 = 𝑔2

4𝜋 , with 𝑔 being the coupling strength of the corresponding interaction. Those
terms can be depicted as Feynman diagrams, which represent the incoming (initial state)
particles of an interaction, the outgoing (final state) particles, as well as the interactions and
intermediate particles involved in the transition process. Thus, depending on the desired
precision, different sets of Feynman diagrams are considered in these calculations.

2.2 Beyond the Standard Model
As mentioned at the beginning of this chapter, the Standard Model is an immensely success-
ful theoretical framework that withstood extensive experimental tests. Nonetheless, the SM
does have a few shortcomings, motivating both precision measurements of the SM, and mea-
surements that target physics beyond the Standard Model (BSM). Some of those shortcomings
are briefly discussed in this section. For a more extensive review of both the theoretical and
experimental side of BSM physics, the reader is referred to the excellent review provided
in [32].

Grand Unified Theories The strength of the electromagnetic, weak and strong force
depend on the energy scale of the corresponding interaction. At large energy scales, the
strength of the different forces is expected to become comparable. Grand unified theories
attempt to unify the three different forces of the SM into an even more fundamental force,
from which the electromagnetic, weak and strong force can be derived. A first attempt
for a grand unified theory was presented already back in 1974 [41], but the corresponding
predictions were disproven experimentally.
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Neutrino Masses The SM assumes that neutrinos are massless particles. Despite the fact
that this is a valid approximation for many reactions, measurements of neutrino oscillations
indicate that neutrinos have non-zero mass, and individual neutrino flavors occur as mixtures
of mass eigenstates. A model that extends the SM to realize neutrino masses is the seesaw
mechanism [42–46]. As of today, there are different variants of the seesaw mechanism. The
simplest (type I) variant postulates the existence of extremely heavy right-handed neutrinos
(the SM contains only left-handed neutrinos). As a result, one obtains both very heavy
and lightweight mass eigenstates, which could be compatible with the tiny neutrino masses
inferred experimentally.

Quantum Gravitation One of the most prominent limitations of the SM is the absence
of gravitational interactions. Gravitation is accurately described by the theory of general
relativity [47], though this theory is not a quantum theory and can thus not be combined
directly with the QFT formalism of the SM. A consistent theory of quantum gravity with a
dedicated mediator particle, often referred to as graviton, would allow to incorporate gravity
in the same theoretical framework.

Dark Matter There are multiple experimentally observed phenomena in the context of
astrophysics and cosmology that can not be explained based on the known matter particles
of the SM. When the motion of stars within galaxies and galaxy clusters is calculated based
on the laws of general relativity, the predicted dynamics do not agree with the observed
dynamics when the masses of stars and galaxies are calculated based on visible matter [48–
50]. To obtain correct predictions, significantly larger masses have to be assumed, hinting
towards the existence of matter that humans are not able to detect. This form of matter
is generally referred to as dark matter. Gravitational lensing observations [51] also indicate
the existence of dark matter, as the mass of visible matter does not agree with the mass
required for the observed lensing effects [52]. Dark matter candidate particles do not interact
via the electromagnetic force. Many theories for dark matter were proposed so far with
a few examples being sterile neutrinos [53], axions [54–57] or weakly interacting massive
particles (WIMPs).

Hierarchy Problem When considering quantum corrections to the Higgs boson mass,
one finds that this leads to corrections 𝛿𝑚2 that grow quadratically with the energy cutoff
scale Λ of the theory [58, 59], i.e. the energy scale up to which the theory is assumed to be
valid. Given the fact that the Higgs boson mass was measured as (125.2 ± 0.1) GeV [32],
large values of Λ require precise fine-tuning of the uncorrected Higgs boson mass. This
becomes especially challenging when considering energy scales Λ ≈ 1 × 1016 GeV of grand
unified theories. Due to the large differences in scale, this is known as the hierarchy problem.
A theoretical framework that solves this, but has not been verified experimentally despite
extensive searches, is Supersymmetry [59].

Matter-Antimatter Asymmetry It is expected that matter and antimatter was pro-
duced in equal portions during the Big Bang, followed by matter-antimatter annihilation.
Yet, today’s universe consists only of matter [60, 61]. This asymmetry is called matter-
antimatter asymmetry or baryon asymmetry. There are many theoretical mechanisms that
explain this asymmetry, with a few examples being theories that involve superheavy par-
ticles [62, 63], supersymmetric models [64], and baryon asymmetry generation at the elec-
troweak scale [65, 66].
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A range of experiments is deployed to probe the SM and to search for physics beyond the
Standard Model. The research presented in this thesis was performed in the context of
particle collider experiments.

2.3 Collider Physics
Quite a few elementary particles were discovered before the first notable collider experiments
were built. The electron was discovered back in 1897 [67]. The photon gradually became to
be considered an elementary particle starting with Einstein proposing that light is made of
discrete quanta in 1905 [68]. Two physicists then discovered the muon in 1936 while studying
cosmic radiation [69], and the electron neutrino was detected in 1956 [70], confirming the
particle postulated to explain the apparent violation of conservation of energy in beta decay.
A few years later, the muon neutrino was discovered in a fixed-target accelerator experiment
at the Brookhaven National Laboratory (BNL) [71]. Deep inelastic scattering experiments
(also called fixed-target experiments) at the SLAC National Accelerator Laboratory (SLAC)
in the late 1960s revealed that protons are composite particles [72, 73], leading to the dis-
covery of quarks. Yet, to explore the potential existence of heavy particles like the 𝜏 lepton,
𝑊 boson or 𝑍 boson, higher energies were needed, with collider experiments being the first
experiments to detect those particles [74, 75].

In particle collider experiments, particles are accelerated to velocities close to the speed
of light, with two beams pointing in opposite directions. Those high energy particles are then
brought to collision, inducing interactions of elementary particles at enormous energies. The
interaction point is surrounded by a particle detector that allows to measure the particles
created in the collision event – either directly or indirectly via their decay products. Over the
last few decades, multiple collider facilities were built and operated, reaching for increasingly
high energies and with that discovering the particles of the SM one after the other. An
illustration of the history of particle collider experiments overlaid with the time of discovery
of different elementary particles in shown in Figure 2.2. The different collider experiments
are grouped by the type of colliding particles: lepton colliders, hadron colliders and lepton-
hadron colliders. Which types of particles are used for the collision events depends on the
physics program of the experiment:

• Lepton colliders: These colliders usually collide electrons and positrons. Since the
initial state of the colliding particles is well-defined, these colliders yield clean and well-
understood collisions. Thus, they are the preferred choice for precision measurements.

• Hadron colliders: Hadron colliders predominantly collide (anti-) protons and heavy
ions. In the context of circular colliders, an important component to consider is the
energy loss due to Synchrotron radiation. This energy loss scales with ∝ 1

𝑚4 , 𝑚 being
the mass of the accelerated particle. As protons are roughly 2000 times heavier than
electrons, hadron colliders allow for much higher collision energies than (circular) lepton
colliders. This makes them the common choice when aiming for the discovery of new
heavy particles. However, since hadrons are composite particles, the initial state of the
colliding particles is not well-defined, which leads to messy collision events that are
much harder to reconstruct than those at lepton colliders.

• Lepton-hadron colliders: This type of collider allows for precise measurements of
the internal structure of hadrons, providing insights into QCD. The corresponding
collision events are not as complex as the ones seen at hadron colliders, but also not
as clean as those at lepton colliders.
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Figure 2.2: Operation times of a selection of particle colliders, as well as the year of discovery
of all known elementary particles.

The first discovery of a new elementary particle at a collider experiment happened in 1974
with the discovery of the charm quark with the SPEAR collider at SLAC [76], though the
same discovery was made simultaneously by a fixed-target experiment at BNL [77]. Next,
evidence for the 𝜏 lepton was found with the SPEAR collider [74]. Over the following years,
many elementary particles were discovered via the experiments shown in Figure 2.2. In 1995,
the top quark discovery at the Tevatron collider [78, 79] marked the discovery of the heaviest
elementary particle known so far. And lastly, with the discovery of the Higgs boson [18, 19]
in 2012 at the LHC, the last missing piece of the SM was found, as it confirmed the Higgs
mechanism.

2.3.1 The Large Hadron Collider

The Large Hadron Collider (LHC) [16, 17] is the highest-energy particle collider to date.
It is located in Geneva, Switzerland, and is operated by the European Organization for
Nuclear Research (CERN). The LHC is designed to accelerate and collide either protons
or heavy ions. Four main experiments are deployed along the 27 km accelerator ring: AT-
LAS [14], CMS [15], LHCb [80] and ALICE [81]. The ATLAS and CMS experiments feature
general-purpose particle detectors, and cover a wide range of physics analyses. The ALICE
experiment is focused on heavy-ion collisions and the LHCb experiment is specifically de-
signed for measurements of CP violation. The LHC was designed for proton-proton collisions
at a center-of-mass energy of 14 TeV, with the so far maximum realized value being 13.6 TeV
in Run III.

2.3.2 Particle Detectors

The studies in this thesis concern collision events at the LHC measured with either the CMS
or the ATLAS detector. While each detector has its own special design choices, they both
feature the same main components, which are briefly discussed in the following. A more
detailed description can be found in Ref. [15] for the CMS detector and in Ref. [14] for the
ATLAS detector.

15



2. Particle Physics

IP

z

y

x

η = 0

η > 0

η < 0

η = +∞

η = −∞p⃗T

p⃗ ϕϕϕ
θ

η

ϕϕϕ

N

Jura ATLAS

center of
the LHC

(a)

y

z

η = 0

θ = 90◦

η = 0.55

θ = 60◦

η = 0.88

θ = 45◦
η = 1.32

θ = 30◦

η = 2.44
θ = 10◦

η = ∞θ = 0◦

(b)

Figure 2.3: Illustration of the coordinate system used at the LHC: (a) illustration of a
momentum vector ⃗𝑝 in the CMS coordinate system with its projection onto the transverse
plane ⃗𝑝T and (b) illustration of pseudorapidity values for different values of the polar angle
𝜃. Figures taken from Refs. [82, 83].

Coordinate System and Kinematics

The coordinate system used by ATLAS and CMS is shown in Figure 2.3. The origin of
the coordinate system is located at the interaction point (IP), where the incoming particles
collide. Directions in the 𝑥𝑦-plane, also referred to as the transverse plane, are described
by the azimuthal angle 𝜙. The 𝑧-axis of the coordinate system points along the beam axis,
and the polar angle 𝜃 is measured towards the 𝑧-axis. However, instead of using the polar
angle directly, collider experiments predominantly use the pseudorapidity 𝜂, which is directly
related to the polar angle via

𝜂 = − ln [tan (𝜃
2)] . (2.20)

The spatial distance between two vectors is generally quantified with

Δ𝑅 = √(Δ𝜙)2 + (Δ𝜂)2 , (2.21)

where Δ𝜙 is the difference of the azimuthal angle of the two vectors. Pseudorapidity is a
high-energy approximation (𝐸 ≫ 𝑚) of rapidity 𝑦, which is defined as

𝑦 = 1
2 ln (𝐸 + 𝑝𝑧

𝐸 − 𝑝𝑧
) . (2.22)

Experiments at the LHC usually use pseudorapidity to describe the forward direction of a
particle since the particle production at the LHC is approximately flat in 𝜂, and differences
in pseudorapidity Δ𝜂 are invariant with respect to Lorentz boosts along the 𝑧-axis (in the
high-energy approximation). This is particularly useful at hadron colliders as the colliding
particles, i.e. the quarks and gluons inside the protons, generally carry unequal fractions of
the proton’s momentum, and thus the center-of-mass frame of the collision is boosted along
the 𝑧-axis.

An important quantity in collider experiments like ATLAS and CMS is the transverse
momentum ⃗𝑝T, which is the projection of a momentum vector onto the transverse plane:

⃗𝑝T = [𝑝𝑥
𝑝𝑦

] , 𝑝T = √𝑝2𝑥 + 𝑝2𝑦 . (2.23)
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Figure 2.4: Transverse slice through the CMS detector with example trajectories and particle
showers for different types of particles. Figure taken from Ref. [84].

Since the transverse momentum of the incoming protons is zero, the transverse momenta of
all outgoing particles have to sum to zero as well. Thus, observing a non-vanishing sum of
the transverse momenta corresponds to one or multiple particles not being detected. This
is commonly referred to as missing transverse momentum (the 2D vector representation)
or missing transverse energy (the magnitude of the missing transverse momentum), and
is essential for measurements that target for example dark matter candidates that do not
interact with the detector.

While the typical four-momentum representation used in special relativity is (𝐸, 𝑝𝑥, 𝑝𝑦, 𝑝𝑧),
the same information is given by the representation (𝑝T, 𝜂, 𝜙, 𝑚) with

𝑚 = √𝐸2 − 𝑝2𝑥 − 𝑝2𝑦 − 𝑝2𝑧 (2.24)

being the invariant mass of a particle. This alternative representation is more convenient for
most use-cases in experimental particle physics, and mostly used throughout this thesis.

Tracking Detector

The innermost detector component, i.e. the one closest to the interaction point, of both
ATLAS and CMS is the tracking detector. This detector component is designed for the re-
construction of the trajectories of charged particles, also referred to as tracks. Reconstructed
tracks are in turn used to reconstruct vertices, which are grouped into primary vertices and
secondary vertices. Primary vertices correspond to the point where particles from the two
beams collide. Secondary vertices are the points where unstable particles produced at the pri-
mary vertex decay. The tracking detector consists of very small silicon detector components
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and is immersed in a strong magnetic field, which bends the trajectories of charged particles.
Based on the curvature of the trajectories, the momenta of the corresponding particles can
be inferred. This is visualized in Figure 2.4, where charged particles are shown with curved
trajectories in the transverse plane of the detector. Neutral particles do not leave a track in
the tracking detector and are thus indicated with dashed lines in the illustration.

Calorimeter

Calorimeters measure the energy of particles by absorbing their energy. Both ATLAS and
CMS feature two main calorimeter components: the electromagnetic calorimeter (ECAL) to
measure the energy of photons and electrons and the hadronic calorimeter (HCAL) to mea-
sure the energy of hadrons. Those calorimeters are implemented as sampling calorimeters or
homogeneous calorimeters. Sampling calorimeters consist of alternating layers of absorber
(passive) material and active material. Incoming particles interact with the absorber mate-
rial, leading to the creation of new, lower-energy particles. This process happens repeatedly,
leading to particle showers. The layers comprising the active material measure the energy
of this shower. In homogeneous calorimeters, the same material acts as both the absorber
and the active material. The purple clusters in Figure 2.4 illustrate the particle showers of
different types of particles. Photons and electrons are stopped within the ECAL, whereas
hadrons shower primarily in the HCAL.

Muon Detector System

The outermost detector component is the muon detector system, dedicated to the measure-
ment of the momenta of muons. It surrounds the components mentioned previously, i.e. the
tracking detector and the calorimeter system, since muons are highly penetrating particles
that can pass through those components without being stopped. Like the tracking detector,
the muon detector system is immersed in a magnetic field that bends the trajectories of
electrically charged particles.

Trigger System

The LHC operates at a collision frequency of 40 MHz, corresponding to proton bunches
colliding every 25 ns. With a file-size of 𝒪(1 MB) per event [85, 86], storing all 40 million
events per second would require the ability to write 40 terabytes per second to disk. This is
not feasible, which is why only a small fraction of the recorded events are stored on disk for
subsequent analysis. Thus, a sophisticated trigger system is needed to decide which events
should be stored and which should be discarded. In both ATLAS and CMS, the event rate
is first reduced from 40 MHz to 100 kHz by a hardware-based level-1 trigger. The remaining
events are then further processed by a software-based high-level trigger that reduces the
event rate to ∼7 kHz in CMS [87] and ∼3 kHz in ATLAS [88].

Particle Reconstruction

Based on the readouts from the various detector components, particles are reconstructed
with dedicated algorithms. In the CMS experiment, particles are reconstructed with the
particle-flow (PF) algorithm [84], which combines information from all different sub-detector
systems simultaneously. It correlates different PF elements, which are tracks, vertices, and
energy clusters measured in the calorimeters via a linking algorithm. This results in PF
blocks of elements that are either linked directly or indirectly through a common linked ele-
ment. The PF blocks are then used for the particle identification and particle reconstruction.
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Figure 2.5: High-level sketch of the typical data analysis workflow at the LHC. Simu-
lated data is obtained from Monte Carlo (MC) simulation, divided into multiple stages.
Measured and simulated detector hits are reconstructed with dedicated algorithms to yield
reconstructed objects corresponding to information of individual particles or collections of
particles.

The algorithm starts with the identification and reconstruction of muon candidates. Next,
electrons, as well as energetic, isolated photons are reconstructed. After this step, a cross-
identification of charged hadrons, neutral hadrons and photons follows. Finally, once all
blocks have been processed by the PF algorithm, the reconstructed event is post-processed.
This post-processing focuses on adjusting events with artificially large missing transverse
momentum due to a misidentified or misreconstructed high-𝑝T muon. The reconstructed
particles are then called PF candidates, and are simply called particles in the following.

The LHC Data Analysis Workflow

On a high level, most analyses performed at the LHC follow the workflow illustrated in
Figure 2.5. The end goal is to compare simulated events obtained from theoretical predictions
to the events measured with a detector, revealing if those predictions provide an accurate
description of nature’s laws of physics. This essentially means that there are two streams of
data: the measured data and the simulated data. It should be noted that the usual naming
convention in HEP is to call the measured data simply “data” and never use the term “data”
for simulated events. The naming convention used in this thesis is less strict, and both
measured and simulated entities are referred to as “data”, with a corresponding prefix if
clarification is needed. The individual steps shown in Figure 2.5 are briefly described in the
following. It should be noted though that each of the steps discussed below is immensely
involved, and vast amounts of time and computational resources are needed to accomplish
each of these steps for a given analysis at the LHC.

Measurement The actual particle collision events are measured directly with the detec-
tor, resulting in detector hits. The detector signals are then reconstructed as described in
section 2.3.2.

Simulation To obtain the corresponding counterpart as predicted by theory, a multi-
stage simulation, mostly based on Monte Carlo (MC) methods, is used. An illustration of a
simulated 𝑝𝑝 → 𝑡 ̄𝑡 event is shown in Figure 2.6, with the individual simulation stages being
briefly discussed in this paragraph. An extensive explanation of the individual simulation
steps can be found in [89]. The simulation starts with the hard scattering of the incoming
partons, with each parton belonging to one of the two incoming hadrons. While Pythia [89–
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Figure 2.6: Schematic illustration of a 𝑝𝑝 → 𝑡 ̄𝑡 event as modelled by Pythia [89]. Figure
taken from Ref. [89].

91] can simulate the hard scattering of a few simple processes, it is more common to simulate
the hard scattering with other packages like Herwig [92, 93], Sherpa [94–96], Powheg [97–
101] or MadGraph [102] and then import the result of the hard scattering simulation into
Pythia for the subsequent simulation steps. The hard scattering simulation is performed
using perturbative calculations as introduced in section 2.1.2. The hard scattering produces
short-lived particles such as top quarks in this example. Fixed-order radiative corrections
can be added via matrix-element corrections, matching and merging strategies. Next, the
parton showering is simulated, which is split into initial state radiation (ISR) and final
state radiation (FSR). ISR refers to the radiation of additional particles from the incoming
particles, while FSR corresponds to such radiation from the final state particles (i.e. the ones
produced in the hard scattering). These radiation and pair-production processes occur at
high energies, which means that perturbative QCD calculations yield accurate simulations.
However, throughout the parton showering process, the energy scale becomes lower and
with that the strength of the strong interaction increases. Next, the hadronization process
is simulated, which describes the formation of color-neutral bound states. As perturbative
calculations do not hold up at the corresponding energy scale, the hadronization process has
to be simulated by phenomenological models instead. Such phenomenological models are
e.g. the cluster model [103] or the Lund string model [104], with the latter being used in the
Pythia [89–91] simulator. As colored particles are separated from each other, the potential
energy stored in the associated strings increases. Once the potential energy becomes large
enough, strings break up and new quark-antiquark pairs are created which results in the
fragmentation of color strings into hadrons. Unstable hadrons decay further, until only
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stable particles remain. This yields a list of four-vectors of particles, which are then used
as input for the detector simulation (not shown in Figure 2.6), with the standard program
for detector simulation being Geant4 [105, 106]. This program simulates how the particles
interact with the different detector components, resulting in a data representation of the
same format as the measured data. After the detector simulation, the simulated data is
reconstructed with the same algorithms as the measured data.

Event Selection and Data Analysis Analysis-specific selection criteria are applied to
both data streams. Finally, the selected, reconstructed events obtained from measurement
and simulation respectively are analyzed, revealing insights into the validity of the theoretical
predictions.

Fast Simulation

Simulated particle physics data is of incredible fidelity. However, the computational resources
required to simulate large amounts of such high-quality data are massive. Less accurate,
but much more efficient fast simulation programs like Delphes [107] are therefore used
for many exploratory studies, where the full simulation with GEANT4 [105, 106] would be
computationally too expensive. This compromise is well justified for a wide range of R&D
work, with many public benchmark datasets like the top tagging reference dataset [108,
109] or the JetClass dataset [110, 111] that are also used in this thesis. However, for
actual physics analyses performed by collaborations like ATLAS or CMS, full simulation is
needed to obtain the most reliable results possible. In view of the upcoming upgrade to the
High-Luminosity Large Hadron Collider (HiLumi-LHC), this poses a huge challenge. The
HiLumi-LHC is a major upgrade to the LHC that will increase the integrated luminosity,
which is a measure for the recorded data size, by a factor of ten [112]. To benefit from
this massive increase of collected data, a similar amount of simulated data is needed. Yet,
with currently available methods, the experiments will not be able to keep up with this
increased demand for full simulation and thus alternative options have to be explored [113].
A promising advancement in this direction is the development of artificial intelligence (AI)-
based fast detector simulation [114].

2.3.3 Hadronic Jets
Since quarks and gluons can not exist as free particles, they can not be measured directly as
opposed to e.g. electrons. Instead, they lead to particle showers with subsequent hadroniza-
tion as described in section 2.3.2. The corresponding objects that can be observed exper-
imentally are called particle jets. A particle jet is usually described as a collimated spray
of particles, i.e. a collection of reconstructed particles that point in a similar direction in
the detector. Measuring and reconstructing particle jets thereby provides a way of infer-
ring properties of the original quark or gluon. Particle jets are crucial objects for almost
every analysis performed at the LHC. Thus, the HEP community has put a lot of effort
into studying those objects in high detail. As the research presented in this thesis focuses
exclusively on studies with particle jets, a few core concepts of jet physics are introduced in
the following. Detailed introductions to jet physics can be found in [115, 116].

Jet Clustering Algorithms

A jet is constructed by clustering and combining multiple reconstructed particles. This is
illustrated in Figure 2.7, which shows a schematic representation of a collision event with
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Figure 2.7: Illustration of how the reconstructed particles of an event are clustered into four
jets.

the corresponding particles being clustered into four jets. The sketch shows a rather clear
separation of four sprays of particles that allows for an intuitive assignment of which particles
should be grouped together. However, real collider events are much busier in that they
contain many more tracks, and thus sophisticated clustering algorithms are needed. A first
definition of so-called cone jets was already presented in 1977 [117]. Since then, many jet
algorithms have been proposed and studied with the aim of ending up with a standardized
definition of particle jets [118, 119]. The algorithms most commonly used in modern collider
physics are discussed in the following. For a more comprehensive review of the history of
particle jet clustering algorithms the reader is referred to [119–122].

There are two main categories of jet clustering algorithms: cone algorithms and sequen-
tial recombination algorithms. Cone algorithms follow a top-down approach in that they
assign jets to regions in the detector where a lot of energy flows. Sequential recombination
algorithms on the other hand follow a bottom-up approach and iteratively combine particles
based on a distance measure. Experiments at the LHC usually use sequential recombina-
tion algorithms for jet clustering, which follow the procedure outlined in algorithm 1. This
generalized structure was originally presented in [123], which unified previously published al-
gorithms [124–127]. It should be noted that jets are usually illustrated as cones even though
not all clustering algorithms return conical jet shapes.

input : A set of particles {𝑝1, … , 𝑝𝑛} and a resolution parameter 𝑅
output: A set of jets {𝑗1, … , 𝑗𝑚}
while there are pseudojets left do

Calculate distances 𝑑𝑖𝑗 between all pairs (𝑝𝑖, 𝑝𝑗);
Calculate distances 𝑑𝑖𝐵;
Find smallest distance within {𝑑𝑖𝑗} ∪ {𝑑𝑖𝐵};
if the smallest distance is a 𝑑𝑖𝑗 then

Recombine 𝑝𝑖 and 𝑝𝑗;
else

Remove 𝑝𝑖 and call it a jet;
end

end

Algorithm 1: Generalized structure of sequential recombination algorithms for jet
clustering.
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The input for the algorithm is a set {𝑝1, … , 𝑝𝑛} of particles 𝑝𝑖. The 𝑝𝑖 are in the following
referred to as pseudojets, with a pseudojet representing either the four-momentum of a
particle from the original input set or the four-momentum corresponding to a recombination
of one or more particles. In each iteration the algorithm calculates the distance matrix 𝑑𝑖𝑗,
with 𝑑𝑖𝑗 being the distance between the entities 𝑝𝑖 and 𝑝𝑗. Additionally, the distances 𝑑𝑖𝐵
between the pseudojets and the beam 𝐵 are calculated. Next, the smallest value within
those distances is determined. If the smallest distance corresponds to a distance 𝑑𝑖𝑗, then
the pseudojets 𝑝𝑖 and 𝑝𝑗 are recombined, usually via a summation of the four-momenta,
reducing the number of elements in the set of pseudojets by one. Otherwise, i.e. if the
smallest distance belongs to a distance 𝑑𝑖𝐵, the corresponding pseudojet 𝑝𝑖 is called a jet
and is removed from the set. This procedure is then repeated with the updated set of
pseudojets until no pseudojets are left.

The difference between the most commonly used jet clustering algorithms is the definition
of the distances 𝑑𝑖𝑗 and 𝑑𝑖𝐵. In the generalized form [123], these are defined as

𝑑𝑖𝑗 = min (𝑘2𝑝
𝑡𝑖 , 𝑘2𝑝

𝑡𝑗 ) Δ2
𝑖𝑗

𝑅2 , (2.25)

𝑑𝑖𝐵 = 𝑘2𝑝
𝑡𝑖 , (2.26)

with Δ2
𝑖𝑗 = (𝑦𝑖 − 𝑦𝑗)2 + (𝜙𝑖 − 𝜙𝑗)2 representing the distance in the rapidity-azimuth plane,

𝑘𝑡𝑖 being the transverse momentum of pseudojet 𝑖, and 𝑅 being a resolution parameter,
often called jet radius. The parameter 𝑝 allows controlling the relation between the energy
scale and the geometric scale throughout the clustering process. Using 𝑝 = −1 results
in the anti-𝑘𝑡 [123] algorithm, which tends to build the clusters around high-𝑝T particles.
Choosing 𝑝 = 1 on the other hand yields the 𝑘𝑡 algorithm [124, 125], which clusters nearby
low-𝑝T particles first. The Cambridge/Aachen algorithm [126, 127], which corresponds to
𝑝 = 0 ignores the particle’s 𝑝T, and clusters solely based on the angular distance Δ𝑖𝑗. The
most commonly used algorithm is the anti-𝑘𝑡 algorithm, i.e. 𝑝 = −1, which leads to cone-
like jets despite not being a cone algorithm. Lastly, the clustering is generally performed
using FastJet [128, 129], which provides an efficient implementation of the here described
sequential recombination algorithms.

Clustered jets can then be used as objects in an analysis. However, in order to obtain
finite and meaningful theoretical predictions of jet observables, certain requirements have to
be fulfilled. To this end, jet clustering algorithms used nowadays in experiments at the LHC
are required to be infrared and collinear (IRC) safe:

• Infrared safety: the jet algorithm returns the same jets if an infinitely soft (i.e. low-
energy) particle is added.

• Collinear safety: the jet does not change if a particle splits into two collinear particles,
i.e. two particles moving in the same direction.

The algorithms discussed here, i.e. the 𝑘𝑡, anti-𝑘𝑡 and the Cambridge/Aachen algorithm, all
satisfy those requirements.

Jet Substructure

If a heavy initial particle like a top quark is boosted, i.e. carries a large momentum, then
the corresponding decay products are so collimated that they are reconstructed as a single,
large-radius jet. It is important for LHC analyses to be able to distinguish different signal-
type jets, e.g. the ones originating from top quarks, 𝑊/𝑍 bosons, or Higgs bosons from
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(a) 𝑞/𝑔 (b) 𝐻 → 𝑏𝑏̄ (c) 𝑡 → 𝑏𝑞 ̄𝑞′

Figure 2.8: Illustration of different jet types when splitting the whole, large-radius jet (black)
into subjets, corresponding to the involved 𝑏-quark (red) and light quarks / gluons (blue).
𝑞/𝑔 jets (a) generally do not feature subjets, whereas 𝐻 → 𝑏𝑏̄ jets (b) can be often split into
two clear subjets and 𝑡 → 𝑏𝑞 ̄𝑞′ jets (c) tend to split into three subjets.

background jets, i.e. 𝑞/𝑔 jets that originate from a light quark or a gluon. Thus, the concept
of exploiting the underlying jet substructure was introduced in the context of boosted jet
identification [130–140]. A wide range of methods exists in the space of jet substructure. In
the following the basic concept of the jet mass and the concept of subjettiness are discussed
in more detail.

By definition, a jet represents an object that combines multiple particles. Thus, by
combining the four-momenta of the individual jet constituents1, a jet initiated by for example
a 𝑡 → 𝑏𝑞 ̄𝑞′ decay is expected to result in a four-momentum closely related to the original
top quark. One can then calculate the invariant mass of the jet, which should follow a
distribution centered around the top quark mass. Conversely, for jets originating from an
𝐻 → 𝑏𝑏̄ decay, one expects a jet mass distribution centered around the mass of the Higgs
boson. But aside from features of the final jet four-momenta, one would expect those two
types of jets to look somewhat different, especially in terms of how the decay products can be
divided into subjets. This is illustrated in Figure 2.8, which shows sketches of three different
types of jets: 𝑞/𝑔, 𝐻 → 𝑏𝑏̄, and 𝑡 → 𝑏𝑞 ̄𝑞′. A 𝑞/𝑔 jet (Figure 2.8a) is expected to show a spray
of particles centered around the jet axis, i.e. the four-momentum that is assigned to the
jet after clustering. For an 𝐻 → 𝑏𝑏̄ jet (Figure 2.8b) one can envision that the two quarks
from the 𝑏𝑏̄-pair are separated by a certain angle. Each quark then hadronizes and forms its
own subjet, shown in the Figure as two smaller-radius red jets within the overall jet cone.
And finally for the 𝑡 → 𝑏𝑞 ̄𝑞′ jet (Figure 2.8c) it is plausible that the jet constituents can
be grouped into three subjets, one belonging to the 𝑏-quark and the other two to the light
quarks 𝑞 ̄𝑞′, as those light quarks arise from the hadronic 𝑊 decay in 𝑡 → 𝑏𝑊 → 𝑏𝑞 ̄𝑞′. A
way of quantifying how well a large-radius jet can be divided into 𝑁 subjets, is the concept
of 𝑁 -subjettiness [140]. This observable is usually defined as

𝜏𝑁 = 1
𝑑0

∑
𝑘

𝑝T,𝑘 min {Δ1,𝑘, Δ2,𝑘, … , Δ𝑁,𝑘} , (2.27)

with the sum running over all jet constituents, and with 𝑝T,𝑘 being their transverse momenta.
Δ𝑖,𝑘 is the distance between the 𝑘-th constituent and the 𝑖-th subjet axis in the rapidity-
azimuth plane, and 𝑑0 is a normalization factor.

1The terms particles and jet constituents are used interchangeably.
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Figure 2.9: Three individual jet examples and how they re-cluster into one, two or three
exclusive subjets with the 𝑘𝑡 algorithm. Each row shows an example of a certain jet type:
𝑞/𝑔 (top), 𝐻 → 𝑏𝑏̄ (middle), and 𝑡 → 𝑏𝑞 ̄𝑞′ (bottom). For each example, the re-clustering into
the different numbers of subjets is shown, with the corresponding jet axes indicated with a
cross. The individual particles are shown as scatter points in the 𝜂-𝜙 plane, with the size of
each dot scaled with the 𝑝T of the particle, and connected via a line to the axis of the subjet
their are assigned to. The jet examples are taken from the JetClass dataset.

This normalization factor is defined as

𝑑0 = ∑
𝑘

𝑝T,𝑘𝑅0 , (2.28)

with 𝑅0 being the jet radius of the original jet clustering. The choice of the subjet axis
is a parameter of the subjettiness. A common choice is to use the subjet axes obtained
by re-clustering the particles into 𝑁 subjets with the exclusive 𝑘𝑡 algorithm. Even more
informative than the bare value of a subjettiness 𝜏𝑁 are the subjettiness ratios. For example,
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Figure 2.10: Qualitative illustration of the subjettiness ratio distributions for the three jet
types 𝑞/𝑔, 𝐻 → 𝑏𝑏̄ and 𝑡 → 𝑏𝑞 ̄𝑞′.

the subjettiness ratio 𝜏32 ≔ 𝜏3/𝜏2 can be seen as a quantification of the question “do those
particles align much better into three subjets compared to two subjets?”, and the same goes for
𝜏21 ≔ 𝜏2/𝜏1 with two subjets vs. one subjet. Representative examples of simulated jets from
the public JetClass dataset [110, 111] are shown in Figure 2.9. The JetClass dataset
contains boosted anti-𝑘𝑡 jets with a radius of 𝑅 = 0.8, illustrated as a dashed circle. Each
row shows a single jet, with the first row showing a 𝑞/𝑔 jet, the second row an 𝐻 → 𝑏𝑏̄ jet,
and the third row a 𝑡 → 𝑏𝑞 ̄𝑞′ jet. The different columns show the corresponding re-clustering
into one, two, or three exclusive subjets with the 𝑘𝑡 algorithm. For each jet and re-clustering
into 𝑁 subjets, the corresponding subjettiness 𝜏𝑁 is calculated and shown in the title of each
panel.

When looking at the 𝑞/𝑔 jet in the top row of Figure 2.9, one can see that most con-
stituents are quite close to the jet axis, and the re-clustering into two or three subjets does
not separate the jet into clear subjets. This is reflected in the corresponding subjettiness
ratios 𝜏21 ≈ 0.6 and 𝜏32 ≈ 0.8. The 𝐻 → 𝑏𝑏̄ jet in the middle row of Figure 2.9 shows a
2-prong structure, which becomes apparent when re-clustering into two subjets. As a result,
the two-subjettiness is much smaller than the one-subjettiness with a ratio 𝜏21 ≈ 0.24. At
the same time, the three-subjettiness is not much smaller than the two-subjettiness, with
𝜏32 ≈ 0.75 and thus this jet is presumably more consistent with two subjets instead of three
subjets. Lastly, the 𝑡 → 𝑏𝑞 ̄𝑞′ jet in the bottom row of Figure 2.9 shows an example which is
well compatible with a re-clustering into three subjets, also called a 3-prong jet. In terms of
the subjettiness ratios, this especially shows up in the small value of 𝜏32 ≈ 0.4.

While these are just individual examples, they motivate the main idea of 𝑁 -subjettiness
and their ratios. Statistically, jets of the three different types discussed so far follow dis-
tributions qualitatively shown in Figure 2.10. As can be seen in those distributions, the
subjettiness ratio 𝜏21 can be used to separate 2-prong jets (like 𝐻 → 𝑏𝑏̄ jets) from 𝑞/𝑔 jets,
and the ratio 𝜏32 can be used to separate 3-prong jets like 𝑡 → 𝑏𝑞 ̄𝑞′ from 𝑞/𝑔 jets. Addi-
tionally, subjettiness ratios can also be used to evaluate the quality of simulated jets. These
are common observables when evaluating machine learning based simulation explored in this
thesis, comparing the corresponding simulated jets to jets obtained with the simulation chain
described in section 2.3.2.
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3 Machine Learning

Machine learning (ML) is a subset of artificial intelligence (AI) and describes the process
of fitting mathematical models to observed data through an optimization process referred
to as training. Today, machine learning (ML) methods are essential for a wide range of
applications. In particle physics, ML-based methods are nowadays involved in all stages of
the HEP analysis workflow outlined in section 2.3.2. Reviews about the profound impact of
ML in particle physics can be found in Refs. [141–148].

This chapter provides a brief introduction to the topic of ML and the relevant concepts
for the research presented in this thesis. First, an overview of the different subfields of ML
and the associated loss functions is provided in section 3.1, followed by an introduction to
how ML models are trained in section 3.2. Based on that, section 3.3 covers the basics of
neural networks, the most popular type of machine learning model in modern applications.
Next, the subfields of generative machine learning and masked modeling are discussed in
section 3.4 and section 3.5, respectively. Lastly, the concept of tokenization is introduced in
section 3.6. Unless specified further, this chapter is largely based on Refs. [149, 150].

3.1 Overview

Generally, a machine learning model 𝑓𝜽 takes some input 𝑥 and transforms it into some out-
put 𝑓𝜽(𝑥), with the subscript 𝜽 representing the trainable parameters of the model. What
the input 𝑥 and the output 𝑓𝜽(𝑥) represent, in which data spaces they live, and how they are
related varies between different tasks. Quite often the true, analytical relationship between
the input and the output is not known or the relationship between input and output is sim-
ply intractable. In such cases, ML provides a powerful way of modeling the corresponding
relationship. Another motivation to use ML methods is to simplify the modeling of a certain
relationship. This is useful when a more traditional method is maybe accurate, but com-
putationally very expensive. In that situation, ML models can potentially learn to achieve
the same performance while at the same time being more computationally efficient. Such
models are known as surrogate models.

3.1.1 Loss Functions

ML models are trained by minimizing a loss function ℒ. For now, it is assumed that there
is a mechanism that enables training of a model 𝑓𝜽 for a certain task as long as the problem
can be phrased as an optimization problem on a loss function. How this training process
is realized is covered in section 3.2. The loss function quantifies how well a model is doing
at the task it is trained for and a lower loss value corresponds to better performance. The
choice of loss function heavily depends on the task at hand, as well as on the availability
of labels in the dataset. The latter is commonly used to split the field of machine learning
into the two subfields supervised learning and unsupervised learning, discussed later. This
might suggest that labels are used during the training process whenever available. Yet, it
should be noted that the availability of labels alone does not dictate whether those should
be included in the training process.

For classification tasks, the common choice for the loss function is the cross entropy loss.
When evaluated on 𝑁 data points, and with 𝐾 possible classes, the cross entropy loss is
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given by

ℒCE = − 1
𝑁

𝑁
∑

𝑖

𝐾
∑

𝑘
𝑦𝑖,𝑘 log (𝑓𝜽(𝑥𝑖)𝑘) , (3.1)

where 𝑦𝑖 is a 𝐾-dimensional one-hot encoded vector, that is 𝑦𝑖,𝑘 = 1 if the 𝑖-th data point
belongs to class 𝑘, and 𝑦𝑖,𝑘 = 0 otherwise.

In regression, where the target is an 𝑀 -dimensional continuous vector 𝑦𝑖 ∈ ℝ𝑀 , the
model is usually trained with the mean squared error (MSE) loss, which is given by

ℒMSE = 1
𝑁

𝑁
∑

𝑖
‖𝑦𝑖 − 𝑓𝜽(𝑥𝑖)‖

2 , (3.2)

or with the mean absolute error (MAE)

ℒMAE = 1
𝑁

𝑁
∑

𝑖
|𝑦𝑖 − 𝑓𝜽(𝑥𝑖)| . (3.3)

3.1.2 Supervised Learning
Supervised learning concerns the case where the training dataset consists of 𝑁 labeled tu-
ples {(𝑥𝑖, 𝑦𝑖)} with 𝑖 = 1, … , 𝑁 , and the model 𝑓𝜽 is trained to predict the correct label 𝑦𝑖
given the input 𝑥𝑖. Common supervised learning tasks are:

• Classification, where 𝑦𝑖 is discrete and corresponds to a class label. The model
predicts the probability of 𝑥𝑖 belonging to a certain class. As the true labels are given
in the dataset, the model is optimized to match those as closely as possible.

• Regression, where 𝑦𝑖 is continuous and corresponds to an 𝑀 -dimensional target vector
in ℝ𝑀 . The model predicts the target vector directly.

3.1.3 Unsupervised Learning
Unsupervised learning concerns cases where the model training only involves the data points
{𝑥𝑖}, and the model learns the internal structure of the data. Quite often this involves
learning the probability distribution 𝑝(𝑥). Typical tasks included in this category are:

• Generative modeling: learn 𝑝(𝑥) such that the model can be used to generate new
samples 𝑥 ∼ 𝑝(𝑥).

• Density estimation: learn the distribution 𝑝(𝑥) and use it to evaluate the probability
of a sample afterwards. Can be seen as asking “How likely is this observation 𝑥𝑖 under
the model 𝑓𝜽?”.

• Clustering: learn a mapping that divides the data space into 𝐾 representative classes
(without knowing beforehand what those classes are).

A subset of unsupervised learning in the sense of not using external labels is the field of
self-supervised learning. Today, self-supervised learning is typically treated as a separate
category, yet in this thesis it is treated as a subset of unsupervised learning, since it does not
require external labels. In self-supervised learning tasks, labels are created from the input
itself. This means that in terms of its implementation, the task itself can be for example a
classification or regression task, but the corresponding targets are obtained from the input
rather than using external labels. Common self-supervised tasks are:
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• Masked prediction: in this framework, the input is masked, which means that part
of the input is removed or replaced with some fill values. The target is to predict the
masked part 𝑥masked given the information 𝑥survived that survived the masking procedure
by learning the conditional probability 𝑝(𝑥masked|𝑥survived).

• Next token prediction: this method is commonly used for modeling sequences, with
the most prominent application being natural language models. Based on an input
sequence, the model predicts the next element (often referred to as a “token”) in that
sequence. The task is to learn the conditional probability 𝑝(𝑥𝑆+1|𝑥1, … , 𝑥𝑆), with the
index representing the index within the sequence and 𝑆 being the sequence length
of the input. Note that this is also a generative modeling task listed above in the
unsupervised learning category.

• Autoencoding: an autoencoder compresses the input 𝑥 into a lower-dimensional latent
space and then reconstructs this latent representation back to the original space. The
autoencoder is trained to minimize a reconstruction error 𝑑(𝑥, 𝑓𝜽(𝑥)), with 𝑑(⋅, ⋅) being
a distance measure. After training, the autoencoder can for example be used for
anomaly detection by applying it to new examples that are flagged as anomalous if the
reconstructed representation differs significantly from the input.

The loss functions used for unsupervised and self-supervised tasks vary, and depend on the
task and model architecture, where the architecture refers to the design choices of how the
input is transformed into the output of the model. A generative model for instance can be
designed in various ways, with different methods using distinct loss functions. For example,
the next token prediction task, which is discussed in more detail in section 3.4.2, can be
phrased as a classification task, and is thus implemented with the cross entropy loss. At the
same time, other generative modeling paradigms involve a regression task, as for example
the flow matching paradigm described in section 3.4.1.

3.2 Model Optimization

ML models are trained by minimizing the loss function ℒ as a function of the model param-
eters 𝜽 ∈ ℝ𝑃 , where 𝑃 is the number of free parameters of the model. Thus, the goal is to
find parameters ̂𝜽 such that

̂𝜽 = argmin
𝜽

[ℒ(𝜽)] , (3.4)

where the loss ℒ is calculated on the whole dataset 𝒟, with 𝒟 = {(𝑥𝑖, 𝑦𝑖)} in the supervised
learning case and 𝒟 = {𝑥𝑖} in the unsupervised case. In practice, this is usually achieved
with iterative updates of the model parameters 𝜽, which are also referred to as weights.
There are various methods to achieve this iterative training procedure. Those methods,
which are essentially sets of rules on how model parameters are updated each iteration, are
called optimizers.

Gradient Descent The standard way of training modern ML algorithms is to use some
form of gradient descent. This method follows the idea of adjusting the parameters 𝜽 via
the corresponding gradient ∇𝜽 ℒ of the loss function. For a model with 𝑃 parameters, this
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gradient is given by

∇𝜽 ℒ =

⎡
⎢
⎢
⎢
⎢
⎢
⎣

𝜕ℒ
𝜕𝜃1
𝜕ℒ
𝜕𝜃2

⋮
𝜕ℒ
𝜕𝜃𝑃

⎤
⎥
⎥
⎥
⎥
⎥
⎦

. (3.5)

In the purest form of gradient descent, the parameters are then updated each iteration via

𝜽 ← 𝜽 − 𝛼 ⋅ ∇𝜽 ℒ , (3.6)

with 𝛼 being a positive scalar value called the learning rate. An update step in gradient
descent is also referred to as a gradient step. At the beginning of the training, the parameters
𝜽 are initialized randomly. As the update steps point in the opposite direction of the gradient,
the loss decreases with each update, with the learning rate determining the size of the update
steps. The learning rate is a so-called hyperparameter, which is a parameter that influences
the training process, but is chosen before the training is performed and is not affected by the
gradient descent. Using a large learning rate usually leads to a faster minimization of the
loss in the early stage of the training, but can lead to overshooting once the loss minimum
is approached, and can even lead to divergence of the loss. A small learning rate value
on the other hand leads to precise, incremental adjustments of the parameters. However,
this also means that the number of update steps required to reach the minimum increases.
In addition to that, the algorithm can get stuck in a local, non-optimal minimum of the
loss. The learning rate can also be adjusted during training using a so-called learning rate
scheduler, which defines how the learning rate evolves as a function of the update step count.

Stochastic Gradient Descent A common variant of gradient descent is stochastic gra-
dient descent. Instead of calculating the gradient ∇𝜽 ℒ on the whole dataset 𝒟, the gradient
steps are calculated on a subset of the dataset, called a minibatch or simply batch. This leads
to noisy gradient steps, which might seem suboptimal at first, but in fact stochastic gradient
descent (SGD) has advantages over the plain gradient descent. On one hand it is simply
more practical in terms of computational efficiency compared to computing the loss value on
the entire dataset for every parameter update. In addition to that, the noisy (batch-wise)
gradient steps can in principle escape local minima.

Momentum Modern optimizers modify stochastic gradient descent by adding some form
of momentum to the update rule. This means that the update at iteration 𝑡 + 1 is a combi-
nation of the gradients calculated from the current batch and the gradients calculated from
the batch in the previous step (𝑡). The update rule becomes

𝐦𝑡+1 ← 𝛽 ⋅ 𝐦𝑡 + (1 − 𝛽) ⋅ ∇𝜽 ℒ(𝜽𝑡) (3.7)
𝜽𝑡+1 ← 𝜽𝑡 − 𝛼 ⋅ 𝐦𝑡+1 , (3.8)

where 𝐦𝑡 is the momentum, 𝛼 is the learning rate, and 𝛽 ∈ [0, 1) is a hyperparameter that
controls to which extent the current update step is influenced by previous gradients. If
consecutive gradients align, then this leads to a larger effective learning rate. Conversely, if
the gradients of multiple steps point into different directions, those tend to cancel out as 𝐦𝑡
is a vector, and thus the effective learning rate is reduced.
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An issue of gradient descent with a fixed step size is that the corresponding update leads
to large steps for parameters with large gradients and to small update steps for parameters
associated with small gradients. This can result in too large steps for parameters with large
gradients, and at the same time avoiding exploration of the parameter space in regions where
the current state shows small gradients. The Adam [151] optimizer addresses these issues
by adaptively changing the learning rate based on the gradient ∇𝜽 ℒ and the element-wise
squared gradients. To this end, the Adam update rule first defines the two quantities 𝐦𝑡
and 𝐯𝑡 as

𝐦𝑡+1 ← 𝛽 ⋅ 𝐦𝑡 + (1 − 𝛽) ⋅ ∇𝜽 ℒ(𝜽𝑡) (3.9)

𝐯𝑡+1 ← 𝛾 ⋅ 𝐯𝑡 + (1 − 𝛾) ⋅ (∇𝜽 ℒ(𝜽𝑡))
2 , (3.10)

with 𝛽 ∈ [0, 1) and 𝛾 ∈ [0, 1) being momentum coefficients. To avoid very small effective
learning rates at the beginning of the training, these statistics are further modified to

𝐦̃𝑡+1 ← 𝐦𝑡+1
1 − 𝛽𝑡+1 (3.11)

𝐯̃𝑡+1 ← 𝐯𝑡+1
1 − 𝛾𝑡+1 , (3.12)

where the superscript in the above equations is an exponent, not an index of the iteration.
As 𝛽 and 𝛾 are smaller than one, the effect of this re-scaling vanishes as the iteration counter
𝑡 becomes large. The final update rule is then given by

𝜽𝑡+1 ← 𝜽𝑡 − 𝛼 ⋅ 𝐦̃𝑡+1
√𝐯̃𝑡+1 + 𝜖 , (3.13)

where the square root in the denominator is applied element-wise and 𝜖 is a small, scalar
value to avoid division by zero.

Further variants of the Adam optimizer are for example AdamW [152] and RAdam [153].
AdamW modifies Adam by adding decoupled weight decay, which helps in keeping the norm
of the model weights from blowing up while at the same time not influencing the adaptive
learning rate. RAdam (Rectified Adam) addresses the issue of large variance of the adaptive
learning rate during the early stage of the training.

Lookahead Optimizer The Lookahead [154] optimizer adds another level to the update
rule, by introducing the concept of fast and slowly moving weights. This means that the
optimization loop is nested: the outer loop represents the slow weights updates, and the
inner loop the fast weights updates. Slow weights are denoted as 𝝓𝑡, and fast weights as 𝜽𝑡,𝑖,
where the index 𝑡 represents the iteration of the outer loop, and the index 𝑖 represents the
iteration of the inner loop. Within each iteration 𝑡 of the outer loop, 𝑘 optimization steps
are performed with the fast weights 𝜽𝑡,𝑖. At the beginning of this inner loop, the fast weights
are set to the slow weights obtained from the last slow weights update, i.e.

𝜽𝑡,0 ← 𝝓𝑡−1. (3.14)

Next, the 𝑘 optimization steps are performed according to the update rules of the inner
optimizer (e.g. Adam), returning 𝜽𝑡,𝑘. The slow weights are then updated by an update in
the direction of 𝜽𝑡,𝑘 − 𝝓𝑡−1, scaled by the slow weights step size 𝛼:

𝝓𝑡 ← 𝝓𝑡−1 + 𝛼 (𝜽𝑡,𝑘 − 𝝓𝑡−1) , (3.15)
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where 𝛼 ∈ (0, 1] is a hyperparameter. The inner optimizer has its own learning rate and
potentially further hyperparameters. For 𝛼 = 1 the weights trajectory obtained from the
Lookahead optimizer corresponds to the trajectory returned from the inner optimizer without
any adjustments. Choosing 𝛼 < 1 means that only part of the (by the inner optimizer)
proposed update step is performed on the slow weights. Looking at the weights trajectory,
this essentially means that the weights are first adjusted for 𝑘 steps, but then in the final step
(when the slow weights are updated) one moves “back” by a certain amount. The concept
of the Lookahead optimizer is in general compatible with any choice for the inner optimizer.
A popular choice is to use the RAdam optimizer as the inner optimizer, which is known as
Ranger [155].

Generalization When training ML models, it is important to ensure that the model gen-
eralizes to unseen data. That is, the model can not only make useful predictions when the
input data was part of the training dataset, but also yields comparable performance on sam-
ples that were not used in the optimization process. A typical example of a model that does
not generalize would be a classification model that performs very well on the training dataset,
but leads to worse performance when applied to new data. The common way of avoiding
this is to split the dataset into three parts: training, validation, and testing. The training
set is the data the model is trained on, the validation set is the one used to monitor the
model’s generalization capabilities throughout the training and tune hyperparameters, and
the test set is used for a final, unbiased evaluation of the model (after training). If a model
does not generalize well, it is said to suffer from overfitting or overtraining. In practice, this
can show up as a too large gap between the training loss and the validation loss. Different
methods exist to prevent a model from overfitting, such as regularization techniques, for
example L1 and L2 regularization that add explicit terms to the loss function, or methods
like early stopping that stop the training if the performance on the validation set does not
improve over a certain number of update steps.

3.3 Neural Networks

Modern machine learning models are usually built using neural networks (NNs), and the
ML models used in HEP are no exception. This section provides a brief overview of neural
networks in general, followed by an introduction to specific network architectures for point
cloud data.

3.3.1 Multi-Layer Perceptron

There is a huge variety in how NNs are designed. However, most popular NN architectures
involve the concept of multi-layer perceptrons (MLPs). An MLP is a function that transforms
a 𝐷in-dimensional input vector 𝐱 ∈ ℝ𝐷in into a 𝐷out-dimensional output vector 𝐲 ∈ ℝ𝐷out .
As the name suggests, an MLP consists of multiple layers. Each layer transforms its 𝑛-
dimensional input 𝐮 ∈ ℝ𝑛 into a new 𝑚-dimensional representation 𝐯 ∈ ℝ𝑚 via a calculation
of the form

𝐯 = 𝜙 (𝐖 𝐮 + 𝐛) , (3.16)

where 𝐖 ∈ ℝ𝑚×𝑛 and 𝐛 ∈ ℝ𝑚 are trainable parameters, commonly referred to as weight
matrix and biases, and 𝜙 ∶ ℝ → ℝ is a non-linear activation function that is applied element-
wise. MLPs are composed of an input layer, (multiple) hidden layers, and an output layer.
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Figure 3.1: Example of a multi-layer perceptron (MLP) with three hidden layers with five
nodes each. Input nodes are labeled as 𝑥𝑖, output nodes as 𝑦𝑖 and the nodes of the hidden
layers are denoted as ℎ(ℓ)

𝑖 with ℓ being the number of the corresponding hidden layer. Figure
adapted from Ref. [156].

The number of hidden layers, their dimensionality, and the activation function are hyper-
parameters that are chosen before training the model. An example of an MLP with three
hidden layers is shown in Figure 3.1. In this case the forward pass, i.e. the calculation of
the output vector given the input vector, involves four consecutive operations as in Equa-
tion 3.16. The network has input dimension 𝐷in = 4, all hidden layers have dimension five,
and the output dimension is 𝐷out = 3. Thus, the corresponding weight matrices have the
dimensionality 𝐖1 ∈ ℝ5×4, 𝐖2 ∈ ℝ5×5, 𝐖3 ∈ ℝ5×5, and 𝐖4 ∈ ℝ3×5, where the upper
index refers to the index of the four operations as in Equation 3.16, and the respective bi-
ases have the dimensionality of the corresponding layer. Different activation functions are
used in practice. For hidden layers, a common activation function is the Rectified Linear
Unit (ReLU) function:

ReLU(𝑥) ≔ max(0, 𝑥) . (3.17)

The activation function applied to the output layers is chosen based on the model’s task. For
instance in a regression task the output layer activation function can be simply the identity.
For a multi-class classification task on the other hand, the common choice is the Softmax
activation function, which normalizes the values of the output nodes of the neural network
to sum to one:

𝑦𝑖 = Softmax(𝑧𝑖) ≔ exp(𝑧𝑖)
∑𝐾

𝑘=1 exp(𝑧𝑘)
. (3.18)

𝐳 ∈ ℝ𝐾 is referred to as the logits vector of a multi-class classification problem with 𝐾
classes, and the post-activation output can be interpreted as a vector with each entry 𝑦𝑖
corresponding to the probability of the input entity corresponding to class 𝑖.

To train neural networks with gradient descent as described in section 3.2, one needs to
compute the gradients of the loss with respect to the network parameters. This is achieved
with the backpropagation [157–160] algorithm, which involves both a forward and a back-
ward pass. The forward pass yields the model output from which the loss can be calculated.
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The backward pass then calculates how the loss would change with respect to each param-
eter, starting with the last layer. Backpropagation exploits the chain rule of calculus, to
efficiently calculate the gradients for earlier layers by reusing calculations from the gradient
computation of later layers, thus propagating the loss derivatives backwards through the neu-
ral network. The numerical training procedure is commonly implemented with computing
libraries like PyTorch [161].

3.3.2 Network Architectures for Point Clouds

Many data structures can be represented as a 𝐷-dimensional vector 𝐱 ∈ ℝ𝐷 when modified
accordingly, and can then be used as the input for a neural network with an MLP architecture.
However, there exist more sophisticated neural network architectures that take the overall
structure of the input data into account. Those neural network architectures often combine
fundamental building blocks such as MLPs and aggregation functions in a way that respects
the symmetries of the input data to obtain more powerful network architectures.

Point clouds are an important data structure in particle physics, used to represent objects
such as collections of detector hits or jet constituents. A point cloud is a set {𝐱1, … , 𝐱𝑁} of
vectors 𝐱𝑖 ∈ ℝ𝐷, where each vector represents a data point and the individual points do not
have an inherent order. Thus, the two representations {𝐱1, 𝐱2, ..., 𝐱𝑁}, and {𝐱2, 𝐱1, ..., 𝐱𝑁},
where 𝐱1 and 𝐱2 are swapped via a permutation in the latter, represents the same point
cloud. Different network architectures that respect this symmetry exist. Using a notation
similar to Ref. [162], a function 𝑓𝜽({𝐱𝑖}) that operates on a point cloud {𝐱𝑖} is permutation
invariant, if for any permutation of elements 𝜋

𝑓𝜽(𝜋({𝐱𝑖})) = 𝑓𝜽({𝐱𝑖}) , (3.19)

i.e. the output of the function does not change when the input is permuted. The function
𝑓𝜽({𝐱𝑖}) is permutation equivariant if

𝑓𝜽(𝜋({𝐱𝑖})) = 𝜋(𝑓𝜽({𝐱𝑖})) , (3.20)

which means that the final result is the same if the permutation is applied to the input
before passing it to the function, or to the output of the function obtained from the non-
permuted point cloud. In the case of equivariance, the function 𝑓𝜽 returns a point cloud of
the same cardinality. The same concept applies to other symmetries and the corresponding
transformations of the symmetry group.

A simple yet powerful permutation invariant architecture for sets is the concept of Deep
Sets [162], where the forward pass is split into two networks 𝜙 and 𝜌:

𝑓𝜽({𝐱𝑖}) = 𝜌 (∑
𝑖

𝜙 (𝐱𝑖)) (3.21)

The network 𝜙 is applied to each element individually, i.e. it is a point-wise neural network.
The corresponding output set {𝜙(𝐱𝑖)} is summed over, and then passed to the second neural
network 𝜌. The summation introduces permutation invariance, as the result of the sum is
independent of the order of the elements. Thus, the final result is permutation invariant as
well. In principle, other permutation invariant aggregation operations, such as averaging,
min-pooling or max-pooling, can be used as well.
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Figure 3.2: Forward pass through an EPiC layer. Figure adapted from Ref. [163].

EPiC Layers

Equivariant Point Cloud (EPiC) layers [163] are permutation equivariant neural network
layers that can transform point clouds in a computationally efficient way. The forward pass
through a single EPiC layer is visualized in Figure 3.2. The point cloud is described by the
points 𝐱𝑖 as well as a global vector 𝐠, which captures information about the whole point
cloud. The point cloud and the global vectors are then updated according to

𝐠′ = 𝜙𝑔 (𝐠, 𝜌({𝐱𝑖})) , (3.22)
𝐱′

𝑖 = 𝜙𝑝 (𝐠′, 𝐱𝑖) , (3.23)

where 𝜌 is an aggregation function that calculates both the sum and the mean over the
points, 𝜙𝑔 is an MLP that updates the global vector using the input global vector and the
result from the aggregation, and 𝜙𝑝 is an MLP that updates the point-wise vectors using the
updated global vector and the previous point vector as input. Multiple EPiC layers can be
stacked to obtain a powerful, permutation equivariant network architecture.

Transformers

The Transformer [164] architecture is an extraordinarily successful neural network architec-
ture. Transformers are based on the concept of attention [164] and were initially developed
for natural language processing (NLP). While natural language has a clear ordering that
must be respected when processed with a transformer, the attention mechanism is at its
core permutation equivariant and can be used to process point cloud data [165, 166]. In the
following, the attention mechanism is explained for point cloud data. Thus, it operates on
sets {𝐱1, … , 𝐱𝑁} with each 𝐱𝑖 being a 𝐷-dimensional vector 𝐱𝑖 ∈ ℝ𝐷.

The first step in the attention calculation is to calculate so-called queries, keys, and
values. In a matrix representation, the set {𝐱𝑖} can be written as 𝐗 ∈ ℝ𝑁×𝐷. The queries,
keys and values are denoted as matrices 𝐐, 𝐊, and 𝐕, respectively. In self-attention, those
matrices are calculated from the input 𝐗:

𝐐 = 𝐗 𝐖𝑄, 𝐊 = 𝐗 𝐖𝐾, and 𝐕 = 𝐗 𝐖𝑉 , (3.24)

with projection matrices 𝐖𝑄 ∈ ℝ𝐷×𝑑𝑞 , 𝐖𝐾 ∈ ℝ𝐷×𝑑𝑘 , and 𝐖𝑉 ∈ ℝ𝐷×𝑑𝑣 . It is common
to choose 𝐷 = 𝑑𝑞 = 𝑑𝑘 = 𝑑𝑣, which means that 𝐐, 𝐊 and 𝐕 are matrices in ℝ𝑁×𝐷. The
attention mechanism can then be expressed as

Attention(𝐐, 𝐊, 𝐕) = Softmax (𝐐𝐊𝑇

√𝑑𝑘
) 𝐕 . (3.25)
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Figure 3.3: Forward pass through a transformer layer. The transformer layer combines the
multi-head attention block with residual connections, layer normalization (LayerNorm), and
an MLP that is applied point-wise.

The output of the self-attention calculation is a new matrix 𝐗′ ∈ ℝ𝑁×𝐷. Thus, self-attention
transforms an input point cloud {𝐱𝑖} into a new point cloud {𝐱′

𝑖} of the same cardinality
𝑁 . Each vector 𝐱′

𝑖 in the new point cloud can also be expressed as a weighted sum of the
value-vectors 𝐯𝑚 = 𝐱𝑚𝐖𝑉 via

𝐱′
𝑖 =

𝑁
∑
𝑚=1

𝐴(𝐱𝑖, 𝐱𝑚)𝐯𝑚 , (3.26)

where 𝐴(𝐱𝑖, 𝐱𝑚) denotes the attention weight between the 𝑖-th and 𝑚-th input vector. The
attention weight 𝐴(𝐱𝑖, 𝐱𝑚) is calculated from the dot product between the corresponding
query vector 𝐪𝑖 = 𝐱𝑖𝐖𝑄 and key vector 𝐤𝑚 = 𝐱𝑚𝐖𝐾, followed by the scaling by 1/√𝑑𝑘 and
the Softmax function along the index 𝑚. The Softmax function ensures that the attention
weights of a position 𝑖 with respect to another position 𝑚 add up to one when summing over
all possible positions 𝑚.

It is common to apply multiple attention modules in parallel, which is called multi-head
attention. Each head has its own parameters, and performs its computations independently
of the other heads. Afterwards, the outputs for the ℎ different heads are concatenated and
projected with another matrix 𝐖𝑂 to combine the output of the individual attention heads.

A typical transformer layer (or transformer block) combines multi-head self-attention
with additional components as shown in Figure 3.3. First, the input is processed with a multi-
head self-attention block. The output of this self-attention block is added to the original
input (element-wise), which is known as a residual connection [167]. Next, this intermediate
representation is processed with layer normalization [168], denoted as LayerNorm. This is
followed by a point-wise MLP, i.e. the same MLP is applied to each of the 𝑁 input vectors
of the point cloud separately, also surrounded by a residual connection. Lastly, another layer
normalization is applied, which returns the final output of the transformer block. Multiple
transformer blocks are stacked in order to form the whole transformer. As of today, many
variants of the transformer architecture exist. Some of those are just small adjustments
to the design explained here, like for example Pre-LayerNorm Transformers [169], which
place the layer normalization right before the multi-head attention and MLP components.
Others involve the addition of new components, for example the addition of so-called registers
introduced in the context of vision transformers [170], which involves appending additional
points to the point cloud during the forward pass.

The concept of attention can also be used with two different input sets {𝐱1, … , 𝐱𝑁} and
{𝐬1, … , 𝐬𝑀}, denoted as matrices 𝐗 ∈ ℝ𝑁×𝐷 and 𝐒 ∈ ℝ𝑀×𝐷, respectively. This is known
as cross-attention, and in this case the queries are calculated from 𝐒, while the keys and
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values are calculated from 𝐗. Therefore, the output of cross-attention is a set of cardinality
𝑀 in this case. The original transformer [164] combined self-attention and cross-attention
in the context of language translation. Cross-attention is also used in transformer-based
classifiers, originally introduced in the context of image classification [171]. This is also
known as class-attention, and the main idea is to perform cross-attention between an input
set and a learnable classification token that extracts information from the input set via the
attention mechanism.

3.4 Generative Modeling
Generative models are models that learn to generate data samples that follow the same
distribution as the samples they are shown during training. There are plenty of applications
where this can be helpful, both for consumer products and in science. Generative models can
be built in different ways. This section provides a brief introduction to the two generative
modeling frameworks used in the research presented in this thesis: flow matching and next
token prediction.

3.4.1 Flow Matching
Flow matching [172–174] is a method to train a continuous normalizing flow (CNF) [175] to
map from an initial distribution 𝑝init to a data distribution 𝑝data. The brief introduction to
flow matching here is based on the overview provided in Ref. [176]. Both 𝑝init and 𝑝data are
distributions over ℝ𝐷, and the goal is to find a time-dependent velocity field that enables the
transformation of the initial distribution into the data distribution. The time 𝑡 is a continuous
parameter 𝑡 ∈ [0, 1]. At 𝑡 = 0, the random variable 𝐱 ∈ ℝ𝐷 follows the initial distribution
𝐱0 ∼ 𝑝init and at 𝑡 = 1 it follows the data distribution 𝐱1 ∼ 𝑝data. Between 𝑡 = 0 and 𝑡 = 1,
the random variable 𝐱𝑡 follows a probability path 𝑝𝑡. The velocity field is modeled by a neural
network 𝐯𝜽 ∶ ℝ𝐷 × [0, 1] → ℝ𝐷. This network is trained to approximate the velocity field
𝐮𝑡 (𝐱), which transforms 𝐱𝑡 according to the ordinary differential equation (ODE)

𝑑𝐱𝑡 = 𝐮𝑡(𝐱𝑡) 𝑑𝑡 , (3.27)

where the subscripts in 𝐮𝑡 represents the time-dependency of the velocity field. Once a good
approximation 𝐯𝜽 (𝐱, 𝑡) is found for the target velocity field 𝐮𝑡 (𝐱), this approximation can
be used to generate samples by first sampling 𝐱0 ∼ 𝑝init from the initial distribution and
then integrating the neural ODE

𝐱1 = 𝐱0 + ∫
1

0
𝐯𝜽(𝐱𝑡, 𝑡) 𝑑𝑡 . (3.28)

The initial distribution is typically chosen to be a normal distribution, though in general any
distribution from which samples can be drawn can be used for 𝑝init. To train 𝐯𝜽, one has
to first define the probability path 𝑝𝑡, which describes how the distribution transforms from
𝑝0 = 𝑝init to 𝑝1 = 𝑝data. A conditional probability path is conditioned on a sample at 𝑡 = 1 as
𝑝𝑡(𝐱 ∣ 𝐱1) and fulfills the conditions

𝑝1(𝐱 ∣ 𝐱1) = 𝛿 (𝐱 − 𝐱1) , 𝑝0(𝐱 ∣ 𝐱1) = 𝑝init(𝐱) (3.29)

such that for a given data point 𝐱1, the corresponding probability path morphs the initial
distribution 𝑝init into a 𝛿-distribution at exactly that data point. The marginal probability
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Figure 3.4: Illustration of the optimal-transport (OT) probability path for a 1D toy model.
The initial distribution 𝑝init (𝑡 = 0, left) is a standard Gaussian, and the data distribution
𝑝data (𝑡 = 1, right) is composed of two separate peaks. The upper panel shows the conditional
sample trajectories for 30 individual samples, as well as the corresponding histograms of 𝑥0
and 𝑥1 as projections on the left and right sides. The gray lines in the upper center panel
represent the time evolution 𝑥𝑡 of the individual samples. The lower panel illustrates the
corresponding marginal probability path obtained by aggregating over many conditional
probability paths, with the densities 𝑝𝑡=0 and 𝑝𝑡=1 shown as projections on the left and right
side.

path 𝑝𝑡(𝐱) and the conditional probability path are related as

𝑝𝑡(𝐱) = ∫ 𝑝𝑡(𝐱 ∣ 𝐱1) 𝑝data(𝐱1) 𝑑𝐱1 . (3.30)

There are multiple variants of how the conditional probability path is constructed. A
common choice is the Gaussian conditional probability path

𝑝𝑡(𝐱 ∣ 𝐱1) = 𝒩(𝐱 ∣ 𝛼𝑡𝐱1, 𝛽2
𝑡 𝐈) , (3.31)

where 𝛼𝑡 and 𝛽𝑡 are noise schedules with 𝛼0 = 𝛽1 = 0 and 𝛼1 = 𝛽0 = 1. With those
conditions, the conditional probability path in Equation 3.31 satisfies Equation 3.29 with
𝑝init = 𝒩(𝟎, 𝐈) being a multivariate normal distribution. A popular choice for the noise
schedules is given by the conditional OT or linear path:

𝛼𝑡 = 𝑡 , 𝛽𝑡 = 1 − 𝑡 (3.32)

⇒ 𝐱𝑡 = 𝑡 𝐱1 + (1 − 𝑡) 𝐱0 , (3.33)

where 𝐱𝑡 follows the distribution from Equation 3.31. This is visualized in Figure 3.4, which
shows a one-dimensional example. The upper panel shows the straight trajectories 𝐱𝑡 of
individual samples given by Equation 3.33, whereas the lower panel shows the aggregated,
marginal probability path.

As introduced earlier, the goal of flow matching is to find an approximation 𝐯𝜽 of the
velocity field 𝐮𝑡 in Equation 3.27, such that 𝐯𝜽 can then be used to draw new samples via
Equation 3.28. The corresponding flow matching loss is given by

ℒFM = 𝔼𝑡,𝐱𝑡
‖𝐯𝜽(𝐱𝑡, 𝑡) − 𝐮𝑡(𝐱𝑡)‖

2 (3.34)

with 𝑡 ∼𝑈[0, 1], 𝐱𝑡 ∼ 𝑝𝑡(⋅) ,
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where 𝑈[0, 1] is the uniform distribution between zero and one. However, even with a simple
choice for the probability paths, there is generally no closed-form expression for the corre-
sponding 𝐮𝑡, and thus the target in the above regression loss is unknown. A solution to
this problem is given by conditional flow matching (CFM), which formulates the task on a
per-sample level.

Using the conditional OT probability path (Equation 3.32), one obtains a conditional
velocity field satisfying the conditional analogue of Equation 3.27:

𝐮𝑡(𝐱 ∣ 𝐱1) = 𝐱1 − 𝐱
1 − 𝑡 . (3.35)

With the conditional velocity field, the velocity field 𝐯𝜽 can be trained via the conditional
flow matching loss

ℒCFM = 𝔼𝑡,𝐱𝑡,𝐱1
‖𝐯𝜽(𝐱𝑡, 𝑡) − 𝐮𝑡(𝐱𝑡 ∣ 𝐱1)‖2 (3.36)

with 𝑡 ∼𝑈[0, 1], 𝐱1 ∼ 𝑝data, 𝐱𝑡 ∼ 𝑝𝑡(⋅ ∣ 𝐱1) .
It can be shown that the conditional flow matching objective ℒCFM (Equation 3.36) and
the flow matching objective ℒFM (Equation 3.34) have identical gradients, and thus the
CFM objective allows training 𝐯𝜽 to approximate 𝐮𝑡 without knowing what exactly the
unconditional 𝐮𝑡 looks like [172]. Lastly, using Equations 3.33 and 3.35 corresponding to the
conditional OT path, with 𝐱0 ∼ 𝒩(𝟎, 𝐈), this loss becomes

ℒGauss,OT
CFM = 𝔼𝑡,𝐱0,𝐱1

‖𝐯𝜽(𝐱𝑡, 𝑡) − (𝐱1 − 𝐱0)‖2 . (3.37)

The training of the velocity field then becomes surprisingly simple: samples are drawn from
the training dataset and paired with samples that follow 𝒩(𝟎, 𝐈). The time 𝑡 is sampled
as 𝑡 ∼ 𝑈[0, 1], and the points 𝐱𝑡 can be calculated according to Equation 3.33. Based on
that, the velocity field 𝐯𝜽 can be trained with the regression loss in Equation 3.37, and can
subsequently be used to generate new samples that follow 𝑝data using Equation 3.28.

3.4.2 Next Token Prediction
Next token prediction (NTP) [177, 178] is best known for its application in modern natural
language processing [179–181], being the underlying mechanism of how modern language
models work. However, the NTP formalism itself is not restricted to natural language. In
this thesis, the NTP framework is used for generative modeling of sequences (𝐱1, … 𝐱𝑁),
with the individual 𝐱𝑖 being continuous-valued vectors 𝐱𝑖 ∈ ℝ𝑁 . In NTP, it is assumed
that the data can be represented as a sequence of integer-valued discrete token-IDs, denoted
as 𝑡𝑖. The token-IDs can only take a finite number of values. The corresponding set of
integer values {1, … , 𝐶} is referred to as the codebook, with 𝐶 being the codebook size. In the
context of this thesis, the process of tokenization describes how the continuous vectors 𝐱𝑖 are
mapped to the corresponding token-IDs 𝑡𝑖, and how those token-IDs can be mapped back
to the original feature space. The process of tokenization is described later in section 3.6.
Once such a tokenization procedure is in place, a generative model can be built by training
a model that generates new sequences of token-IDs, which are subsequently mapped to the
original feature space.

An NTP-based model is an autoregressive model that factorizes the joint probability
𝑝(𝑡1, … , 𝑡𝑁) of a sequence (𝑡1, … , 𝑡𝑁) of length 𝑁 as

𝑝(𝑡1, … , 𝑡𝑁) = 𝑝(𝑡1)
𝑁

∏
𝑛=2

𝑝(𝑡𝑛 ∣ 𝑡1, … , 𝑡𝑛−1) . (3.38)
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Figure 3.5: High-level illustration of NTP with codebook size 𝐶. For each of the 𝐶 token-IDs
in the codebook, the model predicts the probability of the next token corresponding to that
codebook entry.

The task of the model is, as the name suggests, to predict each token 𝑡𝑛 given the previous
tokens (𝑡1, … , 𝑡𝑛−1). To this end, the model is trained to predict the conditional probability
𝑝(𝑡𝑛 ∣ 𝑡1, … , 𝑡𝑛−1). As the tokens can only take a finite number of values, this can be formu-
lated as a multi-class classification problem with 𝐶 classes, and can be trained with the cross
entropy loss (see section 3.1.1). This is illustrated in Figure 3.5, where the model predicts
the probability of the next token by returning the discrete probability distribution over the
entire codebook.

Using this formalism, new sequences can be generated autoregressively. First, only 𝑡1
is used as an input to the model, where in practice 𝑡1 is a dedicated token that represents
the beginning of a sequence, also referred to as the start token. The model then returns the
probability distribution 𝑝(𝑡2 ∣ 𝑡1) from which the next token 𝑡2 can be sampled. This token
is then appended to the sequence, which is now (𝑡1, 𝑡2). Next, this sequence is fed to the
model to obtain 𝑝(𝑡3 ∣ 𝑡1, 𝑡2), from which in turn 𝑡3 can be sampled and appended to the
sequence. This procedure is repeated until a certain stopping criterion is met, often realized
by defining a stop token that marks the end of a sequence or by setting a maximum sequence
length at which the generation loop stops.

It is common to use a transformer architecture for an NTP model, with a minor mod-
ification to the attention mechanism introduced in section 3.3.2. This modified version of
self-attention is called causal self-attention, and enables efficient1 training of NTP models.
The idea behind causal self-attention is to prevent a position 𝑖 from attending to any “fu-
ture” positions 𝑗 > 𝑖. This is realized by adding a causal mask to the pre-Softmax attention
weights, which sets the pre-Softmax attention weights for these positions to minus infin-
ity. Consequently, the corresponding attention weights are effectively zero after applying
the Softmax function. It should also be noted that causal self-attention is not permutation
equivariant.

An example of a transformer for NTP is shown in Figure 3.6. The model can be split into
three parts: (i) the input embedding layer, (ii) the transformer layers, and (iii) the linear
output layer with a subsequent Softmax activation function. Neural networks are designed
to operate on high-dimensional, continuous vectors, not on integer numbers. Therefore,
the input embedding layer maps the token-IDs 𝑡𝑖 into a high-dimensional representation in
ℝ𝐷. This is achieved with a learnable lookup table, which stores such a high-dimensional
representation for each codebook index. Next, the transformer layers process the sequence

1Given the amount of computing resources needed to run modern LLMs, this might sound contradictory.
Yet, the resource requirements originate from the corresponding model size, which was scaled to enormous
extents, and with that the required compute to train and run those models. Causal self-attention itself is an
efficient way of training NTP models as the whole sequence can be trained in parallel. During generation,
however, this parallelism is lost, as the model then acts as an autoregressive model.
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Figure 3.6: Illustration of the training (top) and inference (bottom) of an autoregressive
generative transformer model based on NTP. During training (top), the whole sequence is
processed in parallel, meaning that the next token predictions at all positions are included
in the loss. During inference (bottom), only the next token prediction of the last position
(𝑛 − 1 in this illustration) is used to predict the next token, and the predictions for the prior
positions are discarded.

with causal attention. Finally, the output from the last transformer layer is passed through
a linear layer followed by a Softmax activation function to obtain the next token probability
distribution 𝑝(𝑡𝑛 ∣ 𝑡1, … , 𝑡𝑛−1) for each position 𝑛 in the sequence. Those predictions are
then compared to the one-hot encoded targets that represent the true next token.

During training (top panel in Figure 3.6), all predictions returned by the model are used
for the loss calculation. That is, for an input sequence of length 𝑁 − 1, the model returns
𝑁 − 1 vectors with 𝐶 entries. Each of these vectors represents the next token prediction
probabilities for that position. The targets are obtained from the sequence itself, which
makes this a self-supervised learning task: the input sequence (𝑡1, … , 𝑡𝑁−1) is mapped to the
target (𝑡2, … , 𝑡𝑁).

The model inference, i.e. using the trained model to predict next tokens one after the
other in an autoregressive loop, is shown in the bottom panel of Figure 3.6. To predict the
𝑛-th token, the “partial” sequence (𝑡1, … , 𝑡𝑛−1) is used as input. The model produces a next
token prediction for all 𝑛 − 1 positions, ranging from 𝑝(𝑡2 ∣ 𝑡1) up to 𝑝(𝑡𝑛 ∣ 𝑡1, … , 𝑡𝑛−1). This
means that the model returns next token predictions for positions that are already generated.
Thus, all predictions except for the last one, i.e. 𝑝(𝑡𝑛 ∣ 𝑡1, … , 𝑡𝑛−1), are discarded.

It should be noted, that it is not strictly required to use token-IDs as both the input
and the target of the model. It is also possible to combine continuous-valued input with
tokenized targets. Both cases, i.e. using token-IDs both as input and target, as well as a
hybrid setup are studied in this thesis.
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3.5 Masked Modeling
Masked modeling comprises methods where a model is trained to recover a masked portion
of an input given the information that survived the masking process [182–186]. The main
application of such methods is to learn an expressive representation of the input data. Rep-
resentation learning can be very useful for pre-training an ML model before training it on
the task it will then be used for. This will be discussed in more detail in chapter 4.

A way of implementing masked modeling is the masked autoencoder [186], which was
originally introduced in computer vision, but can also be applied to other data representations
like e.g. point cloud data [187]. A sketch of the model forward pass of a masked autoencoder
is shown in Figure 3.7. Here, the input data is a point cloud {𝐱𝑖} with 𝐱𝑖 ∈ ℝ𝐷 and 𝐷 being
the dimensionality of the vector of attributes associated with each point. Both the encoder
and decoder shown in Figure 3.7 are assumed to be neural networks with a transformer
architecture. Before being passed to the model, part of the input {𝐱𝑖} is masked, e.g. 40 %
in the example in Figure 3.7. Only the part of the input that survived this masking step
is passed to the encoder of the masked autoencoder, returning {𝐞𝑗} where 𝑗 runs over the
indices of the non-masked points. Next, the masked points are re-introduced to the point
cloud in the form of mask tokens [182], or mask embeddings, {𝐦𝑘} with 𝑘 corresponding to
the masked positions. The mask embeddings can be seen as the starting point from which
the masked information is reconstructed, given the encoded, non-masked points as context.
This new set, i.e. {𝐞𝑗} ∪ {𝐦𝑘}, is passed to the decoder of the masked autoencoder, which
tries to recover the information from the masked positions, with the recovered information
being denoted as 𝐱′

𝑘. The mask embeddings 𝐦𝑘 can be implemented as learnable vectors,
and should contain partial information about the entity that is to be reconstructed at that
position without trivializing the task itself. For example, in the original masked autoencoder,
which presents masked modeling on images, each of the 𝐱𝑖 represents an image patch [188],
and both the encoder and decoder are composed of multiple transformer blocks. As the
transformer architecture by itself is permutation equivariant, it has no inherent notion of the
position of each element. For the model to be able to reconstruct masked image patches in a
meaningful way, the mask token is implemented as a shared learned vector with additional
positional encoding applied on top, i.e. an encoding that represents the position of the masked
patch in the image.

The original masked autoencoder work [186] demonstrated this framework both for a

Mask input Encoder Re-introduce
masked positions Decoder Output Target

mask

mask

Figure 3.7: Sketch of a masked modeling setup in the style of a masked autoencoder. Part
of the input {𝐱𝑖} is masked as a first step. Next, the non-masked inputs {𝐱𝑗} are processed
with the encoder. The masked inputs are re-introduced after the encoder in the form of
mask tokens 𝐦𝑘. The new set {𝐞𝑗} ∪ {𝐦𝑘}, i.e. the encoded, non-masked vectors and the
mask tokens, is then processed with the decoder for subsequent reconstruction of the masked
inputs. In this example, the reconstruction is phrased as a classification task with the targets
being the token-IDs of the masked positions.
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simple regression target, and for a tokenized target. Both options – regression on the masked
vectors and prediction of the masked token-IDs – are used in the research presented in this
thesis.

3.6 Tokenization with Vector-Quantized Variational
Autoencoders

Tokenization is the process of finding a discrete set of tokens that can subsequently be used
to represent the given data. Some data is by design discrete, such as natural language, and
representing it via tokens is arguably the natural choice. In cases where the original data is
continuous, learning a powerful mapping onto a discrete set of tokens allows using methods
originally developed for discrete data, like NTP or masked modeling with tokenized targets.
Here, the focus lies on the tokenization of continuous data relevant for the work presented in
chapters 6 to 8. To this end, this section presents how tokenization of continuous data can be
achieved with a vector-quantized variational autoencoder (VQ-VAE) [189]. The description
here largely follows Ref. [190].

A VQ-VAE consists of an encoder 𝐹 , a decoder 𝐺, and a codebook that stores the 𝑀 -
dimensional token embeddings {𝐜1, … , 𝐜𝐶} of the token-IDs, with codebook size 𝐶. Loosely
speaking, the overall aim of a VQ-VAE is to map a continuous input vector 𝐱 ∈ ℝ𝐷 to a
discrete representation that can be reconstructed to an output vector 𝐱′ ∈ ℝ𝐷 with 𝐱 ≈ 𝐱′.
The forward pass through a VQ-VAE is illustrated in Figure 3.8. First, the continuous input
vector 𝐱 is passed to the encoder, which returns the corresponding embedding 𝐳𝑒 ∈ ℝ𝑀 in
an 𝑀 -dimensional latent space. This latent space is the same space as the one where the
token embeddings {𝐜1, … , 𝐜𝐶} live. The token embeddings are illustrated in the sketch with
dotted arrows. Within that space, the pairwise distances between the embedded feature
vector 𝐳𝑒 and the token embeddings 𝐜𝑖 are calculated. Next, the feature vector 𝐳𝑒 is mapped

Input space Encoder Latent space

All available tokens
Embedded vector

DecoderLatent space

Tokenized vector
in latent space

Map embedded vector to the 
closest token in latent space

Output space

Tokenize Reconstruct

Figure 3.8: Schematic illustration of a forward pass through a VQ-VAE. The encoder trans-
forms the input vector 𝐱 into its latent space representation 𝐳𝑒. This latent vector is mapped
to the closest token embedding 𝐜𝑖, which results in the quantized latent representation 𝐳𝑞.
This representation is decoded by the decoder network, yielding the reconstruction 𝐱′. In this
example, the input vector is mapped to 𝐜8, which means that it is assigned to token-ID = 8
during tokenization.
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to the closest token embedding based on a distance measure 𝑑(⋅, ⋅), which yields the quantized
embedding 𝐳𝑞 ∈ ℝ𝑀

𝐳𝑞 = 𝐜𝑘 with 𝑘 = argmin
𝑖

𝑑(𝐳𝑒, 𝐜𝑖) . (3.39)

This quantized representation 𝐳𝑞, which now corresponds to the token-ID 𝑘 of the closest
token embedding, is decoded by the decoder of the VQ-VAE. The decoder returns 𝐱′ in the
same space as the original input 𝐱.

While the overall forward pass of a VQ-VAE is rather straightforward, it does require
some tweaks for it to be trainable. The distance-based mapping in the latent space can be
written as a quantization function ℎ ∶ ℝ𝑀 ×(ℝ𝑀)𝐶 → ℝ𝑀 , which takes 𝐳𝑒 and {𝐜1, … , 𝐜𝐶} as
input, and returns 𝐳𝑞 according to Equation 3.39. The distance measure is a hyperparameter
of this mapping layer and can be e.g. the Euclidean distance. The whole forward pass can
thus be written as

𝐱′ = 𝐺 (ℎ (𝐹 (𝐱) , {𝐜𝑖})) . (3.40)

The VQ-VAE is trained to minimize the task loss ℒtask (𝐱′, 𝐱), which quantifies the recon-
struction quality of 𝐱′. This task loss can be, for example, the MSE or MAE loss introduced
in section 3.1.1. As the calculation of 𝐱′ involves the non-differentiable quantization function
ℎ, this task loss is – without further modifications – not differentiable and thus the model
cannot be trained with gradient descent. This can be bypassed with the straight-through
estimator [191], which uses the pre-quantization embedding 𝐳𝑒 for the gradient computa-
tion. In practice, this is realized by using 𝐳𝑞 = 𝐳𝑒 + stop_gradient[𝐳𝑞 − 𝐳𝑒] in the forward
pass, with stop_gradient being an operator that removes the corresponding gradients from
the computation graph. However, this approximation is only valid if 𝐳𝑞 and 𝐳𝑒 are close
together. Thus, another component is added to the overall loss of the VQ-VAE, with the
aim of pulling the encoder representation 𝐳𝑒 and the token embeddings 𝐜𝑖 closer together.
This loss component is called commitment loss, and is given by

ℒcmt(𝐳𝑒, 𝐳𝑞) = (1 − 𝛽) ⋅ 𝑑(𝐳𝑒, stop_gradient[𝐳𝑞]) + 𝛽 ⋅ 𝑑(stop_gradient[𝐳𝑒], 𝐳𝑞) . (3.41)

The hyperparameter 𝛽 ∈ [0, 1] defines how much emphasis is put on adjusting the token
embeddings towards the encoder representation or vice versa. The VQ-VAE can then be
trained with the total loss

ℒ = ℒtask (𝐱′, 𝐱) + 𝛼 ⋅ ℒcmt (𝐳𝑒, 𝐳𝑞) , (3.42)

where 𝛼 is a scalar hyperparameter.
Tokenization of continuous data with a VQ-VAE inherently comes with some loss of

information due to the finite number of codebook entries. Thus, it is important to choose
appropriate network architectures for the encoder and decoder networks to keep this loss
of information at an acceptable level for the application at hand. Additionally, while the
discussion up to here only considered tokenization of a single continuous vector 𝐱 ∈ ℝ𝐷, this
concept can also be applied to other types of data. The original VQ-VAE [189] work, for
example, demonstrated this concept for images, videos, and audio [189]. Lastly, it should
be noted that training a VQ-VAE can be challenging, especially due to so-called codebook
collapse [190]. Codebook collapse means that only a small fraction of the codebook entries
(i.e. the token embeddings) are actively used by the VQ-VAE. Ideally, all codebook entries
are used in order to maximize the expressiveness of the model.

In the context of this thesis, VQ-VAEs are used to tokenize continuous data in order
to be used for next- or masked token prediction. When used for an NTP-based generative
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model, the model first predicts a sequence of token-IDs, which can then be decoded – also
referred to as reconstructed here – to obtain the generated sequence in the original space of
the data. No reconstruction is needed in masked modeling, as in this case the token-IDs only
serve as targets for a proxy task for representation learning.
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In recent years, foundation models (FMs) [26] have emerged as a powerful paradigm for build-
ing performant ML models for a variety of tasks. The term foundation model is best known
from large language models, yet the concept goes well beyond natural language processing.
This chapter introduces the concept of foundation models and motivates the overarching
research question of this thesis: how can one build a foundation model for particle physics?
First, an introduction to the overall concept of a foundation model is presented in section 4.1.
This is followed by an overview of what a foundation model could look like in particle physics
in section 4.2, and why particle jets are a suitable starting point for the development of HEP
foundation models. Section 4.3 describes the public benchmark datasets used in the upcom-
ing chapters. Finally, the different pre-training methods proposed for jet foundation models
are reviewed in section 4.4.

4.1 Foundation Models

The term foundation model was coined in 2021 in Ref. [26], where a foundation model was
defined as follows:

A foundation model is any model that is trained on broad data (generally using self-
supervision at scale) that can be adapted (e.g., fine-tuned) to a wide range of downstream
tasks; current examples include BERT [Devlin et al. 2019], GPT-3 [Brown et al. 2020],
and CLIP [Radford et al. 2021]. [26, p. 3]

The concrete examples given in the above quote are large language models (BERT [182] and
GPT-3 [181]), and a model that connects images and text (CLIP [192]). The foundation
model paradigm is commonly visualized as in Figure 4.1, splitting the model training into
two stages: pre-training and fine-tuning. The idea is to first train the model on a pre-training
task and subsequently use the corresponding pre-trained model weights as the starting point
for the training on a certain downstream task, with the latter being referred to as fine-
tuning. This concept of transfer learning [193], i.e. that the capabilities a model has learned
for a different task can be beneficial for a certain target task, was used long before the first
foundation models appeared [194]. However, while transfer learning was studied before the
rise of foundation models, it was found to be much more powerful once the corresponding
models and the training dataset were scaled in size. As for the model size, this essentially

Pre-training data Downstream tasks

Foundation modelText

Text generation

Images

Image generation

Object recognition
Speech

Speech-to-text

Sentiment analysis

Pre-training phase Fine-tuning phase

Figure 4.1: The foundation model paradigm as used for applications like NLP, computer
vision, and speech processing.
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Figure 4.2: Illustration of the high-level view of a foundation model architecture used in this
work. The core of the foundation model is called the backbone, which transforms the input
into a latent representation that can be used for different tasks. Each task comes with a
dedicated model head, which transforms the latent representation into the required output
structure for the given task.

means that the number of parameters of a neural network is increased by using many, wide
layers. In the case of the dataset size this simply means to use a larger dataset for model
training. Furthermore, studies of foundation models found empirical neural scaling laws [195–
197], which provide a quantitative framework that predicts how a model’s loss scales with
the model size, the dataset size, and the amount of compute used for training.

In particle physics, the definition of a foundation model is commonly based on a generous
interpretation of the original definition from Ref. [26], which is also used in this thesis. Thus,
a foundation model is considered to be a model that fulfills the following criteria [198]:

• The model is pre-trained on a large dataset. The goal of this pre-training is to obtain
a rich latent representation that can be used for other tasks.

• The pre-trained model can be adapted, i.e. fine-tuned, to a downstream task that is
different from the pre-training task. This can be either a completely different task, or
the same task on a different dataset.

• The fine-tuned model performs better than the same model architecture trained from
a random initialization, also referred to as the from scratch baseline.

The corresponding neural network architecture can then be split into a backbone and separate
task-specific model heads as shown in Figure 4.2. The backbone of the model transforms
the input into a latent representation that is used as input for the different model heads.
One of the tasks is chosen to be the pre-training task, which means that the model is pre-
trained by optimizing the backbone and the corresponding model head for this specific task.
After pre-training, the latent representation from the backbone can be used as input for the
heads of the downstream tasks. During downstream training, the weights of the backbone
are expected to be in a state that only needs minor adjustments for the new task, hence the
name fine-tuning.

4.2 Jet Physics as a Testbed for Foundation Models in HEP
The LHC data analysis workflow, described in section 2.3.2, involves many steps from the
initial measurement to a physics result. The HEP community has put extraordinary effort
into replacing and/or complementing individual algorithms with a corresponding ML-based
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Figure 4.3: The fundamental idea of (a) jet tagging and (b) jet generation, respectively. A
jet tagging model uses available information of the jet (usually constituent-level information
like the constituent momenta) and returns a discrete probability distribution over jet types.
A jet generation model generates new, realistic examples of particle jets based on a learned
probability distribution.

counterpart, when applicable (see the review of ML developments for particle physics appli-
cations in Ref. [199]). However, this also means that a lot of resources – both in terms of time
that goes into the development of individual ML algorithms and the corresponding compute
power – are spent on ML development in HEP. The large number of potential downstream
tasks highlights the suitability of the foundation model paradigm in particle physics. In ad-
dition to that, particle physics experiments record enormous amounts of data, which means
that large datasets for foundation model pre-training are available. The ATLAS collabora-
tion, for example, recorded around 18 billion complete events during Run 2 of the LHC, and
generally produces 2–3 times more simulated events [200]. However, while the total amount
of data is huge, specific physics analyses often require restrictive event selections, which can
drastically reduce the dataset size available for the specific analyses. This also makes the
foundation model paradigm an attractive direction for HEP: pre-train a foundation model
on a huge, diverse dataset, and subsequently fine-tune the model for a specific analysis on a
smaller dataset.

While the overall motivation for developing foundation models in HEP is apparent, it
is not obvious which kind of data should be used as input for such a foundation model,
and what an appropriate pre-training task would look like. For the latter, this might heavily
depend on the choice of the data. As for the data, one could use the raw detector information
(i.e. detector hits) or use reconstructed objects like particle jets. Moreover, the fact that both
measured data and simulated data are available at the LHC raises the question whether the
pre-training should be done on measured data directly, on simulated data, or both. The
choice of measured data vs. simulated data also has an impact on the nature of the pre-
training task: measured data is unlabeled whereas simulated data comes with labels that
could be used for supervised pre-training tasks.

Over many years, jet physics has served the HEP community as a valuable benchmark
for ML applications in particle physics [108]. This, combined with the fact that particle
jets are of substantial relevance in particle physics, makes jet physics a well-suited testbed
for the development of foundation models in this field. Common tasks involving jets are,
among others, jet tagging [201–205], jet energy calibration [206, 207], track and vertex
reconstruction [208], as well as combinations of jet tagging and jet generation in the context
of anomaly detection [209–212]. In this thesis, the focus is on two of those tasks: jet tagging
and jet generation.

Jet tagging, illustrated in Figure 4.3a, concerns the task of identifying the particle that
initiated the jet. Thus, a jet tagging model takes as input information about the jet, which
can be jet-constituent features or jet-level features, and uses that information to make a
prediction of what type of particle led to the formation of the given jet. How the different
classes are defined depends on the specific tagger: in the case of boosted jet tagging, the jet
types can represent e.g. top quarks, 𝐻/𝑊/𝑍 bosons, and background jets, also referred to
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as QCD jets. The more fine-grained classification, which typically distinguishes between 𝑏-,
𝑐-, and light-flavor jets, is called jet flavor tagging. For the current state of the art of jet
flavor tagging in the ATLAS and CMS experiments, see Refs. [201–205].

Jet generation, shown in Figure 4.3b, describes the task of generating realistic examples
of particle jets. Here, a generative model learns to generate jets following the distribution
from the dataset it was trained on. Such generative models can be used for applications in
the search for new physics using anomaly detection methods [209–214].

4.3 R&D Benchmark Datasets

While experimental collaborations like ATLAS and CMS at the LHC have vast amounts of
data (both measured and simulated) available, only a small fraction of that data is publicly
accessible. For R&D work on ML methods for HEP, the community usually relies on public
benchmark datasets. The benchmark datasets used in this thesis are described below. More
details on the individual datasets can be found in the corresponding original publications.

4.3.1 Top Tagging Reference Dataset

The top tagging reference dataset [108, 109, 215] is aimed at the development of top tagging
algorithms. It consists of two jet types: top jets, which are initiated by the hadronic top quark
decay 𝑡 → 𝑏𝑞 ̄𝑞′, and QCD jets, initiated by light quarks or gluons 𝑞/𝑔. These jets are obtained
from simulated LHC events at a center-of-mass energy of 14 TeV. The events are simulated
with Pythia8.2 [91] followed by a simplified detector simulation with Delphes [107] using
the ATLAS detector card. Jets are clustered with FastJet [128, 129] using the anti-𝑘𝑡
algorithm with 𝑅 = 0.8. Only jets with |𝜂| < 2 and 𝑝T ∈ [550, 650] GeV are stored in the
dataset. Furthermore, top jets are required to have the parton-level top quark as well as
the top decay products within Δ𝑅 < 0.8 around the jet axis. For each jet, the kinematic
information (i.e. the 4-momenta) of the jet constituents is stored in the dataset. This dataset
contains 1.2 M jets for training, 400 k for validation and 400 k for testing.

4.3.2 The JetNet Dataset

The JetNet dataset [216, 217] was originally introduced in the context of generative mod-
eling of jets, and has served as the standard benchmark dataset for this task for many
years. JetNet is derived from the “HLS4ML LHC Jet dataset” [218], and contains simulated
particle jets with 𝑝T ≈ 1 TeV extracted from proton-proton collisions at a center-of-mass
energy of 13 TeV. It contains five jet types: gluon (𝑔), light quark (𝑞), top quark (𝑡), 𝑊 bo-
son and 𝑍 boson. Of each jet type, the dataset stores around 175 k jets in total, with
no default training/validation/test split. Parton-level simulation is performed with Mad-
Graph5_aMC@NLO 2.3.1 [219], followed by parton showering with Pythia8.2 [91] and
a simplified detector simulation. The jets are clustered with FastJet [128, 129] using the
anti-𝑘𝑡 algorithm with 𝑅 = 0.41. As for the information stored in the dataset: it provides the
jet 𝑝T, jet 𝜂 and jet mass, as well as the kinematic information of the constituents relative
to the jet axis, i.e. Δ𝜙, Δ𝜂 and 𝑝T/𝑝T,jet.

1While the jet radius was reported as 𝑅 = 0.8 in the original work [216, 217] where the dataset was
introduced, Ref. [220] states that those jets correspond to 𝑅 = 0.4. This stems from the fact that the 𝜂 and
𝜙 distributions of the jet constituents do not align with the claimed 𝑅 = 0.8, and the observation that the
invariant mass distribution of the top jets shows a clear double-peak structure. The latter indicates that for
a large number of top jets, only part of the top quark decay products are contained within the jet cone.
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Figure 4.4: Illustration of the different feature categories stored in the JetClass dataset in
comparison to the two other datasets discussed here. In addition to the kinematic information
of the jet constituents, which is also given in the top tagging and JetNet datasets, this dataset
provides an expanded feature set with kinematic, particle-ID, and trajectory displacement
information. The depicted jet is for illustration purposes only, and not meant to represent a
realistic example.

4.3.3 The JetClass Dataset

The JetClass dataset [110, 111] was introduced along with the Particle Transformer jet
tagging algorithm [110], and represents a large scale dataset for R&D work in jet physics.
It contains jets initiated by quarks or gluons (𝑞/𝑔) as well as jets arising from the decay of
top quarks, 𝑊 bosons, 𝑍 bosons, or Higgs (𝐻) bosons. Jets associated with the decay of
top quarks or Higgs bosons are further split into individual jet types depending on the decay
channel: 𝑡 → 𝑏𝑞 ̄𝑞′, 𝑡 → 𝑏ℓ𝜈, 𝐻 → 𝑏𝑏̄, 𝐻 → 𝑐 ̄𝑐, 𝐻 → 𝑔𝑔, 𝐻 → 4𝑞, 𝐻 → ℓ𝜈𝑞𝑞′, resulting in ten
jet types in total. The production and decay of the 𝑡, 𝑍, 𝑊 , and 𝐻 particles are simulated
with MadGraph5_aMC@NLO [219], followed by parton showering and hadronization
with Pythia8.2 [91]. Detector simulation is performed with Delphes [107] with the CMS
detector configuration. Jets are required to satisfy 500 GeV < 𝑝T < 1000 GeV and |𝜂| < 2.
FastJet [128, 129] is used to cluster the particles into jets with the anti-𝑘𝑡 algorithm and
radius 𝑅 = 0.8. For signal jets, i.e. all jet types except 𝑞/𝑔, jets are required to fully contain
the decay products of the particle that initiated the jet.

The feature set stored in the JetClass dataset is significantly more extensive than that of
the top tagging dataset and the JetNet dataset, which only store the kinematic information
of the jet constituents. Beyond the kinematic information of the particles, the JetClass
dataset also includes particle-ID (PID) and trajectory displacement information. The PID
is simply a flag that indicates the type of particle, i.e. if a particle is a photon, an electron,
a muon, a charged hadron, or a neutral hadron. The trajectory displacement is visualized
in Figure 4.4. This feature, also referred to as impact parameter, corresponds to the closest
distance between an (extended) particle track and the primary vertex (PV), and is measured
both in the transverse (𝑥𝑦) and longitudinal (𝑧) direction. The transverse impact parameter
𝑑0 represents the closest approach of the extended track (visualized as a dashed line in
Figure 4.4) in the transverse plane. The longitudinal impact parameter 𝑑𝑧 corresponds to
the distance along the 𝑧-axis between the PV and the point where 𝑑0 is evaluated. Trajectory
displacement information is especially informative for the identification of jets involving 𝑏-
or 𝑐-hadrons [221].

Beyond the more comprehensive feature set, the JetClass dataset also stands out with
its size. With 100 M jets for training, 5 M for validation, and 20 M for testing, this dataset
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is much larger than previous public benchmark datasets such as the top tagging dataset
(2 M) and the JetNet dataset (880 k). This makes JetClass a commonly used dataset for
pre-training in studies of foundation models for particle physics, whereas the other two are
more commonly used as datasets for downstream tasks.

4.4 Pre-Training Methods for Jet Foundation Models

Different pre-training paradigms were proposed and studied for jet foundation models in
recent years, with many methods being developed in parallel to the research presented in
this thesis. A brief overview of those different methods is provided in the following.

Masked Modeling Here, the model is trained to reconstruct a masked fraction of the
input given the non-masked input. In the context of jet foundation models, this means that
the model predicts a masked set of jet constituents, given the non-masked constituents of that
jet. Masked Particle Modeling (MPM) [222, 223] is a pre-training method for jets that builds
on methods like BERT [182] from NLP as well as BEiT [185] and Masked Autoencoders [186]
from computer vision. Other approaches are based on the Joint Embedding Predictive
Architecture (JEPA) [224, 225] paradigm where masked entities are predicted in the latent
space. First JEPA-based methods for jets are J-JEPA [226] and HEP-JEPA [227].

Generative Pre-Training Building on the success of generative pre-training in NLP [179–
181], the concept of NTP-based pre-training is also adapted in the context of jet physics [2,
4]. Jets are represented as sequences of particles, and the pre-training task is to predict the
next particle in the sequence. Additionally, a set-to-set flow matching method was proposed
in Ref. [223], yet the authors only demonstrated its utility as a pre-training task and did not
show the generative performance of such a model. Lastly, the OmniLearn [210, 211] and
OmniLearned [214] frameworks are partially pre-trained on jet generation, combined with
supervised jet classification. The works on NTP-based pre-training are discussed in more
detail in chapters 6 and 8.

Contrastive Learning Methods like JetCLR [228] and RS3L [229] adapt the concept of
SimCLR [230] to particle jets. Here, an encoder maps positive pairs of jet augmentations
together and negative pairs, i.e. augmentations of different jets, apart in latent space. Jet-
CLR [228] uses augmentations like rotations and translations in the 𝜂 − 𝜙 plane, as well as
theory-inspired augmentations via soft and collinear splittings of particles, and was further
studied as a pre-training task in Ref. [231]. RS3L [229], on the other hand, creates augmen-
tations of each jet by re-running parts of the simulation chain described in section 2.3.2.

Self-Distillation Methods based on self-distillation typically use a student-teacher ap-
proach where the teacher is an exponential moving average (EMA) version of the student
network. Distillation with No Labels (DINO) [232–234] is a popular self-distillation method
in computer vision. The idea behind DINO is to train the student network to match the
output distribution of the teacher network, with the input of the two networks being dif-
ferent augmented views of the same object. Renormalization group Invariance with NO
labels (RINO) [235] applies this concept to jets with physics-inspired augmentations for the
different views of a jet. In RINO, different views correspond to different stages of the 𝑘𝑇
clustering process to imitate the reverse process of parton showering.
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Supervised Pre-Training Supervised pre-training approaches are also explored in the
context of pre-training jet foundation models. Jet tagging algorithms like ParT [110],
LGatr [236, 237], and Sophon [238] show significant performance increases on small target
datasets when pre-trained on a large dataset. In addition to that, as mentioned in the para-
graph about generative pre-training, the OmniLearn [210, 211] and OmniLearned [214]
approaches involve joint pre-training on jet tagging (supervised) and jet generation (unsu-
pervised).

The approaches listed up to here are designed for input at the jet constituent level and are the
approaches most closely related to the results presented in this thesis. Further developments
in the context of building foundation models for particle physics include joint fine-tuning of
individual networks within an analysis pipeline [239], fine-tuning of ML-based particle-flow
to new detector geometries [240], as well as methods that operate on higher-level objects or
event-level approaches [241, 242].
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Overview
Within the overall theme of developing foundation models for particle physics, this thesis
presents multiple research contributions. A short overview of the individual contributions is
provided below, followed by summaries of the corresponding publications in chapters 5 to 9.
The full length articles can be found in the Publications chapter at the end of this thesis.

Contribution 1: Flow Matching Beyond Kinematics: Generating Jets with Par-
ticle Identification and Trajectory Displacement Information (chapter 5) This
contribution presents the first generative model trained on the JetClass dataset, based on
the flow matching paradigm. While this contribution focuses on the generative task alone,
it lays the foundation for follow-up studies of generative modeling on the JetClass dataset.

Contribution 2: OmniJet-𝛼: The First Cross-Task Foundation Model for Par-
ticle Physics (chapter 6) Following the successful development of a generative model
for the JetClass dataset in contribution 1, this contribution presents the first cross-task
foundation model for particle physics by demonstrating transfer learning from the jet gen-
eration task to the jet classification task. This is achieved by exploring the GPT-paradigm,
i.e. pre-training a generative transformer model with NTP.

Contribution 3: Aspen Open Jets: Unlocking LHC Data for Foundation Models
in Particle Physics (chapter 7) Given the huge amounts of data recorded by the
experiments at the LHC, this contribution studies if this data can be used for foundation
model pre-training directly. This study is done with open data previously made public by
the CMS collaboration. As part of this contribution, the corresponding dataset is released in
an accessible, ML-friendly format to encourage the community to use this dataset for further
studies based on particle jets from real, recorded LHC events.

Contribution 4: Enhancing Next Token Prediction Based Pre-Training for Jet
Foundation Models (chapter 8) Building on the methodology introduced in contribu-
tion 2, this work presents further developments in the context of NTP-based pre-training
for jet foundation models. The OmniJet-𝛼 model architecture is revised, leading to signifi-
cant performance improvements in the downstream classification task. In addition to that,
this work presents a joint pre-training method that combines NTP based pre-training with
MPM [222, 223].

Contribution 5: Pre-Training for Simulation-Based Science: A Study on Jet
Foundation Model Training Objectives (chapter 9) This contribution studies whether
a HEP foundation model should be pre-trained in an unsupervised way, e.g. with a genera-
tive or masked modeling task, or with a supervised task like jet tagging. This work is based
on the framework used to train the OmniLearned [214] foundation model, and provides a
comprehensive comparison of different pre-training targets in the context of jet foundation
models.
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5 Flow Matching Beyond Kinematics [1]

This chapter summarizes the publication “Flow Matching Beyond Kinematics: Generating
Jets with Particle Identification and Trajectory Displacement Information” [1]. The research
was performed in collaboration with Erik Buhmann, Cedric Ewen, Gregor Kasieczka, and
David Shih. This project is based on the original EPiC-FM [220] model which was developed
by Cedric Ewen and Erik Buhmann. I adjusted the EPiC-FM model for the JetClass dataset
in collaboration with Cedric Ewen, carried out all studies presented in the publication, and
led the manuscript writing. The content of this chapter, including text, figures, and tables,
is similar or identical to the original publication in Ref. [1].

In recent years, the task of jet generation has served as a valuable benchmark for ML de-
velopments in the HEP community. For the majority of those studies, the JetNet [216, 217]
dataset (see section 4.3.2) has been the underlying benchmark dataset. Many generative
modeling approaches have been studied with the JetNet dataset, including generative adver-
sarial networks (GANs) [163, 217, 243–245], normalizing flows [246], diffusion models [210,
211, 247–249], and flow matching models [214, 220]. However, with around 175 k jets per jet
type, the JetNet dataset is very limited in size. By contrast, the JetClass dataset [110, 111]
(see section 4.3.3) stores a total of 12.5 M jets per jet type, and a more extensive feature set,
which opens up new possibilities for the development of generative models for jets.

The model developed in this work is based on the Equivariant Point Cloud Flow Match-
ing (EPiC-FM) [220] model, which was originally developed on the JetNet dataset. The
model presented here is the first generative model developed on the JetClass dataset and
also represents the first model that explores ML-based generative modeling of particle-ID
and trajectory displacement features. The model is split into two individual parts: a model
that generates jet-level features and a model that generates the jet constituents conditioned
on those jet-level features. The conditioning features are the number of constituents, the
jet transverse momentum, the jet pseudorapidity, and the jet types. The jet-level model
is implemented with a kernel density estimator (KDE), whereas the constituent-level gen-
erative model is a continuous normalizing flow trained via conditional flow matching (see
section 3.4.1). The constituent-level model, which transforms the jet constituents, uses
EPiC [163] layers (see section 3.3.2), making it a permutation-equivariant CNF. Compared
to the original EPiC-FM model in Ref. [220], this version of EPiC-FM is composed of 20 in-
stead of 6 EPiC layers with increased hidden dimensionality. Another architectural change
compared to the initial EPiC-FM model is the jet-type conditioning, which allows training
a single model for all jet types simultaneously, while still being able to generate jets of a
dedicated type of interest.

The quality of the generated jets is evaluated both on particle-level and on jet-level. For
the particle-level features, this evaluation is split into the three feature categories mentioned
in section 4.3.3: kinematic features, particle-ID features, and trajectory displacement fea-
tures. The particle-level modeling of selected features from the different feature categories
is shown in Figure 5.1, with the corresponding Kullback-Leibler (KL) divergence of the dif-
ferent features shown in Table 5.1 to quantify the agreement of the distributions. As an
example of the kinematic features, the relative transverse momentum 𝑝rel

T = 𝑝T/𝑝jet
T , i.e. the

transverse momentum 𝑝T of the particle relative to the jet transverse momentum 𝑝jet
T , is

shown in Figure 5.1a. For better readability, the corresponding distributions of this feature
are shown for 𝑞/𝑔 and 𝑡 → 𝑏𝑞 ̄𝑞′ jets only. These two jet types are chosen for this comparison,
as they show very different signatures in the 𝑝rel

T feature. The 𝑞/𝑔 jets have on average
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Figure 5.1: Particle-level modeling of (a) the relative transverse momentum 𝑝rel
T (b) the trans-

verse impact parameter significance of the associated particle tracks, and (c) the particle-ID
features. The impact parameter is only shown for charged particles, as neutral particles do
not leave a track in the tracking detector and thus their impact parameter is set to zero
in the dataset. The histograms shown in (a) and (b) with solid lines correspond to jets
generated by the EPiC-FM model. The semi-transparent histograms show the distributions
obtained from jets from the JetClass dataset. The violin plots in (c) show the distribution
of the fraction of particles within a jet corresponding to a certain type. The box plots in (c)
show the median, the quartiles, and 1.5 times the interquartile range. These figures were
previously published in Ref. [1].

fewer constituents than 𝑡 → 𝑏𝑞 ̄𝑞′ jets, and with that have very different shapes in the rela-
tive transverse momentum distributions. The distributions obtained from the generated jets
match the target distributions very well for both jet types, demonstrating that the model
is capable of capturing those distinct signatures in the kinematic features. This can also be
seen in the corresponding KL divergence values in Table 5.1, with only minor deviations from
the reference. As a representative feature for the modeling of the trajectory displacement,
the impact parameter significance, which is defined as the impact parameter value divided
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Table 5.1: KL divergence of a selected set of features with respect to the JetClass dataset.
Smaller values correspond to better agreement between the two distributions. The “Truth”
reference compares two independent samples of jets from the JetClass dataset. The results
in this table were previously published in Ref. [1].

KL𝑝rel
T (×10−3) KL𝑑0/𝜎𝑑0 (×10−3) KL𝑚jet (×10−3) KL𝜏32 (×10−3)

Truth (𝑞/𝑔) 0.06 ± 0.01 0.13 ± 0.01 2.0 ± 0.2 2.0 ± 0.3
EPiC-FM (𝑞/𝑔) 0.073 ± 0.007 2.22 ± 0.06 2.0 ± 0.3 2.3 ± 0.3
Truth (𝐻 → 𝑏𝑏̄) 0.048 ± 0.004 0.10 ± 0.01 1.9 ± 0.2 2.1 ± 0.2
EPiC-FM (𝐻 → 𝑏𝑏̄) 0.070 ± 0.008 2.64 ± 0.09 3.2 ± 0.5 2.7 ± 0.3
Truth (𝐻 → 𝑐 ̄𝑐) 0.054 ± 0.007 0.11 ± 0.02 2.0 ± 0.3 2.2 ± 0.3
EPiC-FM (𝐻 → 𝑐 ̄𝑐) 0.078 ± 0.007 2.8 ± 0.1 4.8 ± 0.5 3.1 ± 0.5
Truth (𝐻 → 𝑔𝑔) 0.034 ± 0.002 0.07 ± 0.01 2.0 ± 0.2 1.9 ± 0.2
EPiC-FM (𝐻 → 𝑔𝑔) 0.057 ± 0.009 2.4 ± 0.1 3.7 ± 0.4 2.8 ± 0.4
Truth (𝐻 → 4𝑞) 0.040 ± 0.005 0.08 ± 0.01 2.2 ± 0.4 2.0 ± 0.3
EPiC-FM (𝐻 → 4𝑞) 0.057 ± 0.006 2.30 ± 0.07 5.2 ± 0.5 7.5 ± 0.7
Truth (𝐻 → ℓ𝜈𝑞𝑞′) 0.07 ± 0.01 0.14 ± 0.01 1.9 ± 0.3 2.0 ± 0.2
EPiC-FM (𝐻 → ℓ𝜈𝑞𝑞′) 0.10 ± 0.01 2.11 ± 0.08 3.5 ± 0.5 9.3 ± 0.9
Truth (𝑍 → 𝑞 ̄𝑞) 0.061 ± 0.008 0.14 ± 0.03 2.1 ± 0.2 2.0 ± 0.2
EPiC-FM (𝑍 → 𝑞 ̄𝑞) 0.07 ± 0.01 3.3 ± 0.2 4.8 ± 0.5 2.0 ± 0.2
Truth (𝑊 → 𝑞𝑞′) 0.06 ± 0.01 0.12 ± 0.01 2.1 ± 0.4 2.0 ± 0.2
EPiC-FM (𝑊 → 𝑞𝑞′) 0.082 ± 0.008 2.18 ± 0.05 5.7 ± 0.4 2.7 ± 0.4
Truth (𝑡 → 𝑏𝑞𝑞′) 0.043 ± 0.007 0.08 ± 0.01 1.9 ± 0.3 2.1 ± 0.2
EPiC-FM (𝑡 → 𝑏𝑞𝑞′) 0.08 ± 0.01 1.84 ± 0.07 4.7 ± 0.6 30 ± 1
Truth (𝑡 → 𝑏ℓ𝜈) 0.07 ± 0.01 0.15 ± 0.02 2.0 ± 0.1 2.0 ± 0.2
EPiC-FM (𝑡 → 𝑏ℓ𝜈) 0.11 ± 0.02 1.78 ± 0.09 3.4 ± 0.2 2.6 ± 0.4

by its uncertainty, is shown in Figure 5.1b. Both the value and the uncertainty are gener-
ated by the model, and are combined afterwards to obtain the significance. Here, three jet
types corresponding to different decay channels of the Higgs boson are shown in the figure:
𝐻 → 𝑏𝑏̄, 𝐻 → 𝑐 ̄𝑐, and 𝐻 → 𝑔𝑔. While those three jet types all represent jets initiated by a
Higgs boson, the corresponding trajectory displacement distribution depends on the decay
channel and thus varies between the three different jet types. 𝐻 → 𝑏𝑏̄ and 𝐻 → 𝑐 ̄𝑐 jets
include hadrons with long lifetimes, which leads to secondary vertices with the associated
tracks having large impact parameter values. Conversely, tracks in 𝐻 → 𝑔𝑔 jets generally
have smaller impact parameter values. These details and differences between different jet
types are well modeled by the EPiC-FM model. However, as can be seen in the ratio panels
of Figure 5.1b and in the KL divergence values in Table 5.1, the modeling of the trajectory
displacement features is less accurate than that of the kinematic features.

The particle-ID modeling is shown in Figure 5.1c, which shows that the fraction of certain
particle types within each jet is modeled accurately. This is non-trivial, especially given that
those features are treated as continuous features throughout the generative modeling process,
with a final post-processing operation that ensures that only the particle-ID feature with the
largest value is set to 1, and the others to zero.

In addition to the constituent level evaluation, the fidelity of the generated jets is also
analyzed on jet-level. To this end, jet-level quantities are calculated from the generated jet
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Figure 5.2: Comparison of two jet-level features for all jet types: (a) the invariant mass 𝑚jet
and (b) the subjettiness ratio 𝜏32. Each jet type is represented by a distinct color, with
generated jets being shown as solid line histograms and jets from the JetClass dataset shown
as dotted line histograms. The outermost bins show under- and overflow bins. The three jet
types 𝐻 → 𝑏𝑏̄, 𝐻 → 𝑐 ̄𝑐, and 𝐻 → 𝑔𝑔 are combined for better readability. These figures were
previously published in Ref. [1].

constituents or the jet constituents from the JetClass dataset, respectively. Figure 5.2 shows
the distributions of the jet mass and the subjettiness ratio 𝜏32 (see section 2.3.3) for all
ten different jet types, and the corresponding KL divergence values are shown in Table 5.1.
This figure also shows how diverse the JetClass dataset is, with the jet mass spanning
the whole range up to ∼ 200 GeV, split into the individual mass peaks belonging to the
corresponding heavy resonance (𝑍/𝑊/𝐻/𝑡) of the non-𝑞/𝑔 jets. Each of the jet mass peaks in
Figure 5.2a is modeled with high accuracy. The most prominent mismodeling can be seen in
the subjettiness ratio distributions in Figure 5.2b, where the largest disagreement between the
generated distribution and the JetClass distribution is seen for 𝑡 → 𝑏𝑞 ̄𝑞′ jets. The observation
that 𝑡 → 𝑏𝑞 ̄𝑞′ jets are the ones the model struggles the most with is further confirmed by a
classifier test as proposed in Ref. [250], where a classifier is trained to distinguish jets from
the JetClass dataset and jets obtained from the generative model.

To investigate this further, ablation studies are performed with a model trained on kine-
matic features only, a model that restricts the training dataset to 𝑡 → 𝑏𝑞 ̄𝑞′ jets only, as well
as the combination of both restrictions. Those ablation studies reveal that a substantial im-
provement in the jet mass and jet substructure modeling is achieved when constraining the
constituent-level feature set to kinematic features only. Both the jet mass and the jet sub-
structure features are calculated from the kinematic features of the constituents. Therefore,
this indicates that the modeling of the kinematic features improves drastically when the PID
and trajectory displacement features are removed from the dataset, which in turn improves
the quality of the jet mass and jet substructure modeling. Restricting the model to 𝑡 → 𝑏𝑞 ̄𝑞′
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jets only is found to help when all features are used (i.e. kinematics, PID and trajectory
displacement) whereas no improvement is seen with this restriction when the feature set is
limited to kinematic features.

To summarize, this work demonstrates that the EPiC-FM model can be extended from
the JetNet dataset to a more complex dataset like JetClass. Moving from the JetNet dataset
to the JetClass dataset leads to: i) twice as many jet types, ii) significantly more constituent-
level features, iii) larger-radius jets, and iv) more jets for training. Consequently, this work
provides a foundation for further studies on generative modeling of jets from the JetClass
dataset.
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6 OmniJet-𝛼 [2]

This chapter summarizes the publication “OmniJet-𝛼: The First Cross-Task Foundation
Model for Particle Physics” [2]. The research was performed in collaboration with Anna
Hallin and Gregor Kasieczka. The model development and the studies shown in this work
were jointly performed by Anna Hallin and me. The writing process of the manuscript
was distributed equally among the three co-authors of the paper. The content of this chapter,
including text, figures, and tables, is similar or identical to the original publication in Ref. [2].

Inspired by the success of foundation models in fields like NLP or computer vision, this
project explores the foundation model paradigm for particle jets. More precisely, this work
focuses on generative pre-training with next token prediction (see section 3.4.2) as the pre-
training target. While autoregressive generative modeling of particle jets was explored pre-
viously [251, 252], it was not used as a dedicated pre-training task with subsequent transfer
learning to another task. This contribution represents the first successful demonstration of
a prototype foundation model that shows transfer learning across different classes of tasks
(i.e. classification and generation), with the corresponding model being named OmniJet-𝛼.

The JetClass dataset (see section 4.3.3) is used throughout this project. For simplicity,
the feature set is limited to the kinematic information of the particles. This builds on the
result presented in chapter 5, which showed that, while in general possible, the modeling
of trajectory displacement features can be challenging. Thus, in this study each particle is
represented by the continuous vector ⃗𝑝 = (𝑝T, 𝜂rel, 𝜙rel), with 𝜂rel and 𝜙rel being the pseudo-
rapidity and azimuth angle relative to the jet axis.

An overview of the overall framework used here is shown in Figure 6.1. This framework

VQ-VAE
encoder

VQ-VAE
decoder

VQ-VAE
decoder

Transformer
backbone

Jet tokenization

Jet generation

Next-token
prediction head

Transformer
backbone Classification head

Jet classification

Jet type prediction

Autoregressive next-token generation

VQ-VAE
encoder

❆

❆

Figure 6.1: High-level overview of the OmniJet-𝛼 foundation model framework. This figure
was previously published in Ref. [2].
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Figure 6.2: Token quality results: (a) visualization of how well the tokens cover the space
and (b) the resolution of the subjettiness ratio 𝜏32 for 𝑡 → 𝑏𝑞 ̄𝑞′ jets. The visualization in
(a) shows the reconstructed codebook entries in the 𝜂rel-𝜙rel plane obtained with different
codebook sizes and different tokenization strategies. The label in the upper left corner of
each plot indicates the codebook size and the tokenization strategy. Each codebook entry,
i.e. each possible value the token-IDs can take, is drawn as a colored dot in the scatter plot.
To visualize the spread of individual codebook entries in the case of conditional tokenization,
each codebook entry is reconstructed 500 times conditioned on 50 randomly chosen other
codebook entries. The 𝜏32 resolution in (b) shows the difference between the subjettiness
ratio 𝜏32 of the original jet and the same quantity calculated from the reconstructed tokens.
These figures were previously published in Ref. [2].

has three components: i) the tokenization of the jet constituents, ii) the generative model
obtained from pre-training, and iii) downstream training on jet classification (i.e. jet tagging).

The transformer backbone used for the generative model and the classification model op-
erate on discrete token-IDs (see section 3.4.2). Thus, the continuous-valued jet constituents
are discretized with a VQ-VAE [189] (see section 3.6). The tokenizer is trained on all ten
jet types of the JetClass dataset simultaneously. As mentioned in section 3.6, tokenization
inherently comes with a loss of information. To investigate the extent of this information
loss, this work compares three different tokenization approaches: a simple binning approach
as used in Ref. [251], unconditional tokenization which uses a simple MLP for both the en-
coder and the decoder of the VQ-VAE, and the conditional tokenization strategy proposed
in Ref. [222]. The latter uses a transformer architecture for the encoder and decoder of the
VQ-VAE. With the binning approach and the unconditional tokenization, each token-ID
corresponds to a distinct point in the phase space spanned by the kinematic features of the
constituents. The reason for this is that each constituent is tokenized and reconstructed inde-
pendently. In conditional tokenization, the tokenization and reconstruction of a constituent
is conditioned on the other constituents in the jet [222]. As a result, each codebook entry
can be reconstructed to multiple points in phase space. This can be seen in Figure 6.2a,
which shows the spread of the token-IDs in the 𝜂rel-𝜙rel plane for the unconditional and con-
ditional VQ-VAE tokenizer. Conditional tokenization provides the highest-fidelity encoding
of the jet constituents. This is shown in Figure 6.2b, which shows that the subjettiness
ratio resolution improves drastically, when using the conditional tokenization approach. In-
creasing the codebook size also improves the subjettiness resolution. The binning approach
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Figure 6.3: Generative modeling performance of the OmniJet-𝛼 model on particle level (top)
and jet level (bottom). The reference histograms correspond to jets from the JetClass dataset
that are first tokenized and subsequently reconstructed back to physical space, as this is the
target the generative model is trained on. This figure was previously published in Ref. [2].

performs worse than the other two approaches. Using the conditional tokenization strategy
with a codebook size 𝐶 = 8192, the dataset is tokenized and a jet with 𝑛 constituents is
subsequently represented as a sequence of 𝑛 + 2 token-IDs

(start-token, 𝑡1, … , 𝑡𝑛, stop-token) , (6.1)

with dedicated token-IDs marking the beginning (start-token) and the end (stop-token)
of the sequence.

The main model follows the high-level model architecture scheme introduced in sec-
tion 4.1, being composed of a transformer backbone and task-specific heads, with one head
being a generative head and the other a classifier head. The backbone consists of an em-
bedding layer that maps the integer token-IDs into a high-dimensional embedding space,
followed by three transformer blocks. The generative head is a linear layer followed by a
Softmax activation function to obtain the next token probabilities. The classifier head con-
sists of two linear layers, with a ReLU activation function and summation over the particle
dimension between the two linear layers, and finally a Softmax activation function.

Using the tokenized particle representation from Equation 6.1, the transformer backbone
is pre-trained as an autoregressive NTP model (see section 3.4.2). That is, the model learns
to predict the token-ID of the next particle in the sequence. This pre-training is performed
jointly on 𝑡 → 𝑏𝑞 ̄𝑞′ and 𝑞/𝑔 jets (20M jets). Once trained, the generative model can generate
new token-ID sequences autoregressively. The generated token-IDs are then reconstructed
with the frozen VQ-VAE decoder to map the token-IDs to the physical space. Both particle
level and jet level distributions of the generated jets are compared with the corresponding
target distribution in Figure 6.3. The distributions of the generated jets align very well
with the target distributions, with only slight mismodeling seen in the jet mass and the
subjettiness ratio 𝜏32.

To investigate the transfer learning capabilities of the backbone, the generative head is
replaced by the classification head. The classification task is performed on the same jet types
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Figure 6.4: Transfer learning results evaluated on the top tagging task. For each configu-
ration, the classification training is performed five times with different random seeds. The
figure shows the mean performance and the corresponding standard deviation of those runs.
The same pre-trained backbone is used in all fine-tuning runs. This figure was previously
published in Ref. [2].

as used during pre-training and thus represents the typical top tagging task, i.e. the model
learns to distinguish between 𝑡 → 𝑏𝑞 ̄𝑞′ and 𝑞/𝑔 jets. Three different strategies are studied.
In the Fine-tuning strategy the whole model is trained during downstream training. The
Fine-tuning (backbone fixed) strategy keeps the backbone weights fixed during the classifier
training, and the From scratch baseline represents a reference of the classification perfor-
mance obtained with the same model architecture when all model weights are randomly
initialized at the start of the training. For each strategy, classification training is performed
for six different sizes of the downstream dataset, ranging from 100 jets to 2 M jets. The classi-
fication accuracy obtained for the different strategies and dataset sizes is shown in Figure 6.4.
The two fine-tuning strategies lead to significantly better downstream performance than the
from scratch baseline for the whole range of probed dataset sizes. Within the two fine-tuning
strategies, the one that allows the backbone weights to be adjusted during downstream train-
ing performs the best for all dataset sizes. The performance gain from pre-training is most
notable at small downstream dataset sizes: with only 100 training jets during classification
training, the pre-trained model gains up to 17 percentage points in the accuracy over the
from-scratch baseline. As the downstream dataset size increases, the performance gains of
pre-training become smaller. Yet, the fine-tuned model still outperforming the baseline by
a few percentage points at a downstream dataset size of 2 M. To summarize, this marks the
first demonstration of cross-task transfer learning from unsupervised generative pre-training
to supervised jet classification training. Along with other label-free pre-training methods
(see section 4.4) this work shows promising potential for pre-training foundation models in
HEP on measured data directly.
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7 Aspen Open Jets [3]

This chapter summarizes the publication “Aspen Open Jets: Unlocking LHC Data for
Foundation Models in Particle Physics” [3]. The research was performed in collaboration with
Oz Amram, Luca Anzalone, Darius A. Faroughy, Anna Hallin, Gregor Kasieczka, Michael
Krämer, Ian Pang, Humberto Reyes-Gonzalez, and David Shih. My contribution to this
project was the training and evaluation of the tokenizers, the pre-training of the generative
model, and writing the corresponding paragraphs in the manuscript. The content of this
chapter, including text, figures, and tables, is similar or identical to the original publication
in Ref. [3].

The original OmniJet-𝛼 publication discussed in chapter 6 demonstrated successful transfer
learning between two different tasks on the same dataset (JetClass). This work follows up
on those results, answering two main questions. First, it investigates if transfer learning can
also be achieved for the jet generation task between two datasets with significant domain
shift, i.e. two datasets with significantly different distributions. And second, it explores if
such transfer learning can be realized when pre-training directly on measured data from an
LHC experiment. Additionally, the corresponding Aspen Open Jets (AOJ) dataset, which
is derived from open data from the CMS collaboration [253, 254], is released in an accessible,
ML-friendly format [255], representing the largest public jet dataset for ML development in
particle physics.

Particle physics experiments like the CMS experiment at the LHC produce copious
amounts of data. Performing foundation model pre-training on this measured data directly
is attractive for two reasons. On the one hand this data already exists, and it could reduce
the amount of computationally expensive simulated data (see section 2.3.2) needed for fu-
ture foundation model training in HEP. On the other hand, while the simulation tools used
in particle physics provide high fidelity simulation, there is still a remaining domain shift
between simulated data and measured data. Most ML tasks in the HEP analysis pipeline
require a labeled dataset in their training, and simulated data will remain crucial for high-
performance ML models in particle physics. However, it could be advantageous to expose
those models to measured data already during pre-training.

In general, measured data is only accessible to members of the corresponding collabo-
ration of the experiment. Yet, a significant amount of measured data has been released as
open data by the collaborations at the LHC [253, 254, 256–259]. Pre-training on open data
was previously explored in Ref. [260], however not at the scale investigated in this work.
The AOJ dataset is constructed from the CMS 2016 “JetHT”1 open data [253, 254]. The
open data is available in the MINIAOD [261] format that already includes CMS reconstruction
steps (see section 2.3.2). Based on that, the AOJ dataset is produced by processing the initial
MINIAOD files to the so-called PFNANO format via the corresponding CMS-provided tool [262],
and subsequently extracting the jets from those events. The final dataset contains 178 M jets
clustered with the anti-𝑘𝑇 algorithm with 𝑅 = 0.8. For each jet, up to 150 constituents are
stored, including features of multiple categories: kinematic features, particle-ID, trajectory
displacement, as well as features corresponding to CMS-specific observables like flavor tag-
ging scores. The vast majority of those jets are expected to be 𝑞/𝑔 jets. Still, the AOJ jets
are very different from JetClass 𝑞/𝑔 jets in that they are selected with different kinematic

1The JetHT dataset includes events that were selected based on one or more jets with high 𝑝T, multiple
low-𝑝T, or a significant amount of hadronic activity.
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(a)

(b)

Figure 7.1: Feature distributions of jets from the AOJ dataset compared to 𝑞/𝑔 jets from the
JetClass dataset (referred to in the label as “JetClass QCD”). These figures were previously
published in Ref. [3].

cuts. A comparison of the AOJ jets and 𝑞/𝑔 jets from the JetClass dataset is shown in
Figure 7.1 for a few selected features. The particle-level features (Figure 7.1a) demonstrate
detector artifacts in the form of spikes in the pseudorapidity 𝜂 and the azimuth angle 𝜙 of the
particles. Such spikes do not show up in the JetClass dataset. As for the jet-level features
(Figure 7.1b), those reveal that the distribution of the subjettiness ratio 𝜏21, as well as the
overall shape of the mass distribution of the AOJ jets is indeed consistent with 𝑞/𝑔 jets. At
the same time the jet 𝑝T distribution underlines the domain shift between the two datasets:
there is only very little overlap between the two jet 𝑝T distributions in Figure 7.1b, with jets
from the JetClass dataset carrying a much higher transverse momentum.

To investigate the out-of-domain transfer learning, the OmniJet-𝛼 model is pre-trained
for the generative task on the AOJ dataset, and this model is then fine-tuned to either 𝑞/𝑔
jets or 𝑡 → 𝑏𝑞 ̄𝑞′ jets from the JetClass dataset. The transfer to 𝑡 → 𝑏𝑞 ̄𝑞′ jets represents
the more challenging case. This is because this transfer not only includes a difference in
kinematic cuts between the AOJ and JetClass datasets, but also a drastic change in the
jet substructure given that the AOJ dataset is assumed to contain mostly 𝑞/𝑔 jets. Two
tokenizers are used in this study. For studies involving pre-training, a new tokenizer is
trained on the AOJ dataset, which is then used to tokenize both the AOJ and the JetClass
dataset. Both the pre-training and the fine-tuning are then performed using the token-IDs
obtained with this tokenizer. For the from scratch baseline, which is trained directly on the
JetClass dataset without pre-training, the tokenizer from the original OmniJet-𝛼 work is
used. All downstream trainings on JetClass are repeated for different downstream training
dataset sizes 𝐷 ∈ {102, 103, 104, 105, 106, 107}. Figure 7.2 shows the downstream performance
for 𝑡 → 𝑏𝑞 ̄𝑞′ jet generation for two jet-level features: the jet mass and the subjettiness ratio
𝜏32. Roughly speaking, the model has to learn the top quark mass peak and switch from
generating 1-prong jets to 3-prong jets (see section 2.3.3 for an illustration) which shows up
as a much smaller average 𝜏32 value.

The plots on the left side of Figure 7.2 show the distributions obtained from the genera-
tive models, with different colors corresponding to the different downstream dataset sizes 𝐷.
The plots on the right side show the corresponding Wasserstein distance 𝑊1 and the KL di-

66



7. Aspen Open Jets [3]

(a) Jet mass

(b) Subjettiness ratio 𝜏32

Figure 7.2: Comparison of the fine-tuned generative model versus the from scratch baseline
for 𝑡 → 𝑏𝑞 ̄𝑞′ jets. The top panel (a) shows the jet mass and the bottom panel (b) shows the
subjettiness ratio 𝜏32. The leftmost plots show the distributions obtained when fine-tuning
the model that was pre-trained on AOJ to the corresponding JetClass jet type. The second
plot from the left shows the distributions produced by the from scratch baseline. The different
histograms correspond to different downstream dataset sizes 𝐷, the AOJ distribution is
shown as a dashed histogram, and the distribution of jets from the JetClass dataset is shown
as a gray histogram. The two plots on the right side show the Wasserstein distance and
the KL divergence calculated with the JetClass jets and the generated distribution for each
downstream dataset size 𝐷. For the 𝑊1 distance and the KL divergence values, the mean
and standard deviation are reported by running each downstream training configuration with
five different seeds. Smaller values of the 𝑊1 and the 𝐾𝐿 divergence correspond to better
agreement between the two distributions. These figures were previously published in Ref. [3].

vergence to quantify how well the distributions of the generated jets match the distributions
from the JetClass dataset. Overall, the pre-trained model achieves a performance gain in
that it needs only a fraction of the downstream training dataset size 𝐷 to yield comparable
performance to the baseline models. For large dataset sizes the from scratch baseline catches
up with the fine-tuned model, indicating that the pre-training advantage vanishes at suffi-
ciently large dataset scales. A possible explanation for this is that the tokenizer trained on
the AOJ dataset is suboptimal for the JetClass dataset, and this starts to show up once such
high-performance regimes are reached. Another possible explanation is that the pre-trained
state is suboptimal if a sufficiently large downstream dataset is available, as was also seen
e.g. in Ref. [196]. Looking at the jet mass modeling (Figure 7.2a), one can see that the pre-
trained model manages to generate a clear peak correctly centered at the top quark mass
of around 173 GeV with only 10 k training jets. The from-scratch model needs a factor of
ten larger 𝐷 to achieve that. Increasing the dataset size further improves the resolution of
this mass peak, both for the pre-trained and the from-scratch model. As for the subjettiness
ratio, the fine-tuning morphs the AOJ distribution into the top jet distribution, with better
agreement the larger the dataset size 𝐷. This trend is not as consistent for the from-scratch
model, and the pre-trained model shows better agreement with the JetClass distribution for
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all 𝐷 except for the full dataset size 𝐷 = 10 M. An exception is the KL and 𝑊1 at the small-
est dataset size. At this dataset size, however, both pre-trained and from-scratch performs
very poorly as can be seen in the histograms, and a lower KL or 𝑊1 does not necessarily
indicate better modelling in that case. Lastly, it is observed that the metrics for fine-tuned
models follow a power law of the form 𝐷−𝛾, with the corresponding numerical fit drawn in
the plots in Figure 7.2. Such neural scaling laws [195–197] are closely related to foundation
models, as they provide a framework for how a model’s performance scales with the dataset
size, the number of trainable parameters, and the training cost, and thus such scaling laws
can be used to study how a foundation model’s performance scales with those properties.
Here, the pre-trained model shows a rather consistent scaling with 0.2 < 𝛾 < 0.45 among
different high-level features such as the jet mass and the subjettiness ratios. However, no
such scaling is seen in this study for the models that are trained from scratch. This lack of
scaling is most visible in the subjettiness ratio features in the low dataset size regime. The
lack of scaling in those cases could be explained by the fact that the from-scratch model can
hardly learn anything based on the small dataset it is provided during training. Such be-
havior was previously seen in the ML literature, and was termed the small data region [263].
Recent work dedicated to neural scaling laws of jet generation, which follows up on this,
can be found in Ref. [264]. Further studies on neural scaling laws for ML models in HEP
applications explore this framework for jet classification [203, 265–267], the pre-training loss
of a foundation model [268], and amplitude surrogates [269].

To summarize, this work demonstrates that generative pre-training on measured collider
data improves downstream jet generation performance on small labeled datasets, even with
significant domain shifts between the pre-training and downstream datasets. Furthermore,
the AOJ dataset is released in an ML-friendly format to encourage the community to explore
the possibilities of using open data for phenomenological studies like this one.
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8 Enhancing Generative Pre-Training for Jet
Foundation Models [4]

This chapter summarizes the publication “Enhancing Next Token Prediction Based Pre-
Training for Jet Foundation Models” [4]. The research was performed in collaboration with
Anna Hallin, Gregor Kasieczka, Nikol Madzharova, Ian Pang, and David Shih. My contri-
bution to this project was the development and implementation of the models, performing all
studies presented in the paper, and large parts of the writing of the manuscript. The con-
tent of this chapter, including text, figures, and tables, is similar or identical to the original
publication in Ref. [4].

The original OmniJet-𝛼 [2] work (see chapter 6) demonstrated that NTP-based generative
pre-training leads to performance improvement in a downstream classification task compared
to training a model with the same architecture from scratch. Additionally, follow-up work [3]
(see chapter 7) demonstrated that the generatively pre-trained model can be fine-tuned
efficiently to new datasets. This work improves on the original OmniJet-𝛼 implementation by
addressing two of its limitations. First, it is shown that using the token-ID representation as
the model input is suboptimal for downstream classification. To circumvent this limitation,
this work introduces a hybrid setup that uses continuous input vectors while still using
discrete token-IDs as pre-training targets. This leads to a drastic increase in classification
performance while maintaining the generative capabilities of the model. Second, the pre-
training task is enhanced by employing a joint pre-training that trains on NTP and masked
particle modeling [222, 223] simultaneously.
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Figure 8.1: Comparison of the original OmniJet-𝛼 workflow (upper row) and the improved
setup used in this work (lower row). The different columns show (a) the NTP-based pre-
training, (b) the generative model obtained from unsupervised pre-training and (c) the classi-
fication model obtained from supervised fine-tuning. Token-IDs are indicated as 𝑡𝑖, with the
start and end of the sequence being marked with start (𝑡𝑠) and stop (𝑡𝑒) tokens. Continuous
feature vectors are shown as ⃗𝑐𝑖 and pseudo-continuous vectors as ⃗𝑑𝑖, where pseudo-continuous
vectors are the ones obtained by tokenizing and reconstructing the original continuous input.
This figure was previously published in Ref. [4].
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Figure 8.2: Comparison of using the token-ID or the continuous input vectors as model
input: (a) the jet mass distribution obtained from the two generative models compared to
the JetClass distribution and (b) the classification performance on the top tagging dataset.
The uncertainty band in (b) corresponds to the mean performance and the corresponding
standard deviation across five classification trainings with different random seeds. These
figures were previously published in Ref. [4].

The general framework and architectural change in terms of the input structure com-
pared to OmniJet-𝛼 (integer token-IDs vs. continuous) are shown in Figure 8.1. The change
from using the integer token-IDs 𝑡𝑖 as model input to using the corresponding continuous
input vectors ⃗𝑐𝑖 as input has a clear advantage for the classification task, as this task is then
not limited by any tokenization-induced information loss. During generative pre-training,
the model acts on pseudo-continuous vectors ⃗𝑑𝑖 which correspond to the tokenized and re-
constructed counterpart of ⃗𝑐𝑖. This distinction accounts for the fact that the decoding of the
predicted token-IDs of the next particle during autoregressive generation (see the illustration
in the center of Figure 8.1) is now integrated into the autoregressive generation loop. Using
the full-resolution vectors ⃗𝑐𝑖 as input for the generative model would lead to a mismatch
between training and inference (= generation) since only the pseudo-continuous vectors are
available during generation.

To compare this new hybrid setup to the fully tokenized case, models of both architectures
are first pre-trained on the generative task using the whole JetClass dataset (see section 4.3.3)
and subsequently fine-tuned on the 10-class classification task on JetClass (in-distribution
transfer learning) and on the binary classification task on the top tagging dataset (out-of-
distribution transfer learning, see section 4.3.1). The architecture of the classifier head used
here is based on class-attention [171], which is a more capable architecture compared to
the simple classifier head architecture used in Ref. [2]. Given that the top tagging dataset
only contains the kinematic information of the particles, the main studies of this work are
performed with kinematic features only. First, the generative capabilities of the model are
investigated both on particle level and on jet level. Figure 8.2a shows a comparison of the
jet mass distribution obtained from the two generative models and the JetClass dataset, as
this is a challenging distribution to model accurately. Note that, by contrast to the results
presented in chapter 6, all ten jet types included in the JetClass dataset are used here, which
is why the jet mass distribution here looks notably different from the one in Figure 6.3.
Both models agree equally well with the target distribution, with slight mismodeling around
the Higgs boson mass at approximately 125 GeV. This means that the switch to the hybrid

70



8. Enhancing Generative Pre-Training for Jet Foundation Models [4]

Transformer backbone
(causal attention)

Transformer backbone
(causal attention)

Transformer backbone
(bi-directional attention)

Transformer backbone
(bi-directional attention)

Linear layer TransformerTransformer Transformer

Next token prediction (NTP) Masked token prediction (MPM) Joint NTP and MPM

Shared weights

Figure 8.3: Illustration of (a) NTP, (b) MPM and (c) the joint NTP+MPM pre-training
methods. Token-IDs are shown as 𝑡𝑖, continuous vectors as ⃗𝑐𝑖, and pseudo-continuous vectors
as ⃗𝑑𝑖. The backbone output vectors are shown as ⃗𝑒𝑖 and the learnable mask embeddings that
are re-introduced after the backbone in MPM are shown as 𝑚⃗𝑖. No sorting is applied to the
particles, but masked positions contain information of the 𝑝T-order within the masked subset.
In this example, the first masked particle (position 1) is assumed to have smaller transverse
momentum than the second masked particle (position 4), which is why they are re-introduced
as 𝑚⃗2 and 𝑚⃗1, respectively. This figure was previously published in Ref. [4].

architecture does not harm the generative performance. The results for out-of-distribution
transfer learning are shown in Figure 8.2b. Both pre-trained models are fine-tuned for
multiple downstream dataset sizes 𝐷 ∈ {103, 104, 105, 1.2 ⋅ 106}. The corresponding from-
scratch baselines for both input variants are also shown in Figure 8.2b. Those baselines (the
two gray lines in Figure 8.2b) already show the expected increase in performance (here the
accuracy) when switching from the token-ID input to the continuous input. This suggests
that the classification model struggles to extract the required information from the token-
IDs, leading to worse performance compared to the continuous input case. In terms of
transfer learning capabilities, the gap between the performance of the fine-tuned model and
the from-scratch baseline becomes smaller in the continuous-input case. However, generative
pre-training on the NTP target still leads to improved downstream classification performance
compared to training a model from a random weight initialization.

With the adjusted setup, the input-target structure is close to the MPM setup, which
uses continuous input vectors and optionally tokenized targets. In addition to that, MPM
and NTP are quite closely related as they predict either next or masked particles given other
particles as context. The methodology of the joint NTP+MPM pre-training proposed in this
work is shown together with the individual methods in Figure 8.3, with the MPM imple-
mentation being based on MPMv2 [223]. An important difference between NTP and MPM
is that NTP requires causal attention, thus treating the input as a sequence, whereas MPM
can use bidirectional self-attention treating the input as a point cloud. Combining these two
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Figure 8.4: Comparison of the different pre-training methods: (a) the jet mass distribution
obtained from continuous-input NTP and NTP+MPM and (b) the downstream top tagging
accuracy achieved when pre-training with MPM, NTP or NTP+MPM. The MPM-Causal
line represents an ablation where causal attention is used in the MPM pre-training. The un-
certainty band in (b) corresponds to the mean performance and the corresponding standard
deviation across five classification trainings with different random seeds. These figures were
previously published in Ref. [4].

methods was previously studied in other domains [270–276]. As for the joint pre-training
presented here, the hypothesis is that causal attention provides powerful embeddings for
autoregressive generation that might not be perfectly aligned for the downstream classifi-
cation task, whereas the bidirectional encoding learned during MPM pre-training might be
better aligned with downstream classification. Combining the two methods could yield a
rich latent representation with improved downstream performance on classification while at
the same time maintaining the generative capabilities of the model. Figure 8.4a compares
the jet mass distribution of the continuous-input NTP model and the joint NTP+MPM with
the corresponding distribution from JetClass. This distribution shows that the generative
model’s performance is retained in the joint pre-training. For this specific feature, the agree-
ment with the distribution from JetClass even slightly improves compared to the NTP-only
case. Other features are investigated as well and confirm that the generative performance
does not degrade when adding the MPM component to the pre-training. The comparison
of the downstream top tagging performance is shown in Figure 8.4b. The continuous-input
NTP performance as well as the baseline are the same as in Figure 8.2b. The new lines in
Figure 8.4b show the joint NTP+MPM as well as pure MPM and an ablation labeled MPM-
Causal, with the latter demonstrating the effect of switching from bidirectional self-attention
to causal self-attention. While NTP leads to a performance improvement compared to the
from-scratch baseline, the other methods outperform NTP. The best downstream classifica-
tion performance is achieved with MPM pre-training. The fact that the result obtained with
MPM-Causal pre-training is worse than the non-causal MPM case indicates that using causal
attention during pre-training harms the downstream classifier performance (which operates
with bidirectional attention). Additional studies are performed with a fixed backbone dur-
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ing fine-tuning, which indicate that the backbone representation obtained from NTP-only
pre-training is substantially less aligned with classification compared to the representation
obtained with MPM or NTP+MPM pre-training. The joint NTP+MPM pre-training clearly
outperforms pure NTP pre-training, and even comes close to the top tagging performance
of the model that was pre-trained with pure MPM. Given this clear advance in downstream
classification, combined with the maintained generative capabilities of the model, the joint
pre-training thus provides a substantial improvement over the NTP pre-training.

To sum up, this contribution presents two enhancements for NTP-based pre-training of
jet foundation models that largely improve the downstream classification performance while
maintaining the generative performance of the pre-trained model.
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9 A Comparison of Jet Foundation Model
Pre-Training Objectives [5]

This chapter summarizes the publication “Pre-Training for Simulation-Based Science: A
Study on Jet Foundation Model Training Objectives” [5]. At the time of writing this thesis,
the paper was published as a pre-print on arXiv, and is currently under review at PRX
Intelligence. The research was performed in collaboration with Ibrahim Elsharkawy, Gregor
Kasieczka, Vinicius Mikuni, Wahid Bhimji, and Benjamin Nachman. My contribution to
this project was the integration of the MPM method into the OmniLearned framework,
performing all MPM-related pre-trainings as well as the studies related to the generative
downstream task. Additionally, I was responsible for the writing of the corresponding sections
in the manuscript of the publication. The content of this chapter, including text, figures, and
tables, is similar or identical to the original publication in Ref. [5].

The methods presented in chapters 6 to 8 focused on unsupervised pre-training. Unsuper-
vised pre-training is the default choice in industrial foundation models due to the lack of
large labeled datasets. While unsupervised pre-training methods are attractive for HEP
as well in the sense of pre-training on measured data directly, particle physics has large
datasets of high-fidelity simulation available. This led to supervised pre-training strategies
like those used for the OmniLearn [210, 211] and OmniLearned [214] foundation models.
Those foundation models are pre-trained jointly on jet generation and jet classification, yet
the original works did not investigate how the two targets compare individually. This work
uses the OmniLearned framework to systematically compare three different pre-training
targets: jet classification, jet generation, and MPM.

The jet generation task is implemented with conditional flow matching (see section 3.4.1)
and the MPM implementation is based on MPMv2 [223]. In addition to the evaluation of
the individual pre-training tasks and their effects on downstream performance, this work
also studies the pairwise combinations (Classifier+Generator, Classifier+MPM, Genera-
tor+MPM) and the combination of all three targets. For some combinations, a perturbed
loss component is added, corresponding to classification performed with the post-masking
input (when combining classification and MPM) and classification with noised input, i.e. the
input the generator forward pass receives (when combining classification and generation).
The multiple forward passes corresponding to the different tasks and their associated loss
terms are shown in Figure 9.1. All models are pre-trained on the JetClass dataset (see

Noisy jet

Whole jet

Masked jet

PET Body

Generator
Head

Classifier
Head

MPM
Head

Figure 9.1: Illustration of the different jet augmentations and the forward passes performed
for the different tasks. The model backbone is illustrated as “PET body” following the
naming scheme of Ref. [214]. This figure was previously published in Ref. [5].
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Figure 9.2: Downstream classification results with the medium model size as a function of
the downstream dataset size. The left plot shows the results obtained with single-objective
pre-training and the right plot those obtained with multi-objective pre-trainings. This figure
was previously published in Ref. [5]. Uncertainties are estimated by reporting the mean and
standard deviation across three classification trainings (with different random seeds) for each
configuration.

section 4.3.3). During pre-training, the model uses features of all three feature categories
(kinematics, PID, trajectory displacement) as input, similar to the model introduced in
chapter 5. However, PID features as well as trajectory displacement information are passed
through LayerDrop layers before entering the backbone. During training, these layers ran-
domly drop those features with a fixed probability and set them to zeros such that the model
is also trained for cases where this information is not available [210, 211]. The generative
task and the MPM task are implemented such that they only predict the kinematic features
of the jet constituents, i.e. the generative model generates the four kinematic features (𝑝T,
Δ𝜂, Δ𝜙, 𝐸), and the MPM task regresses those features for the masked particles. The model
backbone is based on the point-edge transformer (PET) architecture [210, 211, 214] which
includes a local embedding block and a physics-informed attention bias [110], as well as
registers [170]. The task-specific heads include smaller-sized transformer blocks that further
process the backbone representation.

Three model sizes are investigated following the naming convention from Ref. [214]: mi-
cro (∼ 100 k parameters), small (∼ 7 M parameters), and medium (∼ 51 M parameters).
Downstream performance is studied as a function of the downstream dataset size. The
classification task on the public top tagging benchmark dataset (see section 4.3.1) is used to
evaluate downstream classification performance. The downstream dataset size 𝑁 is varied
over 𝑁 ∈ {103, 104, 105, 1.2 ⋅ 106} and the background rejection 1/𝜖bkg, evaluated at a signal
efficiency of 30 %, is used to quantify the top tagging performance. That is, the decision
boundary on the classifier output is chosen such that 30 % of the 𝑡 → 𝑏𝑞 ̄𝑞′ jets have a top-
jet probability larger than this boundary. Figure 9.2 shows the classification results of the
fine-tuned models compared to the from-scratch baseline of the medium model size. The
overall trend of the classification performance as a function of the downstream dataset size,
and how it compares to the corresponding baseline, is found to be similar for the different
model sizes [5]. The comparison of the single-objective pre-trainings (left plot in Figure 9.2)
shows that pre-training on classification, i.e. on the same task as the downstream task ex-
cept for it being a new dataset, leads to the best performance, with clear performance gains
at all downstream dataset sizes. The two other single-objective pre-trainings behave very
differently. Fine-tuning after pre-training with MPM leads to a background rejection worse
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Table 9.1: Generative results of the models (small model size) trained on 𝑁 = 550 k jets
for a selection of the evaluated features. The values represent the Wasserstein distance 𝑊1
between generated jets and jets from the JetNet dataset, averaged over all jet types. These
results were previously published in Ref. [5].

𝜏21 𝜏32 Jet energy Jet mass
×10−2 ×10−2 (GeV) (GeV)

From Scratch 2.0 ± 0.3 2.1 ± 0.5 8.0 ± 1.2 0.9 ± 0.1
Generator 1.9 ± 0.3 2.0 ± 0.4 9.0 ± 2.3 1.2 ± 0.3
Classifier + Generator + MPM 1.2 ± 0.1 1.4 ± 0.4 8.1 ± 1.4 0.8 ± 0.2
Classifier + Generator 1.1 ± 0.2 1.4 ± 0.3 7.6 ± 1.2 0.7 ± 0.1
Generator + MPM 1.2 ± 0.2 1.4 ± 0.3 8.6 ± 1.3 0.9 ± 0.1
Classifier 3.6 ± 0.5 3.3 ± 0.6 9.2 ± 1.5 1.1 ± 0.2
MPM 3.0 ± 0.4 2.5 ± 0.6 9.2 ± 2.2 1.0 ± 0.2
Classifier + MPM 4.8 ± 0.8 4.0 ± 0.8 8.5 ± 1.4 1.2 ± 0.2

than the from-scratch baseline for 𝑁 = 1 k and 𝑁 = 10 k. For larger downstream dataset
sizes, pre-training on MPM leads to a performance increase over the from-scratch baseline,
but does not reach the background rejection achieved with classification pre-training. It
should be noted that this trend is different for the small and micro model sizes, where
the MPM-pre-trained models perform at least as well as the from-scratch baseline for all
dataset sizes [5]. This indicates that larger models struggle to adapt from the representation
learned during MPM pre-training to the classification task. Pre-training on the generative
task alone does not result in a performance gain at any downstream dataset size. This is
especially interesting as pre-training on jet generation with NTP (as opposed to flow match-
ing) is found to lead to a performance gain in downstream classification [2, 4]. However, a
direct comparison with the studies in chapters 6 and 8 is difficult, as those two works use
different model architectures than the one here, and thus compare the fine-tuned models to
different baseline models. A controlled study that compares the two generative pre-training
approaches directly would be a valuable future study. Pre-training on multiple objectives at
the same time (right plot in Figure 9.2) shows that the combined pre-trainings all result in
comparable downstream classification performance, with the only exception being the com-
bination Generator+MPM. The other multi-objective pre-training methods all contain the
classification objective, which is presumably the dominating component for this trend. As
for the Generator+MPM pre-training, the medium model benefits from this pre-training for
dataset sizes larger than 100 k. These results might seem like the best way to pre-train a
model for downstream classification is to simply stick with pure classification for pre-training
as well. However, additional studies revealed that the downstream performance as a function
of the pre-training steps is more stable when combining the classification objective with the
generative objective [5].

To evaluate the generative downstream performance, the pre-trained models are fine-
tuned to jets from the JetNet dataset (see section 4.3.2). Three downstream dataset sizes
𝑁 are studied: 10 k, 100 k and 550 k. The quality of the generated jets is evaluated both on
particle level and on jet level. The agreement of the generated jets with the target distribution
is quantified by calculating the Wasserstein distance 𝑊1 for a large set of features, with
smaller 𝑊1 values indicating better agreement between the distributions. These metrics are
calculated for each jet type individually, and subsequently averaged. The micro and the
medium model sizes are found to struggle with the generative task, compared to the small
model [5]. In the case of the micro model size this is likely due to the model simply being
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Figure 9.3: Generative performance of the small model. The upper panel (a) shows the
relative performance as a function of the downstream dataset size 𝑁 , denoted in the figure
as 𝑁JetNet. The performance is shown relative to the performance of the model trained with
550 k JetNet jets, i.e. the 𝑦-axis shows (𝑊1(𝑁) − 𝑊1(550 k)) /𝑊1(550 k). The lower panel (b)
shows the corresponding metrics as a function of the training epoch for the models trained
with the largest dataset size (i.e. 𝑁 = 550 k). The horizontal line in (b) shows the final
performance (at epoch 520) of the from-scratch baseline. Uncertainties are estimated with
bootstrapping: the metrics are calculated five times, each time drawing 10 k jets from both
the generated jets and the JetNet dataset.

too small for this task. That the medium model performs worse than the small model could
be due to the fact that the medium-sized model might need a larger dataset to make use
of the increased number of parameters compared to the small model size. This summary
thus focuses on the small model size for the generative downstream task. The metrics of
the generative model trained on 550 k JetNet jets, i.e. the largest downstream dataset size,
are shown in Table 9.1. The best generative performance is achieved when the model is
pre-trained at least partially on the generative task, as can be seen in the corresponding 𝑊1
values in Table 9.1. The model pre-trained on the generative task alone performs on par with
the from-scratch baseline whereas the models pre-trained jointly on generation and one or
more other tasks perform better than the from-scratch model. Models that were pre-trained
without the generative objective perform worse than the from-scratch baseline, indicating
that those combinations of objectives are not well-aligned with the generative downstream
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task.
Figure 9.3a shows the relative performance difference as a function of the downstream

dataset size 𝑁 with respect to the models trained with 550 k jets, thus illustrating how
close to that performance the models with a smaller downstream dataset get. A substantial
improvement is seen in the jet energy 𝑊1, with the relative improvement between the smallest
and largest dataset size ranging from 100 % with generative pre-training to 400 % for the
from-scratch baseline. The subjettiness ratio features also show significant improvements
when comparing the smallest (10 k) and the largest (550 k) dataset size ranging from around
50 % to 250 %. From-scratch models benefit the most from the increased downstream dataset
size, while the pre-trained models are closer to the corresponding 𝑁 = 550 k performance
already at smaller downstream dataset sizes.

In addition to the overall downstream performance and its dependency on the down-
stream dataset size, the convergence speed of the individual trainings is studied as well.
This is visualized in Figure 9.3b, which shows the performance of the models trained with
𝑁 = 550 k as a function of the training epoch. The trend in the convergence speed de-
pends on the feature. For instance, the jet energy (right plot in Figure 9.3b) shows no clear
improvement in convergence speed when pre-trained. Other features like the subjettiness
ratios (left and middle plot in Figure 9.3b) show a clear improvement in convergence speed.
Most notably, in 𝜏21 and 𝜏32, the models pre-trained on the generative task combined with
MPM, classification, or both, already reach better performance than the final (= epoch 520)
from-scratch model after 100 or 200 training epochs.

These results provide a comprehensive study of how different supervised (classification)
and unsupervised (generation and MPM) pre-training objectives as well as combinations of
those affect the downstream performance in classification and generation. In downstream
classification, the largest improvement is seen with pure classification pre-training, whereas
combining classification with generative pre-training is found to lead to more stable pre-
trained checkpoints. Pre-training on the flow-matching target alone, however, does not
lead to a downstream performance gain in the classification task. Downstream generative
performance, on the other hand, is found to only benefit from pre-training if the flow-
matching objective is already included in the pre-training itself. Using a diverse combination
of pre-training tasks therefore increases the range of downstream tasks that benefit from the
pre-training as it reduces over-specialization of the pre-trained model, and can provide a
balance between the individual, per-task achievable downstream performance gains and the
breadth of different downstream tasks. Future studies will be needed to understand the
apparent orthogonality of the generative downstream task and the classification task. Even
more, future work should investigate the two different generative model paradigms, flow
matching and NTP, and compare them in a controlled study.
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The concept of foundation models [26] is a promising direction for machine learning ap-
plications in particle physics [198]. Pre-trained on large datasets, foundation models can
substantially enhance downstream performance on a variety of tasks. To this end, appro-
priate pre-training methods need to be developed for foundation models in particle physics.
While pre-training methods from other fields like NLP or computer vision can serve as useful
inspiration, implementing those methods in particle physics is not straightforward. The field
of particle physics comes with its own challenges but also with advantages. On the one hand,
collider experiments record huge amounts of data, which makes simulation-free pre-training
methods an attractive choice as they enable pre-training on measured data directly. On the
other hand, the HEP community has developed tools that yield incredibly high-fidelity simu-
lated data, which means that supervised pre-training methods are not categorically excluded
as it is the case in many other fields where labeled datasets are scarce.

Over the last years, different pre-training methods were developed for particle physics,
including masked modeling [222, 223, 226, 227], generative pre-training [2, 4], contrastive
learning [228, 229, 231], self-distillation [235], and supervised approaches [110, 210, 211,
214, 236, 237]. This thesis presented multiple studies that contribute to the development
of foundation models for particle physics, focusing on models that can generate and classify
particle jets.

First, a flow-matching based generative model was developed [1]. This model is the first
model that can generate not only the kinematic information of jet constituents, but also
their particle-ID and trajectory displacement information.

The second study focuses on generative pre-training for jet foundation models [2]. This
is realized by using the concept of next token prediction (NTP)-based pre-training on fully-
tokenized particle jets, and investigates both jet generation and jet classification. The down-
stream classification task shows substantial performance gains when the model is pre-trained
with NTP. Thus, this work demonstrates successful transfer learning between the jet gener-
ation task and jet classification, making this model, named OmniJet-𝛼, the first cross-task
foundation model for particle physics.

Given that NTP-based pre-training does not require external labels, it can be performed
on measured data directly. This is studied in the third contribution [3] of this thesis. That
work investigates the pre-training of a generative model with NTP on jets extracted from
open data from the CMS experiment with subsequent fine-tuning to the generation of explicit
jet types (𝑞/𝑔 and 𝑡 → 𝑏𝑞 ̄𝑞′) from a public benchmark dataset. Significant performance gains
are observed when fine-tuning the pre-trained model with a small downstream dataset, thus
demonstrating that pre-training on real collider data can lead to a downstream performance
improvement. Additionally, this shows successful transfer learning within the jet generation
task in a scenario with a large domain shift between the datasets used for pre-training and
fine-tuning, respectively.

Next, multiple improvements are introduced to the original OmniJet-𝛼-framework, ad-
dressing previous limitations of NTP-based pre-training for jet foundation models [4]. Instead
of using the integer token-IDs obtained from tokenization, a hybrid setup is adapted. This
hybrid setup uses continuous vectors as model input, while only keeping the token-IDs in
the NTP target. As a result, the performance in the downstream classification task is signif-
icantly increased, while maintaining the generative capabilities attained from the generative
pre-training. Furthermore, a joint pre-training method is introduced in this work, combining
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NTP-based pre-training with the closely related MPM [222, 223]. A direct comparison of
NTP, MPM and the joint NTP+MPM shows that pure MPM yields the best downstream
classification, and clearly outperforms pre-training solely on NTP. The joint NTP+MPM
pre-training method, however, offers a clear enhancement in downstream classification per-
formance compared to pre-training on NTP alone. As opposed to NTP, MPM is just a proxy
task for pre-training and does not yield a generative model. Simultaneously pre-training on
both NTP and MPM does not harm the generative capabilities of the pre-trained model.
This makes the combination NTP+MPM a powerful pre-training task for downstream clas-
sification while still benefitting from the generative nature of the NTP pre-training task.

The final contribution [5] presented a comparison study that evaluates different pre-
training targets: classification, MPM, and jet generation via flow matching. This study
thus provides a comparison of both supervised and unsupervised (= label-free) pre-training
methods, and how those affect the performance of downstream jet classification and jet
generation. Pre-training on classification was found to drastically boost downstream classi-
fication performance, outperforming both MPM and generative flow matching pre-training.
In contrast, flow matching based pre-training alone is not found to improve downstream
classification. However, similar to what was seen for NTP-based generative pre-training,
combining the flow matching target with MPM improves downstream classification perfor-
mance. No performance gain is seen in the generative downstream task, unless the generative
task was already included during the pre-training. This shows the importance of aligning
the pre-training task(s) and the downstream tasks.

As of now, it appears that combining multiple tasks is a promising way forward for foun-
dation model pre-training in HEP. This yields significant performance gains in downstream
tasks, while at the same time avoiding over-specialization during pre-training, thus offering
an advantage to a range of downstream tasks. Different directions for future work arise from
this work. First, existing pre-training methods should be further enhanced. As for NTP, this
concerns more studies regarding high-resolution tokenization of jets. Tokenization can be
challenging when extending the feature set [4]. Additionally, Ref. [277] found that binning-
based tokenization of particle jets can lead to undesirable artifacts, and suggested that it
should be investigated if those findings also affect VQ-VAE-based tokenization. Future
studies in this direction would thus be valuable in order to verify the usability of generative
models obtained from NTP pre-training with VQ-VAE-based tokenization.

Next, multiple generative pre-training paradigms for jet foundation models have been
proposed thus far, including NTP [2, 4], diffusion [210, 211], flow matching [214], as well as
set-to-set flow matching [223]. A thorough comparison of those methods, both in terms of
their generative capabilities and their effect on other downstream tasks, would be valuable
to navigate future efforts.

Finally, the development of foundation models for particle physics is still in its early
stages, and was thus far mostly focused on proof-of-concept studies on public datasets. Fu-
ture efforts should adapt methods developed in those proof-of-concept studies within exper-
imental collaborations to fully exploit the potential of foundation models in particle physics.
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Flow matching beyond kinematics: Generating jets with particle
identification and trajectory displacement information
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We introduce the first generative model trained on the JetClass dataset. Our model generates jets at the
constituent level, and it is a permutation-equivariant continuous normalizing flow (CNF) trained with the
flow matching technique. It is conditioned on the jet type, so that a single model can be used to generate
the ten different jet types of JetClass. For the first time, we also introduce a generative model that goes
beyond the kinematic features of jet constituents. The JetClass dataset includes more features, such as
particle-ID and track impact parameter, and we demonstrate that our CNF can accurately model all of these
additional features as well. Our generative model for JetClass expands on the versatility of existing jet
generation techniques, enhancing their potential utility in high-energy physics research, and offering a
more comprehensive understanding of the generated jets.

DOI: 10.1103/PhysRevD.111.052008

I. INTRODUCTION

Recently there has been considerable interest and activity
in generative modeling for jet constituents. While shower-
ing and hadronization with standard programs such as
PYTHIA [1] and Herwig [2] are not a major computational
bottleneck at the LHC [3], learning the properties of jets
from data still has interesting potential applications. For
example, generative modeling at the jet constituent level
can be used to improve the performance of anomaly
detection [4] techniques, since this allows to cover the
full phase space instead of using solely high-level features
that are calculated from the jet constituents.
More generally, learning jets is an interesting laboratory for

method development. In particular, it has been fruitful and
effective to view the jet constituents as a high-dimensional
point cloud, and to devise methods for point cloud generative
models that incorporate permutation invariance. This route
has led to a number of state-of-the-art approaches, recently
explored in [5–14], that combine different permutation-
invariant layers such as transformers [15] and the equivariant
point cloud (EPiC) layer [7], with state-of-the-art generative
modeling frameworks such as diffusion [16–20] and flow
matching [21–24]. Successful models developed for jet

point clouds can also potentially be adapted to other
important point cloud generative modeling problems such
as for fast emulation of Geant4 [25–27] calorimeter showers
[11,13,28,29]. Finally, while event generation with gen-
erative models has concentrated primarily on low multi-
plicities and fixed structures [30–35], recent, permutation
invariant approaches that allow for dynamic multiplicities
exist as well [36,37].
So far, efforts for jet generation have focused almost

exclusively on the JetNet dataset of Refs. [38,39]. Originally
generated by [40], this dataset was subsequently adopted
in the works of Ref. [5] as a benchmark dataset for jet
generative modeling. However, the JetNet dataset has a
number of drawbacks that are readily becoming apparent.
First, its limited size (180 000 jets per jet type) means there
are not enough jets in JetNet to facilitate the training of state-
of-the-art generative models as well as metrics such as the
binary classifier metric [41,42] which require additional
training data. Second, JetNet uses small-radius (R ¼ 0.4) jets
(although the description in [5] incorrectly states a cone-
size of R ¼ 0.8 which is in disagreement with the observed
angular distribution of constituents). This can lead to decay
products not being fully contained in the jet, which can be
seen, e.g., in distributions such as the jet mass for top
quarks, where there is a prominent secondary mass peak
(as can be seen, e.g., in [14], Fig. 4). Finally, JetNet focuses
solely on the kinematics of the jet constituents, whereas
there is a wealth of additional information inside the jets
that could also be modeled, such as trajectory displacement,
charge, and particle ID as illustrated in Fig. 1.
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In this work, we introduce the first generative model for
jet constituents trained on the larger and more substantial
JetClass dataset [43]. Other than demonstrating that existing
techniques scale well to this new dataset, we also tackle
new challenges introduced by the JetClass dataset, including
the additional features mentioned above. We show that a
single architecture consisting of a continuous normalizing
flow (CNF) [44] constructed out of EPiC layers and trained
with the flow matching technique [21–24] can learn to
model all ten jet types and all features of JetClass well, both
kinematics and beyond. Using the much larger statistics
provided by JetClass we also train binary classifier metrics on
the generative model for the first time, which allows us to
further evaluate our results.
The rest of this paper is structured as follows: Sec. II

describes the JetClass dataset in more detail; Sec. III intro-
duces the used generative model; Sec. IV provides an
overview of the generative performance; and finally Sec. V
concludes this work.

II. DATASET

We use the JetClass dataset [43], originally introduced in
Ref. [45]. This dataset encompasses various features both
on jet level and on jet constituent level for ten different
types of jets initiated by gluons and quarks (q=g), top
quarks (t), as well asW, Z, andH bosons. Jets initiated by a
top quark or a Higgs boson are further categorized based on
their different decay channels, resulting in the following ten
categories: q=g, t → bqq0, t → blν, Z → qq̄, W → qq0,
H → bb̄, H → cc̄, H → gg, H → 4q, and H → lνqq0.

The jets are extracted from simulated events that are
generated with MadGraph5_aMC@NLO [46]. Parton showering
and hadronization is performed with PYTHIA [1] and
detector effects are simulated with DELPHES [47] using
the CMS detector [48] card. The jets are clustered with the
anti-kT algorithm [49] with a jet radius of R ¼ 0.8. Jets are
required to have a transverse momentum of 500 GeV <
pjet
T < 1000 GeV and a pseudorapidity of jηjetj < 2.

Furthermore, for all jets, except for the q=g jets, only
those that contain all decay products of the boson or top
quark are considered in the dataset.
Representative distributions of some of the features

available in the JetClass dataset are presented in Fig. 2,
illustrating substantial distinctions among the various jet
categories. As can be seen in Fig. 2(a), the dataset covers jet
types with a large variety of number of jet constituents.
Additionally, Fig. 2(b) illustrates the expected tails of varying
extents in the trajectory displacement. Notably, jet categories
that do not include b quarks or c quarks have a rather narrow
peak around 0, while jet categories that do include those
types of quarks have a more spread out distribution,
corresponding to the long lifetime of b- and c-hadrons.
The features that are used by our model are listed with the

corresponding definitions in Table I. By conditioning our
model on the jet type, we can train one model that is capable
of generating all ten jet types. Furthermore, the jet transverse
momentum pjet

T and the jet pseudorapidity ηjet are used as
conditioning features in order to be able to obtain the
nonrelative constituent-level features after jet generation.
The kinematic features of the jet constituents are

measured relative to the jet axis. i.e.,

ηrel ¼ ηconst − ηjet ð1Þ

ϕrel ¼ ϕconst − ϕjet ð2Þ

prel
T ¼ pconst

T =pjet
T : ð3Þ

The trajectory displacement features as well as the discrete
particle identification features are taken directly from the
JetClass dataset. The jet constituents are assumed to be
massless, as we do not include the particle energy in our
model. In total, our model thus utilizes 13 constituent
features to comprehensively characterize the constituents
within generated jets. This set of features represents all
available constituent features, from the JetClass dataset, with
the only exception being the constituent energy.

III. MODEL

Overall, we follow the recent flow matching paradigm
[21–24], using Gaussian probability paths as explained
in Ref. [14].
The architecture of our model is based on the equivariant

point cloud flow matching (EPiC-FM) model which was

FIG. 1. Schematic overview of the different jet constituent
features available in the JetClass dataset. The horizontal line at the
bottom represents the beam axis and the circle on this line
represents the primary vertex (PV).
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TABLE I. Features used for the studies in this paper. All features are either taken directly from the JetClass dataset or calculated from
existing entries in the JetClass dataset. The model is conditioned on the jet features (first block) during generation. The remaining features
are the constituent features our model is trained to generate.

Category Variable Definition

Jet features Jet type Indicating the type of the jet (i.e., t → bqq0; q=g;…)
nconst Number of constituents in the jet
pjet
T

Transverse momentum of the jet

ηjet Pseudorapidity of the jet

Kinematics ηrel Difference in pseudorapidity η between the constituent and the jet axis
ϕrel Difference in azimuthal angle ϕ between the constituent and the jet axis
prel
T Fraction of the constituent pT and the jet pT

Trajectory displacement d0 Transverse impact parameter value
dz Longitudinal impact parameter value
σd0 Error of measured transverse impact parameter
σdz Error of measured longitudinal impact parameter

Particle identification Charge Electric charge of the particle
isChargedHadron Flag if the particle is a charged hadron (|pid|==211 or 321 or 2212)
isNeutralHadron Flag if the particle is a neutral hadron (|pid|==130 or 2112 or 0)

isPhoton Flag if the particle is a photon (pid==22)
isElectron Flag if the particle is an electron (|pid|==11)
isMuon Flag if the particle is a muon (|pid|==13)

FIG. 2. Overview of some of the features from the JetClass dataset: (a) shows the number of jet constituents, (b) shows the significance
of the transverse impact parameter d0, (c) shows the fraction of the jet pT carried by the jet constituent, and (d) shows the difference ηrel

between the constituent pseudorapidity and the jet axis. The impact parameter significance d0=σd0 is only shown for charged particles
since the impact parameter is 0 for neutral particles. The number of jet constituents is a jet-level feature our model is conditioned on
while the remaining features correspond to constituent-level features that our model generates.
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introduced in Ref. [14]. It uses EPiC layers [7] to transform
jet constituents as point clouds while preserving permuta-
tion symmetry. Besides the point cloud, EPiC layers also
take as input a global context vector, which learns to encode
higher-level information about the whole point cloud
by using both mean and sum aggregation over the points.
The use of the global context vector is responsible for the
computational efficiency of the EPiC layers—unlike the
quadratic scaling for architectures that include edge fea-
tures between all pairs of points (such as transformers), the
computational cost of EPiC layers only scales linearly with
the number of points. Compared to the model in Ref. [14],
the hyperparameters were adapted to obtain good perfor-
mance with the increased complexity of the JetClass dataset:
the number of EPiC layers was increased from 6 to 20, the
embedding dimension was increased from 128 to 300, and
the global vector dimension was increased from 10 to 16. A
full list of the specific hyperparameters of the model is
summarized in Appendix A, Table V.
The jet-type conditioning is realized with a one-hot

encoding, while the jet transverse momentum pjet
T and jet

pseudorapidity ηjet are used without any preprocessing. For
jet generation, we fit a kernel density estimator (KDE) to
the jet features (pjet

T , ηjet, and nconst) for each jet type
individually, and sample from the KDE to obtain the
conditioning features and the number of constituents for
the generated jets. Since the KDE samples are continuous,
we round the number of constituents to the nearest integer
and clip all three features to the minimum and maximum
values found in the training dataset. A verification that the

KDE samples are representative of the JetClass dataset is
shown in Fig. 3. For each jet, our model acts on a tensor
of shape ðN;CÞ, with N ¼ 128 being the maximum
number of jet constituents and C being the number of
constituent features. To generate jets with fewer constitu-
ents (nconst < 128), we apply a binary mask throughout
training; this ensures that the inputs and outputs of the EPiC
layers are valid and in particular guarantees that the mean
and sum aggregation steps within the EPiC layers are
correctly normalized. The particle features are shifted to
mean 0 and scaled to the same standard deviation.
Furthermore, only particles with jηrelj < 1 are considered
to remove a few particles in the tails of this distribution.1

The model is trained for 500 epochs with a training
sample size of 3M jets (300 000 jets per jet type).2

The AdamW optimizer [50] is used with a maximum
learning rate of 0.001 and weight decay of 5 × 10−5. The
learning rate is scheduled with a cosine-annealing learning

FIG. 3. Pair plot of the jet features of the JetClass dataset and the KDE samples for the t → bqq0 and q=g jet types. The features
generated by the KDE are used as conditioning features for the final generative model. The diagonal shows the distribution of the
individual features, while the off-diagonal plots show the correlation between the features. The lines in the off-diagonal plots correspond
to iso-proportions (20%, 40%, 60%, and 80%) of the density (e.g., 20% of the data points are outside the 20% line). Each of the 4 plotted
datasets contains 100 000 jets.

1The jets in the JetClass dataset are reported to correspond to a
jet radius of R ¼ 0.8, but some jet constituents have jηrelj > 0.8.
However, most of the constituents fall into jηrelj ≤ 0.8, so only a
very small fraction of jet constituents is removed by this cut.

2It should be noted that this is just a small fraction (3%) of the
training jets available in the JetClass dataset. Training with 5M
instead of 3M jets did not show significant improvements in some
preliminary trials. Given this, and the large potential computing
expense from scaling up, we limited the training set size to this
small fraction of JetClass in this first study. We still benefited from
the larger size of JetClass in that it enabled us to train the binary
classifier metrics.
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rate scheduler with a linear warm-up period over 20 epochs.
The model after the last epoch is chosen for evaluation.3 For
the jet generation, we use the midpoint ODE solver, a 2nd
order Runge-Kutta variant. After jet generation, the prel

T
values of the generated jet constituents are clipped to the
minimum and maximum values that are found in the
training dataset. Furthermore, the electric charge is rounded
to the nearest integer within f−1; 0; 1g. The remaining
discrete particle-identification features are postprocessed
with an argmax operation such that the particle-ID feature
with the maximum value is set to 1 and the remaining ones
are set to 0. This ensures that generated particles are
unambiguously assigned to one particle type. It should
be noted that this might not be the ideal handling of such
discrete features, which could be improved and further
investigated in future work. The model is implemented in
PyTorch [51] using PyTorch lightning [52].

IV. RESULTS

In the following, we first evaluate the distributions of the
constituent-level features that the model was trained on.
Afterward, we evaluate jet-level features that are derived
from the constituent-level features, namely the jet mass, the
N-subjettiness [53] ratios4 τ32 and τ21 as well as theD2 [55]
observable, which is a ratio of energy correlation func-
tions [56]. Lastly, we train a binary classifier as in Ref. [41]
to distinguish between real jets from the JetClass dataset and
jets generated by our model, which allows us to evaluate the
quality of the generated jets further.
For the evaluation of our model, we generate 5M

jets (i.e., 500 000 jets per jet type) and evaluate the differ-
ent feature categories separately. Instead of using the
Wasserstein-1 distance as a metric for the agreement
between the generated and the target distribution as in
[5,7,8], we are following [14] and using the Kullback-
Leibler (KL) divergence KLðpJetClassjjpEPiC-FMÞ. As
explained there, this metric choice is motivated by the
fact that the Wasserstein-1 distance is well-suited for
detecting distributions with different support, but can lead
to misleading results for cases where the distributions
have the same overlapping support but differ mainly in
their shapes.
The KL divergence values are calculated by splitting the

generated jets and the JetClass jets into 10 batches of 50 000
jets each and then calculate the KL divergence for each
batch. This allows us to evaluate the uncertainty of the KL
divergence to be able to quantitatively compare it to the

truth distribution. The reported values are the mean of those
10 individual KL divergence values and their standard
deviation. For the truth values of the KL divergence, we
take two independent samples of the test dataset and then
calculate the KL divergence between those two samples
using the same procedure as when comparing the real and
generated jets. The bin edges of the binned probability
distributions are constructed by calculating 100 equiprob-
able quantiles from the target distribution and setting the
edges of the outermost bins to the minimum and maximum
values found in the target distribution. Outliers of the
distribution from the generated jets are put into the first
and last bin.

A. Jet constituent modeling

A comparison of the kinematic features of the jet
constituents is shown in Fig. 4. For this comparison, we
chose to compare t → bqq0 jets and q=g jets, since those
two types of jets have distinct characteristics in both the ηrel

and the prel
T distribution. While particles in t → bqq0 jets

have on average a larger ηrel and thus have an overall wider
ηrel distribution, q=g jets are more collimated, resulting in a
sharper ηrel peak around ηrel ¼ 0. Concerning the prel

T
distribution, t → bqq0 jets are expected to show a smaller
tail toward larger prel

T values, since t → bqq0 jets contain on
average more constituents and thus the jet pT is distributed
over more particles, leading to smaller prel

T values. The
generated distributions of all three kinematic features
agree very well with the corresponding distribution from
the JetClass dataset, showing that our model is capable of
generating jets of very different kinematic properties. This
is also confirmed by the KL divergence values listed in
Table II, which only have a small deviation from the truth
values. In addition to that, Fig. 5 shows a pair plot of the
kinematic features of the jet constituents, confirming that
the model accurately captures the correlations between
those features.
A comparison of the trajectory displacement modeling is

shown in Fig. 4 for H → bb̄, H → cc̄, and H → gg jets.
Due to the long lifetime of b- and c-hadrons, the trajectory
displacement of jet constituents associated with those
hadrons is expected to be on average larger than for other
jet constituents. Thus, the trajectory displacement distri-
butions of H → bb̄ and H → cc̄ jets are expected to be
wider than the trajectory displacement distribution of
H → gg jets. Since the trajectory displacement is by
definition zero for neutral particles in the JetClass dataset,
only charged particles are considered in the histograms in
Fig. 4. For all three jet types, the histograms of the
generated jets agree very well with the histograms of the
real jets, showing that our model is capable of correctly
modeling the trajectory displacement of the jet constituents.
Notably, our model is able to catch the essential differences
between the trajectory displacement distributions of

3Given that the training of this model is very stable, the last
epoch essentially also corresponds to the epoch with the lowest
loss. Thus, for simplicity the model from the last epoch was
chosen.

4For the calculation of the subjettiness, the particles are clustered
into two and three subjets with the kt-algorithm and the winner-
takes-all clustering scheme using SCIKIT-HEP/FastJet [54].
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TABLE II. Kullback-Leibler divergence of constituent-level features with respect to the JetClass dataset.

KLprel
T ð×10−3Þ KLηrelð×10−3Þ KLϕrelð×10−3Þ KLd0=σd0 ð×10−3Þ KLdz=σdz ð×10−3Þ

Truth (q=g) 0.05962� 0.01034 0.08033� 0.00970 0.07218� 0.01001 0.13298� 0.01427 0.11914� 0.01577
EPiC-FM (q=g) 0.07320� 0.00713 0.13035� 0.02168 0.11907� 0.01153 2.22425� 0.06336 3.90859� 0.08540

Truth (H → bb̄) 0.04807� 0.00391 0.07479� 0.01215 0.06021� 0.00821 0.10227� 0.01019 0.09546� 0.01107
EPiC-FM (H → bb̄) 0.07047� 0.00836 0.12195� 0.02243 0.11699� 0.02247 2.64120� 0.08700 1.48675� 0.07362

Truth (H → cc̄) 0.05415� 0.00703 0.07489� 0.01378 0.08457� 0.01507 0.10597� 0.01915 0.10944� 0.02522
EPiC-FM (H → cc̄) 0.07762� 0.00683 0.11306� 0.01941 0.13436� 0.00885 2.81678� 0.10350 2.03249� 0.08109

Truth (H → gg) 0.03438� 0.00247 0.05780� 0.01550 0.05272� 0.00820 0.07463� 0.01375 0.07582� 0.00945
EPiC-FM (H → gg) 0.05684� 0.00901 0.10059� 0.01345 0.10103� 0.01414 2.38777� 0.09853 3.75019� 0.13275

Truth (H → 4q) 0.03950� 0.00466 0.05703� 0.00719 0.05324� 0.01082 0.08051� 0.01142 0.08549� 0.01939
EPiC-FM (H → 4q) 0.05688� 0.00626 0.11775� 0.01993 0.10621� 0.01515 2.30474� 0.07151 3.37262� 0.12772

Truth (H → lνqq0) 0.07116� 0.01293 0.09878� 0.02302 0.09697� 0.01441 0.13964� 0.01103 0.13760� 0.01663
EPiC-FM (H → lνqq0) 0.10317� 0.01354 0.15427� 0.02272 0.13721� 0.00855 2.11118� 0.07543 2.70495� 0.09921

Truth (Z → qq̄) 0.06101� 0.00819 0.07686� 0.01193 0.07736� 0.01304 0.13846� 0.03211 0.13434� 0.01236
EPiC-FM (Z → qq̄) 0.07360� 0.00982 0.14488� 0.02458 0.12659� 0.01858 3.26740� 0.17081 2.17424� 0.13619

Truth (W → qq0) 0.06281� 0.01084 0.08797� 0.00950 0.08648� 0.00847 0.12368� 0.01451 0.13684� 0.01732
EPiC-FM (W → qq0) 0.08246� 0.00768 0.14039� 0.02249 0.13022� 0.01662 2.17685� 0.04841 2.70335� 0.11423

Truth (t → bqq0) 0.04260� 0.00667 0.05973� 0.00491 0.05715� 0.00749 0.07989� 0.01026 0.08392� 0.00982
EPiC-FM (t → bqq0) 0.08227� 0.01122 0.08847� 0.01358 0.09984� 0.01072 1.84127� 0.06797 1.86226� 0.10431

Truth (t → blν) 0.07229� 0.01400 0.12652� 0.01816 0.14858� 0.03336 0.14958� 0.01513 0.15891� 0.02089
EPiC-FM (t → blν) 0.10641� 0.01623 0.19671� 0.03365 0.18488� 0.05699 1.78050� 0.08955 1.48676� 0.06308

FIG. 4. Two kinematic features and the trajectory displacement of the jet constituents as generated by our model (solid lines) in
comparison to the distributions obtained from the JetClass dataset (semi-transparent histograms). The upper row shows (a) the relative
transverse momentum and (b) the relative pseudorapidity. The lower row shows (c) the transverse impact parameter significance and
(d) the longitudinal impact parameter significance. Only charged particles are shown in the histograms of the trajectory displacement and
the outermost bins show the underflow and overflow bins.
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FIG. 5. Pair plot of the kinematic features of the jet constituents for the t → bqq0 and q=g jet types illustrating that the model correctly
captures the correlations between the different kinematic features. The lines in the off-diagonal plots correspond to isoproportions (20%,
40%, 60%, and 80%) of the density (e.g., 20% of the data points are outside the 20% line). Each of the 4 plotted datasets contains 100
000 constituents.

FIG. 6. The violin plots illustrate the distribution of fractions for various particle types within jet constituents. The box plots show the
median, the quartiles, and 1.5 times the interquartile range, with a density plot to highlight distribution peaks. Notably, the electron and
muon fractions predominantly peak at zero across most jet types, resulting in box plots positioned near zero.
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H → bb̄, H → cc̄, and H → gg jets, which is an important
feature from the physics point of view. However, as seen
both in the ratio panels in Fig. 4 and in the corresponding
KL divergence values in Table II, the agreement between

the target distribution and the distribution obtained from the
generated jets is worse for the impact parameter features
than for the kinematic features, showing that the modeling
of these distributions is more challenging. This could be

FIG. 7. Jet mass (a) and subjettiness ratios τ32 (b), τ21 (c), and D2 (d) for all ten jet types. The histograms in dotted lines show the
distributions obtained from the JetClass dataset (i.e., real jets) and the solid lines show the histograms obtained from the generated jets.
Jets from the categories H → bb̄, H → cc̄, and H → gg are grouped into one joint histogram for better readability, since the individual
histograms show very similar shapes. All histograms include underflow and overflow bins.
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further optimized in future work by choosing a different
preprocessing for the impact parameter features, by, e.g.,
transforming them using the hyperbolic tangent function,
which would remove the large tails of the distributions.
The evaluation of the particle-ID modeling is shown in

Fig. 6, where we show violin plots and box plots for the
fraction of jet constituents of different particle types for all
ten jet types. The agreement between the generated jets and
the real jets is very good for all jet types, showing that on
average the generated jets contain the same fraction of
different particle types as the real jets. The modeling of the
electric charge also shows very good agreement, which is
shown in Appendix B.

B. Jet substructure modeling

The jet mass mjet, the two subjettiness ratios τ32 and τ21,
and D2 are shown in Fig. 7 for the different jet types. The
real jets are shown in dotted lines while the generated
jets are shown in solid lines. Both the jet mass and the
subjettiness ratio distributions show very good agreement
for all jet types. The largest deviations between the target
distribution and the distribution of the generated jets are
seen for t → bqq0 and H → lνqq0, where the distribution
of the generated jets peaks at a larger value of τ32. This
mismodeling also shows in the values of the KL divergence
which are listed in Table III for some of the jet-level obser-
vables. In addition to the 1-dimensional KL divergence
values, we also evaluate the multidimensional distribution

by calculating the Fréchet physics distance (FPD) as
introduced in [57], which is also listed in Table III. For
the FPD calculation we follow the recommendations from
[57], thus we evaluate the FPD based on a set of 36 EFPs
(all EFPs of degree less than five) and use the JetNet [58]
library to calculate both the EFPs and the corresponding
FPD. Further studies were done to determine whether
narrowing down our model’s features to just kinematics
and whether training solely on t → bqq0 jets enhances the
modeling of the t → bqq0 substructure, which can be found
in Appendix C.

C. Classifier test

In addition to the evaluation presented in the previous
subsections, we also investigate the performance of our
model with the classifier test proposed in Ref. [41]. Thus,
a binary classifier is trained to distinguish between real
jets from the JetClass dataset and generated jets that were
generated with our model. This classifier test is performed
for each jet type separately.
To train the classifier, we use the 500 000 generated jets

and 500 000 real jets from the previous evaluation, and split
them into 250 000, 50 000, and 200 000 jets for training,
validation and testing of the classifier, respectively. The
classifier is trained by fine-tuning the ParT-kin version
from Ref. [45], which means that the last MLP of the ParT
architecture is reinitialized and changed to two output
nodes. The classifier is then trained with real vs generated

TABLE III. Kullback-Leibler divergence of jet-level observables and Fréchet physics distance with respect to the JetClass dataset.

KLmjetð×10−3Þ KLτ21ð×10−3Þ KLτ32ð×10−3Þ KLD2ð×10−3Þ FPDð×10−5Þ
Truth (q=g) 1.96024� 0.22032 1.92403� 0.26225 2.01218� 0.27953 1.91381� 0.39724 7.33742� 3.30663
EPiC-FM (q=g) 2.02494� 0.32759 4.62940� 0.47603 2.27362� 0.25510 4.99645� 0.47051 7.91040� 1.94646

Truth (H → bb̄) 1.92982� 0.20477 1.94963� 0.21244 2.08080� 0.22548 1.97710� 0.22072 9.98274� 5.22338
EPiC-FM (H → bb̄) 3.24668� 0.46254 3.63796� 0.57295 2.68246� 0.34426 3.35243� 0.53867 12.07670� 6.57340

Truth (H → cc̄) 2.04281� 0.31760 2.00572� 0.22876 2.17238� 0.33699 1.90518� 0.17937 9.60921� 4.65058
EPiC-FM (H → cc̄) 4.75491� 0.45220 6.43288� 0.61917 3.05689� 0.48154 3.76940� 0.47839 14.32434� 7.91750

Truth (H → gg) 1.96830� 0.19475 1.83727� 0.26071 1.88056� 0.23067 1.97745� 0.18155 8.65053� 6.80698
EPiC-FM (H → gg) 3.74593� 0.40721 3.84047� 0.59242 2.80906� 0.43111 3.24857� 0.50123 13.46076� 6.72046

Truth (H → 4q) 2.21949� 0.37219 2.09503� 0.30231 1.99994� 0.26632 1.86540� 0.31324 6.77410� 4.52764
EPiC-FM (H → 4q) 5.17950� 0.48399 5.07132� 0.47784 7.51323� 0.66837 3.23005� 0.47515 6.72770� 1.95729

Truth (H → lνqq0) 1.89667� 0.30666 1.93986� 0.26766 2.03454� 0.23668 1.98809� 0.20659 10.00879� 6.87615
EPiC-FM (H → lνqq0) 3.48160� 0.48279 3.45981� 0.43930 9.25649� 0.88029 2.31713� 0.33259 13.79823� 4.53244

Truth (Z → qq̄) 2.06754� 0.17644 1.99159� 0.32238 1.95261� 0.23823 2.04952� 0.19436 7.52867� 3.61417
EPiC-FM (Z → qq̄) 4.81740� 0.54586 3.52108� 0.46385 1.96704� 0.21247 2.44368� 0.25113 10.14084� 5.14489

Truth (W → qq0) 2.05795� 0.39753 2.04785� 0.22169 2.03512� 0.19298 1.99837� 0.24655 7.66854� 5.33720
EPiC-FM (W → qq0) 5.74197� 0.43918 4.26782� 0.63239 2.67976� 0.41067 3.15276� 0.49860 12.76336� 7.56694

Truth (t → bqq0) 1.86110� 0.25434 2.00490� 0.26157 2.06202� 0.24148 1.94072� 0.31298 7.45729� 3.61879
EPiC-FM (t → bqq0) 4.67384� 0.60934 7.52936� 0.76181 30.02929� 1.07748 2.95281� 0.43531 9.22545� 3.82906

Truth (t → blν) 2.00893� 0.14388 1.85344� 0.22582 1.98487� 0.21507 2.00167� 0.27673 8.11577� 5.27167
EPiC-FM (t → blν) 3.38949� 0.23017 5.66341� 0.49231 2.56432� 0.36011 3.75036� 0.46000 7.96196� 4.10444
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jets using the AdamW optimizer [50] with a learning rate
of 0.001 for a few epochs. However, it should be noted
that the classifier training was not extensively optimized.
We noticed that the validation loss converges after just a
few epochs after which the classifier starts to overfit. We
therefore chose to use the model with the highest validation
accuracy before clear signs of overfitting are visible.
The AUC values of the corresponding ROC curves are

shown in Table IV. To estimate the uncertainty of the
classifier scores, five classifiers are trained for H → bb̄ jets
with different random seeds. All classifiers converge at
similar performance, with the standard deviation of the
AUC scores being σAUCðH → bb̄Þ ¼ 0.003. The largest

AUC value is obtained for t → bqq0 jets with an AUC of
0.829, confirming again that this is the most challenging
jet type for our model. The results of the corresponding
classifier test are shown in Fig. 8 in more detail. However,
the AUC value for t → bqq0 jets is still well below 1,
allowing us to investigate the t → bqq0 jets corresponding
to different regions of the classifier output. Therefore,
following Ref. [42], we split the t → bqq0 jets into three
regions, based on their weight w ¼ preal=pgen as illustrated
in Figs. 8(a) and 8(b). The first region contains jets with
w > 2, the second region contains jets with 0.5 < w < 2,
and the third region contains jets with w < 0.5. Thus, the
outer regions correspond to jets that are clearly identified as
either real or generated jets, while the center region
contains jets where the classifier is not able to clearly
distinguish them.
The corresponding subjettiness ratios τ21 and τ32 are

shown in Figs. 8(c) and 8(d) for t → bqq0 jets from the
outer regions. This shows the jet substructure differences
between the t → bqq0 jets that are clearly classified as
either real or generated. t → bqq0 jets that correspond to
w > 2, i.e., jets of which the classifier is rather certain that
they are real jets, have on average a smaller τ32 value than
t → bqq0 jets that are clearly identified as generated jets
(w < 0.5). Therefore, the classifier classifies t → bqq0 jets
that are more 3-pronglike (i.e., with a smaller τ32 value)
as real t → bqq0 jets, while t → bqq0 jets that are less
3-pronglike (i.e., with a larger τ32 value) tend to be

TABLE IV. AUC scores of the classifier test for the ten different
jet types.

Jet type AUC score

q=g 0.681
W → qq0 0.683
Z → qq̄ 0.689
H → lνqq0 0.706
t → blν 0.706
H → bb̄ 0.712
H → gg 0.716
H → cc̄ 0.728
H → 4q 0.809
t → bqq0 0.829

FIG. 8. Results of the classifier test for t → bqq0 jets. (a) shows the classifier output for real and generated jets, as well as the cut values
for the three regions. (b) shows the weight distribution of the generated jets with differently colored histograms for the generated jets
from the different regions. (c) and (d) show the τ21 and τ32 distributions for the real jets and the generated jets from the regions where the
classifier output distribution is dominated by real jets or generated jets.
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classified as generated t → bqq0 jets. Thus, our model
seems to struggle with the modeling of the 3-prong
structure of t → bqq0 jets, which is also consistent with
the results from the previous sections, where we saw that
the τ32 distribution of the generated t → bqq0 jets peaks at a
slightly larger value than the τ32 distribution of the real
t → bqq0 jets. The peak at the larger τ32 value and thus the
overall shift of the distribution is caused by the poorly
modeled jets: given that 61% of the generated t → bqq0 jets
have w < 0.5, the overall τ32 distribution of the generated
jets is dominated by jets with larger τ32. On the other hand,
only 15% of the real t → bqq0 jets have w < 0.5, and 58%
of the real t → bqq0 jets have w > 2, which correspond to
the purple distribution in Fig. 8(d).

V. CONCLUSION

Generative surrogate models of different physical proc-
esses are a powerful new tool with multiple potential
applications. So far, speeding up classical simulations,
either of particle interactions in calorimeters or of the
calculation of matrix elements, has been the primary focus
of research. However, learning surrogate models of jets has
its own interesting aspects: (i) such models can, in
principle, be trained on collider data, allowing the inter-
polation of distributions to estimate backgrounds; (ii) they
can form parts of a fully differentiable analysis and
interpretation chain; (iii) an interpretable version trained
directly on collider data may provide an additional way of
gaining insight into showering and hadronization proc-
esses; (iv) learning jets at the constituent level is a crucial
stepping stone to simulating full events at the finest
granularity; and (v) they provide a meaningful testbed to
benchmark progress in generative models for point clouds.
The main result of this work is that the EPiC-FM [14]

framework can be easily scaled up to more complex
datasets. The move from the JetNet to the JetClass dataset
results in more classes (10 instead of 5), more features per
jet (13 instead of 3), geometrically larger jets (R ¼ 0.8
instead of R ¼ 0.4), and finally more jets available for
training with JetClass containing a factor of 70 more jets per
jet type than JetNet.
Overall we observe an accurate description of physical

quantities. For some individual features and classes, the
agreement between generated data and ground truth is on
the same level as the statistical fluctuations between
different samples drawn from the ground truth distribution.
In general, more complex final states (i.e., multipronged
signals with intermediate resonances) are more difficult to
describe than relatively simple light quark or gluon-
induced jets.
The capability to model quantities beyond jet kinematics

demonstrated here will serve as an important factor in

further increasing the performance of anomaly detection
algorithms. Previous results already showed that going
from a few high-level to many low-level features increases
the maximum achievable significance improvement by
more than a factor of three [4]. Access to trajectory
displacement and particle identification quantities now
enable these models to be sensitive to final states including
b-flavor and for example allow automatically covering
long-lived [59] final states with anomaly detection as well,
greatly increasing their accessible theory phase space.
Finally, the JetClass dataset has sufficient complexity to

serve as a useful next benchmark for generative models
applied to point-cloudlike data. Accordingly, we provide an
extensive set of one-dimensional (KL-divergences) and
multidimensional (classifier scores) evaluation methods for
future reference and comparison.
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APPENDIX A: HYPERPARAMETERS

The hyperparameters used for our generative model
are listed in Table V. This choice of hyperparameters
was found to lead to the best performance among several
different configurations, though they were not extensively
optimized.
The hyperparameters used for the classifier test are

shown in Table VI. The model weights are initialized
using the pre-trained ParT-kin model from [61].
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APPENDIX B: MODELING OF THE ELECTRIC
CHARGE

Similar to the evaluation of the particle-ID features, we
show the distribution and the box plots for the fraction of
particles corresponding to different electric charge values
in Fig. 9.
While the spread is quite large as indicated by the

intervals in Fig. 9, around half of the jet constituents are
electrically neutral and correspondingly around a quarter of
the constituents carries charge −1 and 1, respectively.

APPENDIX C: FURTHER STUDIES FOR
HADRONIC TOP JET MODELING

Since t → bqq0 jets were found to be the most chal-
lenging jet type to model, further studies are performed to
improve and investigate the modeling of those jets. To this
end, we compare our baseline model, which we refer to in
the following as EPiC-FM, to three additional models:

(i) EPiC-FM-top is trained on the same features as the
baseline model, but only the t → bqq0 jets from the
training dataset are used for training.

(ii) EPiC-FM-kin is trained on kinematic features only
(i.e., prel

T , ηrel, and ϕrel) but uses the full training
dataset.

(iii) EPiC-FM-kintop is trained on kinematic features
only (i.e., prel

T , ηrel, and ϕrel) and only uses the t →
bqq0 jets from the training dataset.

The KL divergence values for the jet-level observables
are listed for all models in Table VII and the substructure of
the generated t → bqq0 jets for the three different models is
shown in Fig. 10. It can be seen that the models that are
restricted to kinematic features show better agreement with
the real jets than the two models that are trained on all

TABLE V. Hyperparameters used for the baseline EPiC-FM
model.

Hyperparameter Value

Number of EPiC layers 20
Global dim. in EPiC layers 16
Hidden dim. in EPiC layers 300
ODE solver midpoint
Number of function evaluations 200
Activation function LeakyReLU(0.01)
AdamW [50] learning rate 0.001
Weight decay 0.00005
Learning rate scheduler CosineAnnealing
Linear warm-up 20 epochs
Total number of epochs EPiC-FM: 500

EPiC-FM-kin: 500
EPiC-FM-top: 1000

EPiC-FM-kintop: 1000
Batch size 1024
Trainable parameters 8 504 698
Training jets 3M (300 000 per jet type)

TABLE VI. Hyperparameters used for the classifier test with
the ParT-kin [45] model.

Hyperparameter Value

AdamW [50] learning rate 0.001
Weight decay 0.00005
Learning rate scheduler Constant
Total number of epochs 100
Batch size 256
Trainable parameters 2 141 134
Training jets 500 000
Validation jets 100 000
Testing jets 400 000

FIG. 9. The violin plots depict the distribution of the fraction of
jet constituents with different electric charges. Each panel
includes a box plot that highlights the median, quartiles, and
1.5 times the interquartile range.
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features. This is also confirmed by the KL divergence,
which show that the EPiC-FM-kin model has a signifi-
cantly smaller KL divergence than the EPiC-FM model for
all substructure observables. These observations lead to the
conclusion that the additional features slightly confuse the

modeling of the kinematic features which results in a worse
representation of the substructure. However, the jets are still
modeled well in the case of all features, and the ability to
model the discrete features extends the usability of such
generative models.

FIG. 10. Comparison of the jet substructure of t → bqq0 jets for the four different models. The models EPiC-FM-top and EPiC-FM-
kintop were trained on t → bqq0 jets only.
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The model that is restricted to t → bqq0 jets and kine-
matic features, EPiC-FM-kintop, shows similar improve-
ments as the EPiC-FM-kin model. However, while there is
a slight improvement over the EPiC-FM-kin model in the
KL divergence for τ32, the KL divergence for τ21 and D2 is
slightly larger than for the kin-only model. In the case
where all features are used, i.e., when comparing the EPiC-
FM-top model to the baseline model EPiC-FM, we see an

improvement in τ32, while not seeing an improvement
in the KL divergence of τ21 and D2. Thus, the single jet-
type model performs better than the model that is trained
on all jet types if all features are used, while there is no
clear improvement by training solely on t → bqq0 jets
if only kinematic features are used. All models show
similar performance in the Fréchet physics distance
(FPD) metric.
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Abstract
Foundation models are multi-dataset and multi-task machine learning methods that once
pre-trained can be fine-tuned for a large variety of downstream applications. The successful
development of such general-purpose models for physics data would be a major breakthrough as
they could improve the achievable physics performance while at the same time drastically reduce
the required amount of training time and data. We report significant progress on this challenge on
several fronts. First, a comprehensive set of evaluation methods is introduced to judge the quality
of an encoding from physics data into a representation suitable for the autoregressive generation of
particle jets with transformer architectures (the common backbone of foundation models). These
measures motivate the choice of a higher-fidelity tokenization compared to previous works. Finally,
we demonstrate transfer learning between an unsupervised problem (jet generation) and a classic
supervised task (jet tagging) with our new OMNIJET-αmodel. This is the first successful transfer
between two different and actively studied classes of tasks and constitutes a major step in the
building of foundation models for particle physics.

1. Introduction

Foundation models are a new class of machine learning models which are trained on broad datasets and
problems and are able to generalize to a variety of downstream tasks and datasets [1]. Large-language models
(LLMs) such as BERT [2], BART [3], GPT-3 [4], and LLaMA [5] are examples of foundation models for text
data while DALL-E 2 [6] is an example of an image-based model.

The benefits of a foundation model for particle physics data would be significant: while machine learning
models developed so far typically outperform classical approaches (and often by a large margin) [7, 8],
available statistics for training these models is a constant issue [9, 10]. It becomes even more extreme in the
case of searches for rare processes, where only a small fraction of simulated events might pass pre-selection
criteria. Foundation models on the other hand are pre-trained and need fewer examples to be fine-tuned for
a specific task [11].

Beyond improving the physics performance by e.g. increasing selection accuracy of classification tasks,
foundation models also address the other major issue currently facing particle physics: limited computing
resources in the face of an ever increasing amount of data [12, 13]. This problem has already spawned the
development of e.g. increasingly high fidelity models for the simulation of calorimeters, as well as techniques
for the speeding up of other Monte Carlo simulations [14–21]. By allowing the re-use of models across
datasets and tasks, foundation models will play an important role in reducing this computational burden.
Note that this effect will be further compounded by the potential for optimization in computing operations
from one model used across multiple tasks.

Finally, using closely related architectures across different tasks inside one experiment, across
experimental collaborations, and in the exchange with the theory community will make results easier to
re-interpret [22, 23].

© 2024 The Author(s). Published by IOP Publishing Ltd
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These potential benefits have inspired research into proto-foundation models suitable for particle
physics. For example, [24–28] investigated how known physical symmetries could be used to learn powerful
embeddings of jet data, [29] showed the versatility of graph-based message passing networks for datasets
from different domains of physics, [30, 31] demonstrated conditioning generative models on the geometry of
the detector to allow the simultaneous simulation of multiple detectors with one architecture, [32, 33] used
meta-learning for mass-decorrelation and weak-supervision, and [10] achieved state-of-the-art performance
on the top tagging landscape dataset [34] by pre-training on a different dataset [35] and transferring the
results.

Due to their flexibility demonstrated across language and other domains, transformers [36] are currently
the most suitable candidate architecture for building foundation models for applications in particle physics.
Taking inspiration from LLMs where sentences are generated autoregressively, recent efforts have
demonstrated success with autoregressive generation of particle physics data, for example using a
transformer to generate t→ bqq ′ and q/g jets [37] or to generate Z+jets events [38]. In [39] it was
demonstrated how a transformer backbone can be pre-trained using a BERT-like scheme where the model is
trained to predict masked out jet constituents, resulting in an improvement of the performance when
fine-tuning the backbone (with a new classification head) for jet tagging, especially at small training dataset
sizes. Furthermore, [40] showed how a tokenized detector representation can be used in a BERT-like model
for track reconstruction, and [41] used tokenization of detector images together with a transformer to
capture the context within a collider event for subsequent generation1.

In this work, we will explore whether an autoregressive generative pretrained transformer (GPT) model
can be used as a foundation model for jet physics. However, the standard GPT constructions are not built to
deal with continuous input data, but rather tokenized data. As point clouds are the most versatile
representation of physics data [7, 16, 43–45] and can incorporate both event level information, jet
substructure, and even low-level detector signals, finding a suitable input transformation for point clouds to
tokens is the most pressing problem. Various tokenization strategies have been explored, for example using a
simple mapping based on binning the input space in [37], a Gaussian mixture model in [38], and using an
additional conditional embedding network in [39].

Here, we follow the conditional tokenization strategy from [39, 46, 47], but first take a step back to verify
the quality and trade-offs involved in building these tokens. This will allow us to formulate quality measures
to choose a suitable tokenization model, leading to an increase in codebook size from 512 tokens in [39] to
8192 tokens.

Using this representation, we will first demonstrate training a generative model for jets as tokens in an
unsupervised way for the JETCLASS [35] dataset.

Finally, this allows us to test whether the information encoded in a model that was trained to generate jets
can also be transferred to the task of classifying them. Observing such a transfer ability across different
classes of tasks—as opposed to transfer between different classification or generation problems—would be a
crucial ingredient to building foundation models for physics data, and has not yet been achieved. A graphical
representation of this approach is provided in figure 1. As this is the first prototype of a model to tackle all
tasks with jets in particle physics, it is named OMNIJET-α.

The rest of the paper is organized as follows: section 2 introduces the data as well as the tokenization
approach, the generative architecture, and the transfer learning strategy. Next, section 3 shows the results of
the tokenization study, the generative performance, as well as tests of the transfer learning capabilities of the
model. Finally, section 4 summarizes the results and provides a brief outlook.

2. Methods and dataset

2.1. Dataset
All studies are performed using the JETCLASS dataset [35], originally introduced in [10]. It contains both
jet-level and constituent-level features for ten different types of jets initiated by gluons and quarks (q/g), top
quarks (t, subdivided by their decay mode into t→ bqq ′ and t→ bℓν) , as well asW, Z, and H (H→ bb̄,
H→ c̄c, H→ gg, H→ 4q, and H→ ℓνqq ′) bosons.

Events are simulated using MADGRAPH5_AMC@NLO [48] with parton showering and hadronization
done by PYTHIA [49]. A simplified detector simulation implemented in DELPHES [50] using the CMS detector
[51] card is performed. Constituents are clustered into jets using the anti-kT algorithm [52] with a distance
parameter of R= 0.8.

1 In addition, shortly after this paper was out, [42] demonstrated contrastive learning with re-simulated events as a suitable pre-training
task.
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Figure 1. Schematics of the different steps (tokenization, generation, classification) in the OMNIJET-αmodel.

Jets are selected if they have a transverse momentum of 500GeV< pjetT < 1000GeV and a pseudorapidity
of |ηjet|< 2. Additionally, truth-level matching is performed for all classes except q/g and only jets that
contain all the decay products of the boson or top quark are included. The resulting dataset contains 100M
jets for training, 5M jets for validation, and 20M jets for testing, with equal numbers of jets for each class.
This split into training, validation, and test sets corresponds to the default split used in the JETCLASS dataset,
in order to allow for a straightforward comparison with previous and future works.

In this work, only the kinematic information per particle (pT, ϕ, η) is used while the particle massm is
approximated as zero. Next, the azimuth angle ϕ and the pseudorapidity η are pre-processed to be relative to
the jet axis2:

ηrel = ηparticle− ηjet (1)

ϕrel = ϕparticle−ϕjet . (2)

Finally, we apply the cuts |ηrel|< 0.8 and |ϕrel|< 0.8 to remove a very small fraction of low-energy
constituents at the periphery and use up to 128 particles per jet. The jet constituents are ordered by pT in
descending order.

2.2. Jet constituent token creation
We explore three kinds of tokenization approaches: binned, conditional, and unconditional tokenization. In
the binned approach [37], the space of input features is subdivided using a regular grid in all dimensions
(e.g. a 21× 21× 21 grid in three dimensions) and the cells in this grid are enumerated, resulting in one token
per cell.

In the unconditional approach, each constituent is tokenized individually using a non-linear mapping,
whereas in the conditional approach constituents are encoded and decoded conditioned on each other. We
use a vector quantized variational autoencoder (VQ-VAE) [39, 46, 47, 55] to create a discrete set of jet
constituent tokens both for conditional and unconditional tokenization.

The input features for the VQ-VAE are the ηrel, ϕrel and pT values of the jet constituents. For the
conditional tokenization, we use a transformer for both the encoder and the decoder of the VQ-VAE,
whereas a simple multi-layer perceptron (MLP) is used for the unconditional tokenization. Details about the

2 The difference in ϕ is signed and rectified to −π through π. We handle those calculations using the scikit-hep/vector [53] and
scikit-hep/awkward [54] packages.
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Figure 2. Architecture of the transformer backbone component of OMNIJET-α. The data that has been encoded by the VQ-VAE is
fed through an embedding layer, before it reaches the main part of the model which is based on the transformer decoder. The
output of the transformer decoder blocks is passed to a task specific head, for either generation or classification tasks. Note that
during inference of the generative model, the model does not receive complete token sequences, but only the start token. The
model will then autoregressively generate the rest of the sequence, updating its input as it progresses, as described in the text.

different VQ-VAE models used in our studies, as well as details about the preprocessing of the input features
can be found in appendix A.1.

2.3. Transformer backbone
The core of OMNIJET-α is a transformer backbone based on the GPT transformer decoder model first
introduced in [56]. However, since jet constituents are permutation invariant, we do not employ the
positional encoding usually used in LLMs. As input, the transformer backbone receives the generated tokens
from the VQ-VAE, complemented with a start and stop token. A jet with n constituents is then represented as

(start_token,x1, . . .,xn−1,xn,stop_token) (3)

where xi are the tokens.
The transformer backbone itself consists of an embedding layer followed by a series of GPT blocks. Each

GPT block contains a multihead attention block, followed by a residual addition, layer norm [57], two linear
layers with a ReLU in between, another residual addition and a final layer norm. Since this is an
autoregressive model, a causal mask is passed together with the input data to the multihead attention block
to prevent the model from seeing future tokens. The architecture is illustrated in figure 2.

The output from the transformer backbone is passed to a task specific head, either for generation or
classification. The generative head is a single linear layer, while the classification head consists of a linear layer
followed by ReLU, a sum over the constituent dimension, and a last linear layer with softmax activation
function. The model is trained with n= 8 heads in the multi-head attention block and N = 3 GPT blocks. No
dropout is used.

Once the generative model, i.e. the transformer backbone together with the generative head, has been
trained on the tokenized data, it can generate new data autoregressively. The model has learned the
probability distribution for a token xj, given a sequence of tokens:

p
(
xj|xj−1, . . .,x1,start_token

)
. (4)

The model is provided with the start token, and then samples this distribution to sequentially generate new
tokens. Generation is repeated until either the stop token is generated or the maximum sequence length
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(which is set to be equal to 128) is reached. The generated token sequences are then fed to the VQ-VAE
decoder, which maps them into physical space for further evaluation.

The classification task can be performed either from scratch, using randomly initialized weights for both
the transformer backbone and the classification head, or by fine-tuning the generative model. In the
fine-tuning case, the initial weights of the transformer backbone are loaded for from the generative model.

3. Results

3.1. Token quality
We first inspect how well the tokens cover the space. An illustration of the conditional and unconditional
tokens in physical space (i.e. their corresponding ηrel, ϕrel and pT values) is shown in figure 3 for the different
tokenization approaches and different codebook sizes. In the unconditional case, as well as in the binning
approach, the reconstruction of a token is always the same, independent of the other tokens in the jet, leading
to discrete points in physical space. In the conditional case, however, the reconstruction of a token is by
construction affected by the other tokens inside this jet. To visualize the spread of each conditional token in
physical space, we reconstruct each token 500 times conditioned on 50 randomly chosen tokens. Each of
those reconstructions is shown in the scatter plots in figure 3, where the different reconstructions of the same
token are drawn in the same color. We notice that the reconstruction of each token only changes slightly
when conditioned on other tokens. Thus, the 500 different reconstructions of a conditional token show up in
figure 3 as a blob in physical space. This already shows that the conditional tokenization allows to cover a
significantly larger volume in reconstruction space, while the unconditional tokens can only be reconstructed
to distinct points in reconstruction space. We note that our approach of reconstructing each token 500 times
conditioned of randomly chosen other tokens not necessarily represents the reconstructed values of actual jet
constituents, as it is possible that those combinations of tokens would not appear for real jets. However, this
illustrates the overall behavior of how much the reconstruction of a token can change due to the
conditioning on the other tokens.

Next, we consider distributions at the jet level to judge the quality of the tokenization. For this and the
following studies, jets are mapped into token space, and then mapped back to physical space to quantify the
loss in information. Figure 4(left) shows the jet mass combined for all classes in the dataset, as was done in
[39]. We observe a slight slope in the ratio plot for the unconditional tokens with codebook size 512, which is
due to the underestimation of the masses (see also figure 8). The other approaches have a ratio close to 1
across the bulk of the histogram, and only show deviations at the tails where the statistics is low.

However, this inclusive distribution might hide differences at the level of individual classes and jets. We
therefore also consider the difference in mass for jets before and after tokenization and reconstruction
figure 4(center) for t→ bqq ′ jets. The unconditional tokenization leads to a systematic shift of approximately
15GeV, while the conditional tokenization is well centered at zero. Increasing the codebook size from 512 to
8192 tokens substantially improves the resolution. This behavior is even more pronounced when considering
the N-subjettiness [58] ratio τ 32 in figure 4(right). Both conditional and unconditional tokenization with
512 tokens results in drastically shifted distributions, while the larger codebook size of 8192 recovers a peak
close to zero for the mass difference. Furthermore, using 8192 tokens moves the peak of the τ 32 difference
closer to zero, while a small bias towards smaller τ 32 in reconstructed jets is still present. In addition to that,
while the mass resolution of the conditional tokens is already centered close to zero when using a codebook
size of 512, the width of the distribution improves drastically from σcond512 = 8.3GeV to σcond8192 = 4.0GeV when
moving from a codebook size of 512 to a codebook size of 8192, where σ corresponds to the standard
deviation obtained from fitting a normal distribution to the mass resolution histograms. A similar behavior
can be observed for other classes, where in some cases, depending on the jet observable and the jet type, the
effect is even more extreme. Finally, the binning approach with a 21× 21× 21 linear bins3 in the input
features of our VQ-VAE comes close to the mass resolution of the conditional tokens with a codebook size of
8192, while the resolution of the subjettiness ratio is notably worse. Moreover, while this binning approach
with 9162 tokens leads to reasonable resolution of the t→ bqq ′ jets shown in figure 4, we found quite drastic
mismodeling for t→ bℓν and H→ ℓνqq ′ jets with such small codebook sizes4. The distributions and the

3 The binning approach with 9261 tokens in a 21× 21× 21 grid is used as a reference, as it is the closest (but larger) number of bins
(obtained with a N×N×N grid) compared to the codebook size of 8192 tokens.
4 As expected, the resolution of the binning approach automatically leads to good resolution when the codebook size (i.e. the number of
bins) is increased to a sufficiently large number. We found that around 640 00 tokens (corresponding to a 40× 40× 40 grid) offer similar
resolution as conditional tokenization with a codebook size of 8192.
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Figure 3. Visualization of the reconstructed tokens in physical space (i.e. pT, ηrel, ϕrel) for different tokenization approaches and
codebook sizes. Each figure label indicates the codebook size and the tokenization approach. The unconditional tokenization, as
well as the binning approach only have one reconstruction for each token, independent of the other tokens in the jet. To visualize
the reconstruction spread of the conditional tokens, each token is reconstructed 500 times, each time conditioned on 50 randomly
selected tokens from the codebook. Each colored blob corresponds to the reconstructions obtained for one token.

Figure 4. (left) Jet mass distribution for all ten jet types combined. (center) Difference between the mass after tokenization and
the initial mass for t→ bqq ′ jets. (right) Difference between the τ 32 of the initial jets and the reconstructed jets for t→ bqq ′ jets.

corresponding resolutions of the jet mass, jet pT, as well as the subjettiness ratios τ 32 and τ 21 are shown for
all ten jet types individually in appendix B. Overall, the highest fidelity is achieved by conditional
tokenization with a marked improvement from increasing the codebook size from 512 to 8192.

Finally, we quantify the information loss that comes with the tokenization by training multi-class
classifiers to distinguish between the ten jet types present in the dataset. The classifiers are trained once with
the original inputs, and once with the inputs after undergoing tokenization and subsequent reconstruction
back into physical space. This procedure allows a direct comparison of how the loss in resolution affects
reconstruction performance. We utilize two standard classifier architectures: Deep Sets [43, 59] (i.e. without
particle interactions) and Transformer [36, 60] (i.e. with particle interactions) and perform this study for
four different codebook sizes from 512 to 8192 tokens for the conditional tokenization approach. Details
about the classifier trainings can be found in appendix A.2. Note that this approach is similar in spirit to the
classifier metric proposed in [61, 62] but tests a multi-class classifier trained on these samples individually, as
opposed to judging how well a classifier might distinguish original and reconstructed samples. This is
necessary as e.g. points at fixed positions would be distinguishable from the original with close to perfect
accuracy, rendering the test less useful.

The resulting classifier accuracy for the two different architectures is shown in figure 5. As seen in
previous studies of resolution, we observe an increase of token quality as we increase the size of the VQ-VAE
codebook. Furthermore, we see that the classifier performance starts to plateau with codebook sizes larger
than 4096. However, even at the largest codebook size, a gap to the performance on original particles
remains, motivating future work into building more accurate tokenization schemes.
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Figure 5. Token quality evaluation using a multi-class classifier. The classifier accuracy is shown for different codebook sizes and
different classifier architectures (purple and green). The classifiers are also trained on the original constituents, showing an upper
limit for the achievable accuracy. The reconstructed constituents are obtained using the conditional tokenization. The reported
values and the uncertainty band correspond to the mean and standard deviation over 5 trainings with different random seeds for
the randomly initialized weights of the classifier.

Figure 6. Comparison of generated jets from the model trained on both q/g and t→ bqq ′ jets, to reconstructed JETCLASS tokens.
The top row shows jet level distributions, while the bottom row shows distributions on the constituent level.

For the remaining studies we will utilize a codebook size of 8192 with conditional tokens as this leads to
the overall best performance and fidelity.

3.2. Jet generation
After training the transformer backbone with the generative head, it can be used for autoregressive
generation as described in section 2.3. The model was trained on three separate datasets: t→ bqq ′ only, q/g
only, and q/g and t→ bqq ′ combined. This section will describe the combined version, since this is the model
that is used for transfer learning. For a discussion of single-jet type generative results, including a comparison
to the EPiC-FM model of [63], see appendix C. 480 00 events were generated from the combined model.
These events contain tokens, which are then decoded back to physical space using the VQ-VAE decoder.

A comparison to reconstructed JETCLASS tokens can be seen in figure 6. We observe that in general the
model is able to match the truth level tokens well. We note that the tail of the pT spectrum of both the
generated constituents and the reconstructed JETCLASS tokens contains bumps distributed around discrete
values, which is consistent with our inspection of the reconstruction space shown in figure 3.

In order to quantify the performance, a classifier test (see appendix A.5 for details) is performed to
distinguish generated events from reconstructed JETCLASS tokens. The test results in an AUC score of 0.54.
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Figure 7. Performance of pre-trained and non-pre-trained models for the task of t→ bqq ′ vs q/g jet classification. The area under
the ROC-curve (AUC) metric is shown on the left, the classification accuracy on the right. For each training strategy and dataset
size, the mean and standard deviation over five trainings are shown, where the five trainings are performed with different random
seeds for the randomly initialized weights of the classifier. For the pre-trained models, the same backbone weights are used for all
five trainings.

3.3. Transfer learning from generation to classification
To evaluate the ability of the model to generalize from generating jets to classifying them, we focus on the
task of hadronic top quark tagging [7, 64], i.e. distinguishing t→ bqq ′ and q/g jets on the JETCLASS [35]
dataset. For this test, the Next-token prediction head is replaced by a Classification head while the transformer
backbone is retained. We compare three training strategies: training the full architecture with randomly
initialized weights (termed from scratch) which does not use transfer-learning and corresponds to the
baseline, and two versions of fine-tuning the model obtained in the generative training step. In the
Fine-tuning run, both the pre-trained backbone weights and the randomly initialized classification task head
weights are allowed to float in the training, while in Fine-tuning (backbone fixed) only the classification task
head is allowed to change.

The results of these training runs are presented in figure 7 as a function of the number of training
examples provided to the model. We observe a significant gain in classification accuracy of both fine-tuning
approaches compared to the baseline, leading to up to 17 percentage-points higher accuracy for small
number of training jets, and outperforming by a few percentage-points at the highest training sample size.
The difference between the two fine-tuning strategies is relatively small, with the more open training
performing slightly better. Put differently, the generative pre-trained model achieves an accuracy of around
85% with 100 training examples for which the model that is trained from scratch requires more than 100 00
examples.

4. Conclusion

Foundation models for physics data are an enticing promise: trained on large amounts of data and tasks, they
are expected to easily generalize to any down-stream problem, saving countless hours of human and
compute time. In this paper we have taken crucial steps towards the creation of such models.

First, we expect learned representations of data to play a key role as inputs to foundation models.
Representations might be continuous and rely on symmetries or learn a mapping to a discrete space as done
here with tokenization. Note that while using data raw— i.e. without prior mapping into a representation
space—might be possible when only considering a narrow range of similar datasets, it is inherently limiting
when data from different sources or with different initial dimensionalities are to be considered.

Whatever representation is used, it will be important to understand and minimize the loss of information
inherent in this transformation. This problem is especially important for downstream uses such as
classification and regression tasks, as the loss of information can directly limit the achievable accuracy or
resolution. This work introduced a set of criteria—both distribution and classifier based—that can be used
to assess the quality of any representation.
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Using these metrics, we found a marked increase in the resolution of relevant observables like mass and
jet substructure by using a codebook size of 8192 with conditional tokenization over binning-based
approaches, unconditional tokenization, and conditional tokenization with smaller codebooks. An
additional classifier test further confirmed this observation.

Next, we demonstrated the training of an autoregressive generative model for jet constituents, specifically
for q/g and t→ bqq ′ jets from the JETCLASS dataset [35]. The generated distributions agree well with the
ground truth, both for global jet kinematics, jet substructure, and individual constituent features. We note
that while our model is the first token-based generator of JETCLASS -like examples, more extensive studies of
its generative fidelity when increasing the feature-space and detailed comparison to prior non-token-based
results on this dataset [63] are left for future work.

Most importantly, we report the generalization capability of OMNIJET-α from learning to generate jets in
an unsupervised way, to the supervised classification between t→ bqq ′ and q/g jets. Overall, the fine-tuned
model outperformed training from scratch for all values of training examples, often by a significant margin.
For example, for 1000 training jets, the fine-tuned model achieves an accuracy of approximately 90%,
compared to around 75% for the freshly initialized model. While the two approaches seem to converge, even
at the highest training size of 2 million jets the fine-tuned approach maintains a lead of a few percentage
points. Finally, it even provides a non-trivial classification accuracy of 85%, even when trained only on 100
jets, emphasizing the value of foundation models for problems with few available labeled training examples.
Since the backbone trains completely without labels, it allows us to use a large unlabeled dataset to boost the
performance of a smaller labeled one. While other types of transfer have been demonstrated previously, this
is the first time that the unification across the two big classes of tasks—classification and generation—has
been achieved.

Of course, this work is only one step in building overarching foundation models. While it is the first
model that achieves both classification and generation, it is not the most performant for either of these tasks.
However, strategies to increase the performance exist and will be integrated. For example, the representation
quality needs to be improved, possible gains from masked pre-trained have to be evaluated, architecture and
training data need to be scaled up, and more extensive studies of the generalization capabilities, including
training and testing on additional tasks, performed. In the medium term, strategies need to be found to align
diverse datasets as well as to integrate pre-trained foundation models in community workflows. Nevertheless,
the potential benefits in physics performance and compute efficiency glimpsed at in this and other works
makes this a worthy endeavor.
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Appendix A. Model details and hyperparameters

Different hyperparameter configurations were tested for the individual model components of OMNIJET-α.
The configurations presented in the following were found to lead to stable results. However, no extensive
hyperparameter optimization was performed.

A.1. VQ-VAE for token creation
Both the ηrel and the ϕrel values are scaled down by a factor of 3. The transverse momentum of the jet
constituents is first transformed using the natural logarithm and subsequently shifted by−1.8. The
tokenization was also done without the log transform of the pT, and was found to perform similarly.
However, the logarithm transformation has the advantage that it automatically avoids negative pT values,
which is why we choose to use the log-transformed pT. The conditional and unconditional tokenization only
differ in the architecture of the encoder and decoder of the VQ-VAE.

Training for the VQ-VAE is implemented in pytorch [65] and pytorch-lightning [66].
The model architecture of the VQ-VAE encoder and decoder in the conditional tokenization approach is

similar to [39] with a different set of hyperparameters. We use 4 NormFormer [60] blocks with an embedding
dimension of 128 and 8 heads in the MHA for both the encoder and the decoder. We use the vqtorch library
[55, 67] to implement the vector quantization layer with the dimension of the codebook vectors set to 4.

The mean squared error (MSE) between the tensor of the initial particle features and the reconstructed
features is used as the task loss Ltask. The total loss is then set to

L= Ltask+α · Lcommit (A1)

with α= 10. An affine transformation is used for a joint transformation of all codes and dead codes are
replaced with a frequency of 10 iterations. The parameter β which trades off the importance of updating the
embeddings from the encoder ze and the code vectors zq is set to β= 0.9. Lastly, we use a synchronized
update rule [55, 67] with ν= 1.

In the unconditional approach, we use the same hyperparameters as outlined above, with the only
difference that the architecture of the encoder and decoder is a simple MLP with 3 hidden layers of
dimension 128 and ReLU activation function.

All VQ-VAE models are trained on all 10 classes of the JETCLASS dataset [35].

A.2. Classifiers for token quality evaluation
The DeepSets [43, 59] classifier consists of a per-particle MLP Φ with shared weights across all particles
inside the jet with 3 hidden layers of dimension 100, 100 and 256. The output of the network Φ is then
aggregated with a sum and fed into another MLP with 3 hidden layers of dimension 100 followed by a
10-dimension output layer with softmax activation function.

The Transformer classifier consists of 5 NormFormer [60] blocks, followed by two class-attention blocks
with a class token as query, inspired by the ParT [10] architecture. The output of the last class-attention block
is fed into a MLP with two hidden layers of dimension 128, followed by a softmaxed 10-dimensional output
layer.

The classifiers are trained with the AdamW [68] optimizer with a maximum learning rate of 0.005
(0.001) for the DeepSets (Transformer) classifier and weight decay 0.01. The learning rate first linearly
increased from 0.002 (0.0005) during the first 4 training epochs, after which it is linearly decreased to the
initial learning rate over 20 epochs and then linearly decreased to a final learning rate of 0.001 (0.0003),
following the one-cycle learning rate schedule [69].

The classifiers for those token quality evaluations are trained on 10M jets from the JETCLASS dataset [35].

A.3. Transformer backbone
When training the transformer backbone, cross entropy is used as a loss function and Adam [70] with a
learning rate of 0.001 as optimizer. The model had access to 10M t→ bqq ′ jet events and 10M q/g jet events.
Note that this means that the model trained on these two jet types combined had access to twice as much
data. All versions were trained for 30 epochs, and the model state with the lowest validation loss was chosen
for the further analysis.
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A.4. Transfer learning
To perform the transfer learning from the generative task to the classification task, we change the head of the
OMNIJET-αmodel to the classification head and load the weights of the backbone trained for the generative
task. We explore two variations of fine-tuning the pre-trained backbone to the classification task: training all
weights of the model with the same learning rate (referred to as Fine-tuning in section 3.3) and keeping the
weights of the backbone fixed at the state obtained from the generative model (referred to as Fine-tuning
(backbone fixed) in section 3.3). For the From scratch trainings we start the training with randomly initialized
weights of the whole model. The training is performed with the AdamW [68] optimizer with a constant
learning rate of 0.0001 and weight decay 0.01. The transfer learning studies are performed on the test dataset
from the default train-val-test split of the JetClass dataset, which includes 2M jets per jet-type, leading to 4M
jets in total for our studies with q/g and t→ bqq ′ jets. We split those 4M jets into 2M jets for training, and
1M jets for validation and testing, respectively. Since those trainings, depending on the size of the training
dataset, tend to show overfitting quite quickly, we stop those trainings when the validation loss does not
improve for multiple epochs. The threshold of this early stopping is adjusted to the training dataset size, with
a patience of 20 epochs for a training dataset of 100, 1000 and 10 000 jets, a patience of 10 epochs for a
training dataset size of 100 000 and 1000 000, and a patience of five for trainings with 2000 000 training jets.
For each training dataset size we run five trainings with different random seeds and the epoch with the
smallest validation loss is chosen for evaluation.

A.5. Classifier tests
In order to quantify the performance of the generative model, a classifier test using the structure of the
DeepSets classifier from appendix A.2 is performed. In this case however, the three hidden layers of the
particle MLP Φ all have dimension 10.

A number of 48 000 generated events are combined with equally many reconstructed tokens from the test
set of JETCLASS. The two datasets are combined and shuffled, and a train/val/test split of 0.6/0.2/0.2 is used.
The model is trained for 100 epochs with binary cross entropy loss and Adam [70] with learning rate 0.001 as
optimizer. The model state with the lowest validation loss is chosen for evaluation. The resulting AUC scores
are 0.54 for the model trained on q/g and t→ bqq ′ jets combined and 0.57 for the ones trained on
single-type jets.

Appendix B. Token quality

Additional plots of the jet mass, the jet transverse momentum, as well as the subjettiness ratios are shown in
figures 8–15.
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Figure 8. Jet mass distribution for different tokenization approaches and codebook sizes.
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Figure 9. Jet mass resolution for different tokenization approaches and codebook sizes.
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Figure 10. Jet pT distribution for different tokenization approaches and codebook sizes.
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Figure 11. Jet pT resolution for different tokenization approaches and codebook sizes.
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Figure 12. Jet τ 21 distribution for different tokenization approaches and codebook sizes.
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Figure 13. Jet τ 21 resolution for different tokenization approaches and codebook sizes.
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Figure 14. Jet τ 32 distribution for different tokenization approaches and codebook sizes.
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Figure 15. Jet τ 32 resolution for different tokenization approaches and codebook sizes.
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Figure 16. Comparison of generated jets from the model trained on q/g jets to reconstructed JETCLASS tokens. The top row shows
jet level distributions, while the bottom row shows distributions on the constituent level.

Figure 17. Comparison of generated jets from the model trained on t→ bqq ′ jets to reconstructed JETCLASS tokens. The top row
shows jet level distributions, while the bottom row shows distributions on the constituent level.

Appendix C. Generative model trained on single-jet data

To test the generative performance, the generative model was also trained on single-jet type data — 10M jets
each of t→ bqq ′ and q/g— separately. For these training, no tests of the task-transfer to classification were
perfomed.

The result of the q/g jet training is shown in figure 16, of the t→ bqq ′ jet training in figure 17. In the q/g
case, we see a good agreement between the reconstructed tokens and the generated events. However, it seems
to be somewhat more difficult for the model to accurately model τ 32 for t→ bqq ′ jets, which is also mirrored
for this quantity in the combined model (see figure 6).

It is interesting to compare the result of OMNIJET-α with that of a different generative model. EPiC-FM
[63] was the first generative model trained on the JETCLASS dataset, utilizing flow matching and operating
without tokenization. The result of the comparison can be seen in figure 18. The plots show the JETCLASS
data, the reconstructed JETCLASS token from this work, the EPiC-FM-kintop generated events, and the
OMNIJET-α generated events. We use the more challenging t→ bqq ′ class for comparison.
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Figure 18. Comparison of how well OMNIJET-α does on the generative task to the performance of a generative-only model,
EPiC-FM-kintop. The latter does not use tokenization for the input data, and thus has access to the ‘real’ input values. The main
plots show the original JETCLASS data, the reconstructed JETCLASS data, as well as the generated events from OMNIJET-α and
EPiC-FM-kintop. The ratio plots show how well the models perform with respect to their respective truths.

The ratio plots under the main plots show the generated events compared to their respective truths: direct
JETCLASS for EPiC-FM-kintop and Reconstructed JETCLASS tokens for OMNIJET-α. Hence, the ratios show how
well the respective generative models learn to replicate their training data. In general, we see that both
models are doing well. OMNIJET-α has a somewhat higher discrepancy in the tails of all distributions except
for constituent ηrel and the number of constituents. The most difficult distribution is the constituent pT, with
bumps in the tail, which could also be seen in figure 17.
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Abstract
Foundation models are deep learning models pre-trained on large amounts of data which are
capable of generalizing to multiple datasets and/or downstream tasks. This work demonstrates how
data collected by the CMS experiment at the Large Hadron Collider can be useful in pre-training
foundation models for HEP. Specifically, we introduce the ASPENOPENJETS (AOJs) dataset,
consisting of approximately 178M high pT jets derived from CMS 2016 Open Data. We show how
pre-training the OMNIJET-α foundation model on AOJs improves performance on generative tasks
with significant domain shift: generating boosted top and QCD jets from the simulated JetClass
dataset. In addition to demonstrating the power of pre-training of a jet-based foundation model on
actual proton–proton collision data, we provide the ML-ready derived AOJs dataset for further
public use.

1. Introduction

While particle physics has long used machine learning techniques and is leading the way in adopting modern
deep learning methods, the development and application of powerful foundation models—which have
transformed natural language processing and computer vision—is still in its early stages. For the purposes of
this work, a foundation model will be a model that has been pre-trained on a large amount of data for a
specific task, and that can be used for different tasks downstream [1]. The pre-training thus serves as a
foundation, upon which the downstream tasks can be built. Well-known foundation models include large
language models such as GPT-3 [2], BERT [3] and LLaMA [4], image models such as Imagen [5], and
mixed-modality models such as CLIP [6] and ALIGN [7].

There are several advantages to the use of foundation models. One example is the potential to boost the
performance on small datasets. Having access to a model pre-trained on a larger, similar dataset provides a
‘head start’ for the downstream task, allowing the model to focus on the intricacies of the smaller dataset
rather than having to rediscover the general structure of the data. In addition, a foundation model can save
both human and computational resources. While pre-training may be a resource-intensive task, the
downstream models would require less training, less data, and less time spent on optimization compared to
what would be required if these models were built from scratch. Another interesting aspect is that a trained
foundation model could enable implicit sharing of data and resources between different parts of the research
community, a sharing that would not otherwise be possible.

Foundation models are poised to play a central role in particle physics, especially in the context of
experiments at the Large Hadron Collider (LHC). They are able to process the huge amounts of complex and
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diverse data generated by the LHC and have the potential to integrate multiple modalities—such as images,
high-level event features or particle four-vectors—allowing more comprehensive data analyses. Current work
on foundation models for particle physics has mainly focused on different event generation and classification
tasks [8–13], investigating pre-training strategies, encoding schemes and different architectures, and
quantifying the transfer learning and generalization capabilities of these models.

In this paper, we explore the potential of using large quantities of Open Data from the LHC for
pre-training foundation models. The LHC experiments have made significant amounts of data publicly
available [14–18]. Foundation models can leverage the LHC open data for training and fine-tuning,
potentially integrating different data modalities and data from different experiments. Furthermore, training
foundation models on real data will result in a more accurate representation of particle physics processes
than training on simulations. Finally, foundation models trained on a large variety of actual LHC data will
help to promote transparency and collaboration in particle physics research.

Here we present the ASPENOPENJETS (AOJs) dataset and study the transfer learning of foundation models
obtained with this dataset. The AOJ dataset has been constructed from the CMS 2016 ‘JetHT’ open data [16,
17] and consists of 178M jets, making it the largest ML-ready dataset for LHC applications. Jets are
important objects at the LHC, consisting of collimated sprays of particles. Previous open data studies of CMS
jets have explored the substructure and energy flow of the jets [19–21] and the usefulness of open data for
quark/gluon tagging [22], but this is the first study to prepare and make public a form of the CMS open data
that allows easy use of the dataset for phenomenological studies, especially for training machine learning
models.

As an initial proof-of-concept study, we pre-train the OMNIJET-α [11] foundation model on the AOJ
dataset, which is expected to mostly contain QCD jets, and then fine-tune it to generate jets of different types
from the JetClass [23] dataset of simulated jets. We do two such fine-tunings: first for JetClass QCD jets,
which occupy a different kinematic region compared to the jets in AOJ, and then for top jets, which differ
significantly in several features. We show that pre-training on AOJ indeed benefits the downstream task,
making it easier for the model to generate these types of jets with fewer training examples compared to
training from scratch.

The utility of CMS open data for pre-training has been previously explored in [8], using 1M
single-lepton events at the object level which were collected by CMS in 2015. Here we enlarge the scope and
complexity by several orders of magnitude to encompass 178M jet events at the full constituent level, that is,
including not only the high-level features of the jets themselves, but also the features of all the particles inside
the jet. Furthermore, the authors of [8] used event selections to shape the open data into a similar topology
to the intended target simulated data. In our work, no such shaping is needed.

This paper is organized as follows. Section 2 describes the CMS open data and the method used to derive
AOJ. It also includes a brief description of JetClass, which will be used for the downstream task. Our
application example is described in section 3, detailing the method and results. Finally, we present our
conclusions in section 4. Links to the codebase and the AOJ dataset itself can be found after the conclusions.

2. Data

2.1. CMS open data
The CMS experiment [24] is a large general-purpose detector at the LHC. The CMS collaboration has
recently released 16.4 fb−1 of data from their 2016 runs (G and H) [16, 17] and a corresponding set of
simulations. In contrast to previous data releases [14, 15, 25], this data has been provided in the simplified
MINIAOD format [26], as well as the even further simplified NANOAOD format [27]. In these simplified analysis
formats, the central CMS reconstruction steps have been applied, discarding much of the low-level content of
the event in favor of a simplified description of the high-level objects (jets, electrons, muons, etc) commonly
used in data analysis. These formats are therefore significantly easier to use for those outside of the
collaboration.

The inner layers of CMS consist of a silicon pixel and silicon strip tracker used to measure charged
particle trajectories. These are followed by a lead tungstate crystal electromagnetic calorimeter and a brass
and scintillator hadronic calorimeter. These detector elements are enclosed in a large solenoid, which
produces a magnetic field of 3.8 T. Muon stations are located outside the iron return yoke of the magnet.
Events of interest are selected using a two-stage trigger system. The first stage (L1) is implemented in custom
hardware to select potentially interesting events within a fixed latency of about 4µs [28] using information
from the calorimeters and muon stations. Events accepted by the L1 system are sent to the high-level trigger
(HLT), which consists of a dedicated computing cluster which runs a speed-optimized version of the full
reconstruction. The HLT uses this more accurate reconstruction of the event to select events to be saved at a
rate of approximately 1 kHz [29].
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Table 1. Breakdown of the expected number of jet types in the AOJ dataset from MC simulations.

Jet type Approx. Number

QCD 1.8× 108
W 6.3× 105
Z 1.8× 105
Top 1.3× 105
H→ bb̄ 500

CMS uses a particle-flow algorithm [30], which combines the information from the different detector
systems to reconstruct and identify each individual particle in an event. Particles are classified as either
muons, electrons, photons, charged hadrons or neutral hadrons. Jets are clustered from the particle-flow
candidates in an event using the anti-kt jet finding algorithm [31, 32]. The typical large-radius jet size used in
CMS for jet substructure searches and measurements is R= 0.8, commonly referred to as AK8 jets. For AK8
jets the pileup-per-particle identification algorithm (PUPPI) [33, 34] is used to mitigate the effect of pileup.
The PUPPI algorithm assigns a weight to each particle based on the probability that it originates from the
primary vertex or from pileup. The momentum of AK8 jets is determined from the weighted vector sum of
all particles inside the jet. Additional corrections are applied based on simulation and data-driven
measurements to better calibrate the measured jet momentum to the true momentum of the particle from
the hard process [35].

2.2. Extracting AOJs
The NANOAOD format does not natively store information of the jet constituents. However, an extended
version (PFNANO), which does include this information, can be easily produced from MINIAOD using tools
provided by CMS [36]. We therefore, for all data and simulations samples used, start with the MINIAOD
format, process it to PFNANO and then apply our selections to select the jets of interest for our dataset.

In order to construct the largest sample of jets possible, we consider all events from the ‘JetHT’ [16, 17]
Run-2 dataset released by CMS to this date. The ‘JetHT’ dataset includes all events that have been selected by
one of the HLT triggers related to jet momenta or total event hadronic activity (HT). Events are required to
either have a high scalar sum of jet transverse momenta, or contain at least one or two jets with high energy.
For the exact details of all different trigger paths used, see [16, 17]. Because we do not specify a specific
trigger, the sample consists of events from an inclusive ‘or’ of any of the available triggers of this dataset. We
note that this choice works well for building a large dataset for the purposes of foundation model training,
but may introduce subtle kinematic biases resulting from the combined thresholds of the different triggers,
which would complicate its use in a physics-based analysis.

Events are required to pass several data-quality filters commonly used within CMS to remove events that
are likely to cause problems in the reconstruction. AK8 jets are required to have transverse momentum
greater than 300GeV8. The jet pT spectrum is steeply falling, and the 300GeV threshold was chosen to
balance having a large dataset of jets for the pre-training task with the consideration of matching the
high-momentum kinematic regime typical of typical jet substructure studies. Jets are also required to have an
absolute value of pseudorapidity (η) less than 2.5, so that they fall within the range of the CMS tracker. The
AK8 jets are also required to pass standard CMS quality criteria used to reject leptons reconstructed as jets
and jets that may be poorly reconstructed. We construct our sample out of all AK8 jets that pass these
criteria, with no limitation on the number of selected jets per event.

Applying these selections to the CMS open data yields a dataset of 178million jets, which we call the
AOJs. Due to the large cross section of QCD processes, the vast majority of these jets are expected to
originate from light quarks and gluons. A small fraction of the jets are expected to originate from the decays
of boosted heavy resonances. A rough estimate of the number of boosted fully merged jets produced byW, Z,
top, and Higgs bosons in the bb̄ decay mode are estimated with Monte Carlo (MC) simulations provided by
CMS [37], with the remainder assumed to originate from QCD. The numbers are reported in table 1. More
details on the MC samples used are given in appendix.

For each jet we store its transverse momentum (pT), pseudorapidity (η), and azimuthal angular
coordinate (ϕ). We also store its mass, groomed with the softdrop algorithm [38] as computed within the
CMS reconstruction. Up to 150 constituents of the jet are stored. For each constituent, its 4-momentum is
stored in the format (px,py,pz,E). We additionally store its transverse impact parameter (d0) and

8 The jet transverse momentum (pT) distribution in figure 1 extends down to 250GeV as it is computed directly from vector sum of the
jet constituents. Whereas, 300GeV threshold is applied to the jet after additional corrections have been applied to the jet energy.

3



Mach. Learn.: Sci. Technol. 6 (2025) 030601 O Amram et al

Figure 1. Comparison of ASPENOPENJETS (AOJs) and QCD JetClass distributions for particle and jet level observables. Here d0 and
dz represent the transverse and longitudinal impact parameter respectively, with σd0 and σdz being their uncertainties, and τ 21
and τ 32 are N-subjettiness variables. The last panel shows the average number of jet constituents for each particle species,
accompanied by the corresponding 1σ standard deviation bands.

longitudinal impact parameter (dz) with their uncertainties, the charge of the candidate, its particle-ID (PID)
in the PDG format9 [39] and its weight from the PUPPI algorithm. We also include additional jet
substructure quantities computed within the CMS reconstruction, including the number of constituents in
the jet, N-subjettiness variables [40], various jet-tagging observables from the CMS implementation of
ParticleNet [41, 42] and a regression of the jet mass from ParticleNet [42].

In figure 1 we show the distributions (red histograms) of several particle and jet-level features, based on a
sub-sample of 700K jets. Interestingly, the effects of detector granularity are seen as spikes in the particle η
and ϕ distributions. In figure 2 we plot a 2D histogram in the η−ϕ plane. A closer look reveals a grid-like
structure corresponding to the granularity of the detector. Furthermore, there are vertical features indicating
the endcaps at |η| ∼ 1.6 and several ‘dead cells’ throughout the detector. The distribution of the subjettiness
ratio τ 32 is consistent with the expectation that the AOJ is predominantly composed of QCD jets. The last
panel in figure 1 shows the average number of constituents per jet for each PID, accompanied by the
corresponding 1σ standard deviation bands.

2.3. JetClass
The JetClass [23] dataset is based on simulations and was first introduced in [9]. It contains both
particle-level and jet-level information for 125M simulated jets, distributed over 10 different jet types and
divided into a training (100M), validation (5M) and test (20M) set. The simulation is performed with
MADGRAPH5_AMC@NLO [43] for the hard process, followed by PYTHIA [44] for parton showering and
hadronization, and DELPHES [45] with the CMS detector [24] card for the detector response. Jets are required
to have a transverse momentum of 500GeV< pT < 1000GeV and a pseudorapidity η < 2, which is more
restrictive than the criteria used for AOJ. We overlay the JetClass QCD particle- and jet-level distributions
(blue histograms) in figure 1 to facilitate easy comparison with the corresponding AOJ distributions.

9 Note that neutral hadrons (h0) are assigned the PID= 130 of the neutral kaon K0L while positively/negatively charged hadrons (h
±) are

assigned PID=±211 of the charged pion.
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Figure 2. The particle-level positional distribution of the ASPENOPENJETS in the η−ϕ plane, illustrating the granularity of the
CMS detector. Note the appearance of vertical features indicating the endcaps at |η| ∼ 1.6 and multiple ‘dead cells’ throughout
the detector.

3. Experiment

In this section, we demonstrate the usefulness of the AOJ dataset in ML-related applications. In particular,
we pre-train a foundation model on the full AOJ dataset.

3.1. Method
The foundation model chosen for this work is OMNIJET-α [11], a GPT-style [46] model that predicts the next
token in a sequence. The features of the jet constituents10 are first converted into integer tokens using a
VQ-VAE [10, 47–49] model, representing jets as sequences of tokens. The backbone of OMNIJET-α is trained
to predict the next token in these sequences. After pre-training, the model can generate new sequences
autoregressively, which are then decoded by the frozen VQ-VAE back into physical space. Additionally, the
pre-trained backbone weights can be loaded and used for other tasks, such as jet classification. In this work,
we focus on dataset transfer learning for jet generation and leave the exploration of task switching for future
studies.

The features used for training are the constituent kinematics (pT,∆η,∆ϕ), where∆η = η− ηjet and
∆ϕ = ϕ −ϕjet represent the relative coordinates with respect to the jet axis. Before tokenization, these
features were preprocessed using standardization11. The AOJ dataset was tokenized using a codebook size of
8192 tokens, employing VQ-VAE hyperparameters as outlined in [11], with two modifications: the number
of attention heads was reduced from 8 to 4 without sacrificing performance, and the AdamW optimizer was
replaced with the Ranger optimizer [50]. A larger codebook with∼32K tokens was also tested but produced
results comparable to the 8K configuration. Therefore, we only present results for the 8K tokenization. The
backbone model was trained on the full 178M AOJ dataset with hyperparameters as specified in [11]. The
model was trained for 900K steps on 12 GPUs with a batch size of 256 per GPU, and the final state at the end
of the training was selected as the backbone model.

To evaluate the transfer learning capabilities of OMNIJET-α, we devised a downstream task to test its
ability to generate jets of a different type than those it was pre-trained on, and to adapt to datasets with
different kinematic cuts. The fine-tuning process involved loading the pre-trained backbone weights and
retraining it using jets from the JetClass [23] dataset. To systematically evaluate the performance of the
model, we trained it on six datasets with 102, 103, 104, 105, 106, 107 jets to study the effect of dataset size D,
and fine-tuned the model separately on QCD jets (q/g) and top-quark jets (t→ bqq ′) to evaluate its
adaptability to different jet substructure types. For each configuration, the model with the lowest validation
loss during fine-tuning was selected for jet generation. To provide a baseline for comparison, we used a
separate VQ-VAE tokenizer and trained generative models with the same backbone architecture from scratch
using randomly initialized weights. This VQ-VAE is the one from [11] that was trained on all 10 classes of
the JetClass dataset. The generative models were trained on the tokenized QCD and top-quark samples. This
approach allowed us to quantify the performance improvement achieved by pre-training on the AOJ dataset.

10 The jet constituents are pT ordered and up to the first 128 constituents are considered when training the models.
11 Standardization is a common technique used to bring feature values into a manageable range for neural networks. By subtracting the
mean and dividing by the standard deviation, the data is transformed to having a mean of zero and standard deviation of one.
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Both training strategies used a batch size of 25612 per GPU13 and a patience of 10 epochs. For training
samples with sizes up to 100K jets, the validation set was the same size as the training set. For larger samples,
we used validation set sizes of 200K jets for 1M training samples and 500K jets for 10M training samples.

3.2. Performance metrics
We consider two complementary evaluation metrics that compare the 1D distribution of a high-level
observableO between the generated jets and the target JetClass reference data:

• Kullback–Leibler divergence:

KLO (P||Q) =
∑
x

P(x) log

(
P(x)

Q(x)

)
. (1)

The probability densities P(x) and Q(x) for the observable O are obtained from the normalized histogram
bin counts and KLO(P||Q) is computed using scipy.stats.entropy [51]. Note that KLO(P||Q) is anti-
symmetric. In our results, we take P to be the generated distribution and Q to be the reference JetClass
distribution.

• Wasserstein-1 distance:

WO
1 (P,Q) = min

π∈Π

∑
x,y

|x− y| π (x,y) . (2)

Here Π(P,Q) is the space of all joint ‘coupling’ distributions whose marginals are the observable O distri-
butions P and Q. This quantity is computed with scipy.stats.wasserstein_distance [51]. Unlike
the KLO(P||Q) divergence,WO

1 (P,Q) is a symmetric similarity metric based on optimal transport, i.e. the
optimal cost plan that morphs P into Q.

While further detailed performance evaluations such as classifier tests [52–54] could also be envisioned, this
paper is first and foremost demonstrating a use case for the AOJ dataset in the context of foundation models.
As such, we are rather concerned with the overall qualitative behavior, for which the 1D distributions suffice.

3.3. Results
A comparison of the two training strategies –‘fine-tuned’ and ‘from scratch’– is presented in figure 3 for
QCD and in figure 4 for top-quark jets. The rows show various high-level distributions, including jet pT, jet
mass, subjettiness ratios τ 21 and τ 32, and particle multiplicity N (i.e. the number of constituents in a jet).
The left-most column in each figure displays the distributions generated by the fine-tuned models, while the
second column shows the distributions generated by the models trained from scratch. Each plot also includes
the reference JetClass distribution (200K reference jets) as a filled histogram and, for additional context, the
AOJ distributions (dotted lines) in the left-most column.

Overall, we find that the pre-trained models are able to achieve a performance gain when using a fraction
of the total fine-tuning data. This can be seen in the third and last columns of figures 3 and 4, where the
fine-tuned models (blue lines) typically achieve better14 metric scores than the models trained from scratch
(red lines). This is apparent for the KL divergence and Wasserstein-1 metrics across different training sample
sizes below 1M jets. However, as the available training data exceeds 1M jets, we find that the fine-tuning
begins to saturate, and the fine-tuned and from-scratch models perform similarly within uncertainties. In
some features, the fine-tuned models even exhibit a slight decrease in performance compared to those
trained entirely from scratch, indicating a diminishing return from pre-training at larger dataset scales. The
reasons for this are unclear and would require further study. One possibility is that the AOJ tokenization is
suboptimal for describing JetClass and this is exposed with enough JetClass training data. Another possibility
is that the pre-training itself can harm model performance by locking in the weights to a suboptimal part of
parameter space, a phenomenon that has been observed previously in the ML literature [55] and was termed
‘ossification’.

12 For training samples of 100 jets, the batch size was reduced to 100.
13We used a single GPU to train the models with training sample sizes less than or equal to 100K, and multiple GPUs for models trained
on more data.
14 However, there are instances where models trained from scratch perform equally well on a single metric within uncertainties. For
example, this occurs with KLpT for training sample size D= 103. This behavior can be attributed to the definition of KL divergence,
which penalizes high-probability regions in the generated data where the true probability distribution is low. Therefore, it is crucial to
evaluate performance using multiple metrics to gain a comprehensive understanding.
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Figure 3. A comparison of the generation quality of models trained on QCD jets from JetClass, for different training sample sizes
D. The performance of a foundation model pre-trained on AOJ (far left) is compared to a model trained from scratch (center
left). The generation quality is compared across several high level features of the jets. Two quantitative metrics, the
Kullback–Leibler divergence (center right) and Wasserstein-1 distance (far right), are computed as a function of the training
sample size D to compare how well the generated jets from each model matches the target distribution from JetClass. We also
report the mean value and the envelopes over 5 trainings with different random seeds. When applicable, we also show power-law
fits∝ D−γ to the metrics.

We now examine in more detail the transfer learning from AOJ to JetClass for QCD jets, as shown in
figure 3. The primary challenge in fine-tuning arises from the differences in the domains of the jet pT
distributions and particle multiplicities between the two datasets. JetClass imposes a narrower pT window
between 500GeV and 1000GeV and tends to have around∼30 particles per jet on average, while AOJ only
applies a lower cut around 250GeV and has around∼50 particles per jet on average. When fine-tuning, the
pre-trained model must adapt to these differences and learn to generate jets with fewer particles and the new
kinematic cuts. The results for the pT distributions and particle multiplicities show how the fine-tuned model
smoothly interpolates between the AOJ and JetClass as a function of the training sample size D. Furthermore,
the generation quality improves with increasing training sample size, achieving almost optimal results with a
reduced sample size of 100K jets for the pT distribution and 10K for the multiplicities. In contrast, the
randomly initialized models trained from scratch require a significantly larger dataset, approximately an
order of magnitude more jets, to achieve optimal performance. For the jet mass and the substructure
observable τ 21, the fine-tuning performance saturates with a remarkably small number of training samples,
resulting in an almost flat dependence of the metrics on D. Specifically, fine-tuning requires only about 1000
jets to reach optimal performance, whereas training from scratch requires significantly more data to achieve
comparable results. This is not too surprising, as the transfer from AOJ to JetClass for these features does not
require much effort, given the similarity in the shapes of these distributions.

Next, we examine the results in figure 4, which correspond to top-quark jet generation. Since the AOJ
dataset is completely dominated by QCD jets, the transfer learning task between AOJ and JetClass becomes
more challenging due to the change in jet type. For instance, fine-tuning must map the low-mass Sudakov
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Figure 4. A comparison of the generation quality of models trained on top-quark jets from JetClass, for different training sample
sizes D. The performance of a foundation model pre-trained on AOJ (far left) is compared to a model trained from scratch
(center left). The generation quality is compared across several high level features of the jets. Two quantitative metrics, the
Kullback–Leibler divergence (center right) and Wasserstein-1 distance (far right), are computed as a function of the training
sample size D to compare how well the generated jets from each model matches the target distribution from JetClass. We also
report the mean value and the envelopes over 5 trainings with different random seeds. When applicable, we also show power-law
fits∝ D−γ to the metrics.

peak characteristic of QCD jets to the top-quark resonance peak atmt = 175GeV. Additionally, the model
must transition from generating 1-prong QCD jets to 3-pronged top-quark jets, as reflected in the horizontal
gap between the peaks in the τ 32 substructure distributions. Despite these obstacles, we find that transfer
learning consistently outperforms training from scratch when using smaller datasets. For example, the
top-quark mass, represented by the mode in the jet mass distribution, is learned with good precision by the
fine-tuned model using a training dataset of only 10K jets. In contrast, the model trained from scratch
requires an order of magnitude more data to achieve comparable performance. A similar trend is observed
for the τ 32 distribution, where transfer learning morphs the AOJ jets into JetClass top-quark jets, achieving
competitive results with only 100K training jets. In comparison, models trained from scratch fail to generate
jets with a reliable substructure for training sample sizes below 1M jets.

3.4. Power-law scaling
Finally, we observe that the performance metrics for the fine-tuned models, when not in the saturated
regime, seem to follow a power-law scaling of the form D−γ with respect to the training sample size D.
Neural scaling laws, such as these, have attracted broad interest and have been analyzed extensively in various
settings in recent years, see [56] for a nice overview of the ML literature and original references. In particular,
they have been observed in the context of jet classification [57]. We find that the exponents for a wide range
of high-level observables are consistently within the range 0.2< γ < 0.45 (see dashed lines in figures 3
and 4). This scaling behavior holds for both the KL and Wasserstein-1 metrics and applies to both QCD and
top-quark, suggesting a form of universality. The only exception to this scaling is the particle multiplicity
distribution, which shows a more irregular dependence on the training sample size. Previous scaling law
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behavior has been observed as a function of the loss of the model, not on such hand-crafted metrics.
However, due to the different tokenizers used in the from-scratch and the AOJ fine-tuned model, the losses
for the generation objective are not directly comparable, making statements of true scaling comparisons
difficult. We leave further investigation of this apparent scaling behavior to future work.

In contrast, the randomly initialized models trained from scratch are not seen to follow such universal
scaling across most physical observables. The reason behind this may be that these operate in the small-data
regime [58], where their performance is limited by the lack of sufficient training data. In this regime, models
can only perform marginally better than random guessing, as each additional sample provides limited new
information for learning. The breaking of scaling is particularly evident for the jet substructure features, such
as τ 21 for QCD and τ 32 for tops, and to a lesser extent for the jet mass, where the performance metrics
exhibit irregular and dataset-dependent scaling as the training sample size increases. Only after the model
has seen sufficient training data, approximately around 1M jets, does the training stabilize, resulting in
reliable jet substructure and jet mass modeling. While further studies into these scaling laws need to be
performed, the observed discrepancy highlights the possible advantage of pre-training in achieving a more
robust and systematic improvement in generative performance.

4. Conclusion

We are releasing the AOJs dataset, which comprises 178million jets from CMS open data, in a standard
machine learning-friendly format. This dataset provides an excellent resource for exploring foundation
models and other machine learning techniques that use large, unlabeled datasets for pre-training.

In addition, we present the first jet-based foundation model in high-energy physics trained on real
collider data from the AOJ dataset. By using this rich dataset to pre-train a foundation model, we show that
fine-tuning for specific tasks—such as generating jets of different types in different kinematic
regions—yields significant performance improvements over models trained from scratch, and boosts the
achievable downstream performance on small labeled datasets. In particular, the generative performance of
our foundation model scales predictably with training sample size, facilitating effective transfer learning.
This demonstrates the power of foundation models to provide improved performance even over significant
domain shifts.

We hope that this study will encourage further engagement with open data from LHC experiments, and
promote advances that bridge phenomenological studies and deployment in actual experiments.
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Appendix. CMS samples

MC samples provided by CMS were used to estimate the composition of the AOJ sample. CMS uses a variety
of generators for the simulation different physics processes, including MADGRAPH5_AMC@NLO [43],
PYTHIA [44], and POWHEG [59–61]. Each sample uses PYTHIA with the underlying event tune CP5 [62]
to simulate the parton shower and hadronization. All samples use the NNLO NNPDF 3.1 parton distribution
functions [63–65]. Some physics processes are split into several samples covering different kinematic regions.
Each sample is normalized to the appropriate cross section.

To estimate the number of fully mergedW, Z, top, and H→ bb̄ jets the corresponding MC samples were
used. A matching criteria was applied based on truth-level information from the generator to ensure the
estimate reflected the number of fully-merged jets of each type. For each heavy resonance, generator-level
information was used to check that all the quarks from the heavy resonance decay were within∆R< 0.8 of
the reconstructed AK8 jet found by our selection. The remaining 99.5% of jets not estimated to be heavy
resonance decays are assumed to be QCD. The resulting numbers should be considered rough estimates, as
the MC modeling of these signals is imperfect, and the estimates do not incorporate corrections to the
simulated trigger and reconstruction efficiency typically employed in physics analyses by CMS.

Table 2 lists the CMS data and MC samples used and their corresponding cross sections.
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Abstract
Next token prediction (NTP) is an attractive pre-training task for jet foundation models, in that
it is simulation free and enables excellent generative capabilities that can transfer across datasets.
Here we study multiple improvements to NTP, building on the initial work of OmniJet-α. Instead
of tokenizing particles and subsequently only using the token-IDs as the model input for both the
generative and the classification task, we adopt a hybrid setup, which allows us to use continuous
feature vectors as model input while only using token-IDs in the NTP target. Secondly, we explore
a combined pre-training strategy that combines masked particle modeling and generative learning
objectives. Taken together, these changes greatly improve the performance in downstream classifi-
cation tasks without any loss in generative performance.

1. Introduction

Foundation models [1] applied to high energy physics (HEP) data have recently received substantial
interest, motivated by their ability to generalize to previously unseen datasets and tasks. Jet physics in
particular has been a key target for the development of HEP foundation models (see [2] for a recent
review), due to its wide practical relevance across LHC and future collider experiments, and its well-
established role as benchmark for machine learning algorithms [3].

Much of the activity so far in the development of foundation models for jets has centered around
exploring different approaches to pre-training and fine-tuning in order to optimize the expressivity of
the learned representations and the performance on downstream tasks. For example, there have been
many different proposals for the pre-training objective. These range from predicting a missing entry,
based either on masking [4–8] or next token prediction (NTP) [9], to classification [10–14], data aug-
mentation and contrastive learning [15, 16] or a combination of tasks [11–13]. Despite all these efforts,
it remains unclear to what extent different pre-training methods produce representations that align well
with the demands of downstream tasks. Different pre-training objectives correlate strongly with perfor-
mance on downstream tasks: for instance some approaches enable classification but not generation or
vice versa. This is clearly an unsatisfactory situation for the HEP foundation model paradigm.

Another dividing line is the reliance on ground-truth information in the training phase, which deter-
mines whether they can in-principle be trained using data or whether simulation is required. While
simulation-based approaches [10–15, 17] can leverage supervised training on high-fidelity simula-
tions, simulation-free approaches [4–9, 16, 18] have the potential to be trained directly on the copious
amounts of real LHC data.

This work focuses on OmniJet-α [9] as the only model with demonstrated generative capabilities and
transfer learning between tasks that can be fully trained on data. However, these advantages so far came
at a price, namely a sub-optimal performance when considering downstream classification tasks. Here,
we identify and improve upon two limitations of the original OmniJet-α approach, stemming from it
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being an autoregressive GPT-like model. In both cases, we modify the architecture to align more closely
with the nature of our physics data, while maintaining the attractive simulation-free and generation-
capable properties.

First, we show that using tokenized input during the classifier training harms classification ability.
The main reason for tokenization is that it improves generative pre-training and generative downstream
performance. However, due to information loss and possible artifacts [19], tokenization might not be the
most optimal choice. To circumvent these issues, we present an improved hybrid setup for NTP based
pre-training, where the input feature vectors are continuous while the pre-training targets remain token-
IDs. Allowing for continuous input significantly increases the classification capabilities of our model,
while keeping the token-IDs as targets for the pre-training preserves the generative performance.

Second, we revisit the pre-training task. It is known from natural language processing (NLP) that
models based on causal attention and NTP excel at generation, whereas bi-directional approaches using
masking produce rich contextual embeddings. Recent works that have focused on combining the two
training objectives include [20–26]. While OmniJet-α has strong generative capabilities due to its NTP
pre-training, we hypothesize that tasks such as jet classification require a contextual understanding of
the jet constituents which may be better served by bi-directional pre-training like masked particle mod-
eling (MPM) [4, 5] and other methods based on masked prediction [6–8]. Inspired by the results from
the NLP literature, we investigate the performance of both NTP and MPM during pre-training and sub-
sequent fine-tuning to classification, including a setup that combines both training objectives. We show
how pre-training on both next and masked token prediction simultaneously leads to a drastic improve-
ment of downstream classification performance, while maintaining the generative capabilities.

The rest of this paper adheres to the following structure: section 2 describes the used datasets,
reviews the original OmniJet-α method and its limitations, and details the modifications we introduce
to address them. Section 3 reports the performance gains from (i) adapting to a continuous model input
and (ii) updating the pre-training objective to combine next token and masked token prediction. Our
conclusions are presented in section 4. Additional details, analyses and ablation studies are provided in
appendices A–D.

2. Setup

The model is implemented in PYTORCH [27] and LIGHTNING [28]. Furthermore, we use the open
source software libraries in [29–40]. The overall architecture of the model is similar to the one used in
OmniJet-α, with a few minor updates outlined in appendix A.

2.1. Datasets
Two datasets are used in our studies: the JetClass [10, 41] dataset and the top tagging dataset [3, 42].

The JetClass dataset contains 100 M training jets from simulated proton-proton collisions at the
LHC. It contains ten different jet types, with the individual jet types corresponding to one background
jet type (quark- or gluon-initiated jets) and nine signal jet types where the jet originates from the
decay of a top quark, a W, Z or Higgs boson. The individual jet types are: q/g, t→ bqq ′, t→ bℓν,
W→ qq ′, Z→ qq̄, H→ bb̄, H→ c̄c, H→ gg, H→ 4q, H→ ℓνqq ′. The events are simulated with
MadGraph5_aMC@NLO [43]. Pythia8 [44, 45] is used for parton showering and hadronization, and a
simplified detector simulation is performed with Delphes [46] using the CMS [47] detector card. The
particles are clustered with the anti-kT [48] algorithm with a distance parameter of R= 0.8, and only
jets with a transverse momentum in the range of 500GeV< pT < 1000GeV and a pseudorapidity of
|η|< 2.0 are included in the dataset. The JetClass dataset is a widely used, public benchmark dataset for
studies in the domain of pre-training methods for jet physics. The pT range used in JetClass corresponds
to boosted jets, where heavy particles (t, W, Z, H) are fully contained within the jet. Further details on
the JetClass dataset can be found in [10].

The top tagging dataset contains q/g jets as well as t→ bqq ′ jets. This dataset is significantly smaller
than the JetClass dataset, with 1.2 M training jets. It contains jets extracted from LHC events that were
simulated with Pythia8 [44, 45] and Delphes [46] using the ATLAS [49] detector card. The jets are clus-
tered with the anti-kT [48] algorithm with a distance parameter of R= 0.8, and are required to have
|η|< 2.0 and a transverse momentum in the range of 550GeV< pT < 650GeV. While the pT-ranges of
the two datasets used here overlap, earlier work such as [18] showed successful transfer learning across
datasets with different pT ranges.
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Figure 1. The high-level architecture of the OmniJet workflow: (a) the pre-training based on next token prediction, (b) the gen-
erative model obtained from unsupervised pre-training and (c) the classification model obtained from supervised fine-tuning.
Our new approach uses continuous feature vectors as input, both for the generative and classification tasks. Token-IDs are shown
as ti, with ts corresponding to a start token and te corresponding to an end token. The continuous feature vectors are shown as c⃗i,

and the pseudo-continuous feature vectors (i.e. the decoded token-IDs) are shown as d⃗i. In the continuous input case, the start

token is a trainable embedding d⃗s.

2.2. Original OmniJet-αmethod
An overview of the method of the original work is shown in figure 1 (upper row). In the orig-
inal OmniJet-α work jet constituents are first tokenized with a vector quantized autoencoder
(VQ-VAE) [4, 50, 51] to obtain a discrete representation of the continuous input features, in the fol-
lowing referred to as token-IDs, denoted as ti. A transformer architecture is used for both the encoder
and decoder of the VQ-VAE, which means that both the encoding and the decoding of a particle is con-
ditioned on the other particles present in the sequence. Thus, each particle is mapped to a single token-
ID, but the other particles present in the sequence can influence the tokenization process. This allows
the tokenizer to cover the physical space more accurately as opposed to unconditional tokenization. The
VQ-VAE is trained as an individual step before any pre-training is performed, and is frozen during the
pre-trainings. The pre-training is performed on the NTP task. Afterwards, the integer number token-IDs
are used as input for both the generative and classification tasks.

A key advantage of the original OmniJet-α setup is that generative pre-training produces good gen-
erative models that can be transferred to different datasets with minimal fine-tuning [18], and earlier
studies have shown that such models are directly useful for anomaly detection [11, 12, 52]. Beyond this
immediate utility, the same pre-training was shown to significantly improve classification performance
relative to training from scratch. However, the absolute classification performance obtained in this way
still falls short of the current state-of-the-art. As we will show with the modifications to OmniJet-α
detailed in the next subsection, this performance gap arises from the original design choice to use the
discrete token-IDs as model input, as well as from the limited contextual representation learned under a
NTP objective.

2.3. Modifications
2.3.1. Continuous-input NTP
The main advantage of using continuous input vectors is that the downstream classification task can
operate directly on the full resolution feature vectors c⃗i, ensuring that the model does not suffer from
tokenization-induced loss of information in this task. With this goal of improving downstream classi-
fication performance, we use continuous feature vectors as model inputs while token-IDs serve only as
NTP targets, following the hybrid setup employed in prior works. The general framework is shown in
figure 1(bottom row): during pre-training, the model acts on pseudo-continuous feature vectors, denoted
in figure 1 as d⃗i, which refers to the continuous representations of the tokenized inputs (i.e. the decoded
token-IDs). During autoregressive jet generation, the decoding of token-IDs is integrated into the autore-
gressive generation loop. Note that this additional decoding step is not needed during training, as the
whole sequence of particle tokens is fed to the model at once.
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Figure 2. Schematic overview of the different pre-training strategies: (a) next token prediction (NTP), (b) masked token predic-
tion (MPM) [4, 5], and (c) joint NTP and MPM. Token-IDs are shown as ti, continuous feature vectors as c⃗i, pseudo-continuous

feature vectors as d⃗i, the mask embeddings as m⃗i. The vectors e⃗i represent the backbone output and n⃗i and y⃗i represent the next
and masked token predictions, respectively. The particles are not pT-sorted, but with positional encoding the information of the
pT-order within the masked subset is recovered: in this example, the first masked particle (position 1) is assumed to have smaller
pT than the second masked particle (position 4), which is why they are re-introduced as m⃗2 and m⃗1 respectively when using posi-
tional encoding.

2.3.2. Masked token prediction
Following masked modeling approaches in NLP and computer vision [53–58], masked modeling was
introduced for jet physics in the form of MPM [4, 5]. Although MPM does not produce a generative
model out of the box, it has demonstrated competitive classification performance. Since the pre-training
strategies of MPM and our method differ mainly in whether the model predicts masked particles or the
next particle, it is a close relative to our method and we include it in our setup in order to study the
effects of masked token versus NTP on the classification task performance.

In the MPM setup, shown in figure 2(b), a fraction of the input particles is masked. The masked
particles are removed from the input and only the particles that survived this masking step are passed
to the transformer backbone. After the backbone, the masked particles are reinserted into the sequence
in the form of mask embeddings m⃗i, which are trainable embeddings that are initialized with Gaussian
noise and are learned during training. Positional encoding is applied to these reinserted mask embed-
dings via a relation between the index i and position in the pT-sorting: the index i refers to the position
of a masked particle in the pT-sorted subset of masked particles. That is, the ith highest pT masked par-
ticle is reintroduced to the jet (after the backbone) as m⃗i. The model head is then tasked to predict the
token-ID of the masked positions. The main difference in our implementation compared to the original
MPM works is that we use a significantly smaller backbone model, which is described in more detail in
appendix A.

A natural question is whether the benefits of MPM stem from its objective (predicting masked
tokens) or some difference in the neural network architecture. The main difference is the use of bi-
directional attention in MPM (required by the permutation symmetry that comes with treating the
jets as point clouds), compared with the causal attention used in NTP (required by treating the jets
as sequences). To address this, we implement a version of MPM that uses a causal attention mask in
the backbone transformer as well as in the model head, in the following referred to as MPM-Causal.
This setup preserves the causal attention structure of NTP while changing only the prediction objec-
tive, allowing for a controlled comparison between the two factors. A masking rate of 40% is used in all
MPM(-Causal) trainings as this was found to be the optimal masking rate in [5].
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Figure 3. Comparison of the jets that are generated by the token-ID-input and the continuous-input model, as well as the jets
from the JetClass dataset on particle-level (top row) and jet-level (bottom row). The first and last bins show the under- and over-
flow bins, respectively. The jets shown for the JetClass dataset are tokenized and subsequently decoded, representing the target of
the generative model.

2.3.3. Joint next and masked token prediction
To investigate if the advantages of both next and masked token prediction can be combined, we imple-
ment a joint pre-training. An illustration of the joint setup is shown in figure 2(c). This joint pre-
training is realized by having two model heads, predicting the next token logits and the masked token
logits, respectively. The two individual loss terms are simply added without any further modification.
Two backbone forward passes are performed during pre-training. The forward pass for the masked
token prediction is performed the same way as for pure MPM, i.e. with bi-directional attention and with
positional encoding. For the NTP all jet constituents are used as input and the causal mask is applied.
Furthermore, so as to not force the NTP backbone to align its output too strongly with the generative
task, we use a transformer in the NTP head in addition to the simple unembedding layer that the orig-
inal OmniJet-α was trained with. This allows the model to further modify the backbone representation
with causal attention before projecting the representation to next token logits.

3. Results

We pre-train the backbone on the whole 100 M-jet training set of the JetClass dataset for each pre-
training strategy. Afterwards, we evaluate the quality of the generative model (in cases where the pre-
training involves NTP) and quantify the effectiveness of the different pre-training strategies by fine-
tuning the pre-trained models on jet classification. Unless otherwise specified we restrict the set of
input features to the kinematic features (particle pT, ∆ϕ and ∆η), as the other features included in the
JetClass dataset are not available in the top tagging dataset3.

3.1. Token-ID input vs continuous input
We first verify that the change of input structure from token-IDs to continuous feature vectors can be
accomplished without sacrificing the performance of the corresponding generative model. The jet and
particle-level distributions obtained from generated jets of the two different input types is compared to
their target distributions in figure 3. For both models the particle-level distributions of the generated jets
show very good agreement with the jets from the JetClass dataset and small deviations from the target

3We investigate the effect of extending the feature set to include the particle-ID and trajectory displacement information of the jet
constituents for a model pre-trained with NTP using continuous inputs, and observe, as expected, a significant improvement in the
classification capabilities. This study is shown in appendix C.
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Figure 4. Comparison of token-ID input vs continuous input classification performance: (a) for multi-class classification perfor-
mance on the JetClass dataset (all 10 jet types, in-distribution transfer learning) and (b) for binary classification performance on
the top tagging (out-of-distribution transfer learning) as a function of the number of training jets.

distribution on jet-level features. The change in input structure (continuous feature vectors instead of
token-IDs) thus does not harm the performance of the generative model.

The positive effect of the continuous input on the classification performance is shown in figure 4(a)
for in-distribution and in figure 4(b) for out-of-distribution transfer learning. For in-distribution trans-
fer learning, we fine-tune the model on multi-class classification (10 classes) on the JetClass dataset with
training dataset sizes between 1 k and 100 M jets. As expected, the from scratch model, i.e. the base-
line model without any pre-training, performs significantly better with continuous input features than
with token-ID inputs for all dataset sizes. This demonstrates that the tokenization alone can significantly
harm the classification performance.

The pre-trained models improve the performance compared to their respective from-scratch models
in both the token-ID and the continuous case. In the token-ID input case, the pre-trained model out-
performs the from-scratch model for all dataset sizes except for the largest dataset size. In the largest
dataset size regime, at 100 M jets, the from-scratch model catches up with the fine-tuned model, which
indicates that the model has seen enough training data to learn the relevant features from scratch and
using the pre-trained weights as initialization does not provide a benefit anymore. Meanwhile, in the
continuous input case, we still observe a performance gain from generative pre-training for small dataset
sizes, while the from-scratch and fine-tuned model converge to a similar performance for training
dataset sizes of 1 M jets or more.

For the out-of-distribution transfer learning we fine-tune the model on the binary classification task
on the top tagging dataset. The dataset range for this study is between 1k and 1.2 M jets, with the latter
being the full training dataset size of this dataset. We see very similar trends as for in-distribution trans-
fer learning, with a clear performance gain when using continuous input features instead of token-ID
input features. In this case, generative pre-training offers an improvement over the from-scratch base-
line for the whole dataset range, both for the token-ID input and the continuous input case. While the
continuous input classifier presented here is still outperformed by jet taggers that pre-train in a super-
vised manner directly on a classification task, like ParT [10], L-GATr [59, 60] or OmniLearned [13],
this is expected as these studies, in contrast to state of the art models, do not make use of either physics
inspired interaction features, class labels, or Lorentz-equivariant model architectures.

3.2. Comparison of different pre-training objectives
For the comparison of different pre-training strategies (NTP, MPM and joint), we pre-train with con-
tinuous inputs on the JetClass dataset with the kinematic-only feature set and fine-tune on the top tag-
ging dataset. The results of this comparison are shown in figure 5. All investigated pre-training strategies
lead to an improvement over the baseline for the whole range of training dataset sizes, except for the R30
metric4 at a training dataset size of 1000 jets where the fine-tuned NTP model performs slightly worse
than the from-scratch baseline. This could be due to the fact that the difference between the pre-training
task (NTP) and the target task (classification) is too large, with the model not being able to adjust to

4 The R30 metric is the background rejection at 30% signal efficiency.
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Figure 5. Classification performance on the top tagging dataset with different pre-training strategies: (a) the classifier accuracy
and (b) the background (q/g-jet) rejection at 30% signal (top-jet) efficiency. All models use continuous feature vectors as input.

Figure 6. Comparison of the generative models trained with NTP only vs joint NTP and MPM. The jets shown for the JetClass
dataset are tokenized and subsequently decoded, representing the target of the generative model.

the target task with only 1000 training jets during fine-tuning. Additional evidence for this interpreta-
tion is provided in appendix D, where fine-tuning with a fixed backbone shows that NTP-pretrained
representations are substantially less aligned with classification than those obtained from MPM or joint
pre-training.

While pre-training with NTP leads to a significant improvement over the from-scratch baseline, it is
outperformed by the other pre-training strategies with the best performance being achieved by MPM.
The MPM-Causal setup (i.e. predicting masked tokens with causal attention) performs similarly to the
NTP setup. This indicates that the classification performance gains seen in MPM are not solely due to
the masked prediction objective itself. The different attention mechanisms (bidirectional vs causal) also
plays an important role. Apparently, bi-directional attention allows the model to develop a contextual
understanding in a better way than causal attention does.
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The joint pre-training clearly outperforms the standard NTP pre-training and results in a classifica-
tion performance close to that of pure MPM. At the same time, as shown in figure 6, we observe that
the generative capabilities of our model are not reduced by the joint training on NTP and MPM, with
both models showing very similar agreement with the target distribution, both on particle level and on
jet level.

4. Conclusion

When transplanting the methods of transformer-based foundation models from their origins in the
modeling of language to their new home in solving problems in jet physics, their assumptions need to
be revisited. For example, while the concept of tokens naturally fits data that can be seen as composed
from discrete elements—such as words or word fragments—another representation might suit the typ-
ically continuous, high resolution read-outs of modern particle detectors better. Moreover, it is not yet
clear which pre-training strategy or strategies best fit the specific downstream tasks that are of interest to
particle physicists.

In this work, we have investigated these two questions: the effect of tokenizing inputs, and of set-
ting useful pre-training tasks. We first found that a hybrid approach with respect to tokenization can
combine the best of both worlds. While the learning target for the generative pre-training step remains
tokenized, it uses continuous feature vectors with limited resolution (obtained by the decoder of the
VQ-VAE that created the tokens in the first place) as input. This allows the model to keep its strong
generative performance, while not restricting the input format to be tokenized. The model can then be
fine-tuned directly to classify using full-resolution continuous inputs, leading to drastic improvement of
classification performance as it is no longer limited to using token-IDs as input.

Next, we turned to the fairly subtle difference between predicting subsequent tokens (NTP) and pre-
dicting randomly masked-out tokens (MPM). Naively, the difference seems marginal. However, empir-
ically, a non-trivial difference in performance can be observed. To better understand this behavior, we
introduced the causally-masked version of MPM, allowing particles to only attend to their predecessors
and thereby blocking the bi-directional attention. As this causal MPM version performs almost on-par
with the generative NTP approach, one can conclude that the bi-directional attention of MPM plays
a major role in aligning the learned representation for the classification task. Finally, we investigated
a joint NTP/MPM pre-training scheme and showed that it is both possible and beneficial: combining
both objectives improves on the downstream classification performance while maintaining the genera-
tive fidelity of pure NTP training. Evidently, enhancing the learned representation via some injection of
MPM training does not adversely affect the generative power of NTP pretraining.

As both generative and predictive tasks are crucial applications of a successful foundation model of
jet physics, the hybridization options developed in this work will aid the successful implementation of
such a model. Beyond the ideas considered here, one might further investigate whether other tokeniza-
tion schemes could yield performances surpassing the VQ-VAE—especially as the number of features
is further increased. Alternatively, one could explore whether generation could even be achieved while
fully avoiding discrete tokens [61]. Finally, these hybrid ideas could also point towards approaches that
include physical priors more explicitly, while retaining the flexibility of foundation models.
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Appendix A. Model architecture and training details

A.1. Backbone architecture changes
Compared to OmniJet-α, which uses post-norm transformer blocks based on [63], we use pre-norm
transformer [64] blocks in the backbone architecture as this choice is more common in modern trans-
former architectures. Furthermore, we add LAYERSCALE [65] to the architecture, but instead of initial-
izing the per-channel weights with a small value as commonly done, we use a value of 1 as we found
this initialization strategy to be more effective in practice in our trainings. We also add registers [66]
to the backbone architecture which was found to slightly improve classification performance in initial
studies. Overall we use a smaller backbone compared to OmniJet-α by using 8 transformer blocks with
an embedding dimension of 128 instead of 3 transformer blocks with an embedding dimension of 256.
Moreover, this leads to a much smaller backbone compared to the MPM work, which uses 8 transformer
blocks with an embedding dimension of 512. The smaller model size in this work was chosen as we
found that a larger backbone did not lead to better results in initial experiments. The token-ID-input
backbone has 2.6 M parameters as opposed to 4.5 M parameters in the original OmniJet-α work. The
number of parameters is further reduced in the continuous-input backbone, which has 1.6 M param-
eters. The much larger number of parameters in the token-ID-input case is due to the trainable token
embedding layer for the token-ID input (which maps 8192 token-IDs to the embedding dimension 128
of the backbone), resulting in around 1 M additional parameters. Finally, the backbone model is con-
ditioned on the number of particles, as the continuous-input generative model was found to struggle
with correct end token prediction when not using this conditioning in early tests. For the case where
the model acts as a generative model, we fit a kernel density estimate (KDE) on the distribution of the
number of particles per jet, from which we sample to generate the conditional information for jet gen-
eration5. We combine jet-level information (i.e. the number of particles) with the per-particle informa-
tion by first projecting both the jet-level and the particle-level feature vectors with a linear layer to the
embedding dimension of the backbone, and then adding the jet-level embedding to each particle embed-
ding. The details of the backbone architecture and hyperparameter choices are listed in table 1. Due to
computational constraints, no dedicated hyperparameter optimization was performed. Instead, a few
configurations were tested, and we selected configurations that were found to lead to stable training per-
formance while also not requiring an unnecessarily large model.

A.2. Token prediction head
As in the original OmniJet-α work, we use a linear layer to project the backbone output to the logits
of the token-IDs when training on the NTP target only. The token prediction head used for MPM, as
well as the token prediction head used for the NTP prediction in the joint pre-training consists of two
transformer blocks with the same embedding dimension as the backbone, followed by a linear layer to
obtain the masked and next token logits, respectively.

A.3. Classification head
Compared to OmniJet-α we adapt the classification head to feature two class-attention blocks [10, 65]
followed by a linear layer (instead of two linear layers with a summation over all particles between
them) to obtain a more capable classification head. Furthermore, we do not apply the causal mask in
the backbone in classification mode as this is an unnecessary restriction on the model’s capacity when
trained for classification. The classification head adds another 400 k parameters to the model, leading
to a total of 2 M trainable parameters in the continuous-input classifier, which is similar in size to the
OmniLearn [11, 12] or ParT [10] models.

5 The generated values from the KDE are clipped to be larger than zero and subsequently rounded to the closest integer number.
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Table 1. Backbone model hyperparameters.

Hyperparameter Value

Number of transformer blocks 8

Embedding dimension 128

LAYERSCALE initialization value 1.0

Optimizer Ranger [68–70]

Learning rate 0.001

Batch size (if Ntrain > 10000) 1000

Batch size (if Ntrain ⩽ 10000) 100

Table 2. VQ-VAE model hyperparameters. For further information on
α, β and ν see [37, 51].

Hyperparameter Value

Number of transformer blocks (encoder) 4

Number of transformer blocks (decoder) 4

Embedding dimension 128

LAYERSCALE [65] initialization value 1.0

Optimizer Ranger [68–70]

Learning rate 0.001

Batch size 1000

Codebook size 8192 (kin.)

32 768 (ext.)

α 10

β 0.9

ν 1

Replacement frequency 500 steps

A.4. VQ-VAE architecture changes
As the hybrid setup with continuous input and token-ID prediction requires on-the-fly decoding of
token-IDs during the generation loop, the VQ-VAE has to be trained with a causal mask in the decoder.
Additionally, we use the same transformer block architecture as in the backbone model, instead of the
NormFormer [67] architecture that was used in OmniJet-α. The vector quantization is implemented
using the vqtorch [37] library. The VQ-VAE hyperparameters are listed in table 2. As for the backbone,
no dedicated hyperparameter tuning was performed, rather, a few configurations were tested and found
to lead to stable results.

A.5. Training details
All models are trained with the Ranger [68] optimizer, which uses the Lookahead [69] optimizer with
RAdam [70] as the inner optimizer. A constant learning rate of 10−3 and a batch size of 1000 is used for
all trainings except for trainings where we use 10k jets or less, for which we use a batch size of 100. Pre-
trainings are performed for a total of 1 M steps, with the final model state being used for evaluation.
Classification trainings are performed for up to 1 M steps as well, but with early stopping based on the
validation loss. Classification runs are repeated with five different random seeds and the average and
standard deviation of the five runs is reported. The model state with the lowest validation loss is used
for evaluation in classification runs.

Appendix B. Performance of the VQ-VAE

A comparison of both particle-level and jet-level features of the original JetClass dataset and the distri-
butions obtained after tokenization (and subsequent decoding with the VQ-VAE decoder) are shown
in figure 7. As can be seen in the distribution of the trajectory displacement d0, the VQ-VAE struggles
to accurately reproduce this distribution. We found this feature to be very challenging to encode with
a VQ-VAE, given that it features a very sharp peak at 0 with long tails towards small and large values.

10



Mach. Learn.: Sci. Technol. 7 (2026) 035042 J Birk et al

Figure 7. Comparison of the original JetClass dataset and the corresponding distributions obtained after tokenization. The tok-
enized datasets are the target for the generative models for the two feature sets investigated in this work: kinematics-only (kin.)
and the extended feature set (ext.). Particle features related to trajectory displacement (d0 and σ(d0)) are only shown for charged
particles.

However, we leave further studies regarding high-resolution tokenization of those features for future
work.

Appendix C. Extending the feature set

To further improve the performance and utility of our models, we extend the input feature set of our
model. We add the particle mass as well as the particle-ID and the trajectory displacement features to
the input feature set of the model. A new VQ-VAE is trained for the extended feature set, using a code-
book size 4 times larger than for the standard feature set, and a model is subsequently pre-trained with
NTP.

The generative performance obtained with the two different input feature sets is shown in figure 8,
which shows the particle pT and two of the newly added features, the particle charge and the transverse
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Figure 8. Comparison of the jets that are generated by the continuous-input model using the kinematics-only (kin.) and the
extended feature set (ext.). The dotted lines show the distributions obtained from tokenization and subsequent decoding of the
JetClass dataset with the corresponding VQ-VAE. The solid lines show the distributions obtained from the generative models.
The ratio panels show the ratio between the distribution obtained from the generative model and the corresponding target distri-
bution (which is shown in the same color in dotted linestyle).

Figure 9.Multi-class classification performance on the JetClass dataset (all 10 jet types) as a function of the number of training
jets comparing the different pre-training strategies with the corresponding from-scratch baselines for the kinematics-only (solid)
and the extended feature set (dotted).

impact parameter d0, as well as several jet level features. The two dotted reference lines in figure 8 corre-
spond to the different VQ-VAEs used for the two different feature sets, leading to slightly different target
distributions during the generative training.

The model trained on the extended feature set shows similar performance on observables related to
the kinematics of the particles (both on particle- and jet-level). The smoother distribution of the parti-
cle pT in the extended feature set case arises from the VQ-VAE having a larger codebook size. Both the
particle charge distribution and the d0 distribution show good agreement with the corresponding target
distribution.

By extending the input feature set, the classification performance is drastically improved as can be
seen in figure 9. This overall improvement is expected as those features are known to be useful for jet
tagging. The performance when trained on the whole JetClass dataset using the extended feature set

12
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Figure 10. Classification performance on the top tagging dataset when fine-tuning with a fixed backbone.

leads to an accuracy of 85.7% in the baseline case whereas the kinematics-only model reaches an accu-
racy of only 70%. Generative pre-training leads to a notable improvement in classification performance
for dataset sizes up to 1 M jets when using the extended feature set. For larger training dataset sizes, the
performance of the pre-trained model converges to the performance of the from-scratch model.

Appendix D. Fine-tuning with fixed backbone representations

To investigate how aligned the pre-trained backbones are with the classification task, we perform classifi-
cation fine-tuning where we only train the classifier head, shown in figure 10. While MPM and the joint
pre-training perform better or on-par with the baseline model (in which also the backbone weights are
allowed to change during training) for all dataset sizes, this is not true for MPM-Causal, which is out-
performed by the from scratch model at a dataset size of 1.2 M training jets. Even more notable is the
behavior for the model that is pre-trained with NTP: this model is outperformed for the whole training
dataset range, meaning that this backbone representation does not offer an advantage over the baseline
when the weights are not adapted during fine-tuning6.

In order to explore this behavior in more detail, we study the gradients, validation loss and val-
idation R30 for the different setups. Figure 11(a) (left) shows the norm of the gradient of the back-
bone model for the individual runs from figure 10 at a dataset size of 10 000 jets. The backbone model
obtained from NTP pre-training shows drastically larger gradients compared to the other methods.
MPM, MPM-Causal and NTP+MPM have larger gradients than the from-scratch baseline (where the
backbone is allowed to change) indicating that there remains significant gradient signal to update the
frozen weights. However, those models still converges to a lower validation loss, as shown in figure 11(a)
(middle). This is not true for the NTP model, which indicates that the representations obtained from
this pre-training are not as aligned with the classification task as the ones of the other methods, or at
least is less suited for subsequent fine-tuning to classification in a model with bi-directional attention
model. We note that by switching from causal attention during pre-training to bi-directional attention
during fine-tuning, the fixed representation is being used in a way that it was not trained for. And since
it is fixed, it is not able to adapt. Figure 11(b) shows the corresponding behavior when using causal
attention in the classifier training. The fine-tuning of the NTP-pre-trained model is significantly more
stable, with the loss decreasing faster and smoother. Furthermore, the gradients show a similar behavior
as the fine-tuning of the MPM-causal backbone. This supports the hypothesis above, that the direction-
ality is an important component contributing to the performance loss. However, it is not a complete
explanation as the fixed NTP backbone still lead to worse classification performance in this scenario. We
hypothesize that the reason for this is that the output representation of the fixed NTP backbone will be
too strongly aligned to the generative task making it more difficult to adapt to the classification task.
In order to investigate whether this can be mitigated, we compare fine-tunings with both fixed and

6 This effect did not show up in the original OmniJet-α work, which used token-IDs as input rather than the continuous feature vec-
tor input used here. We believe that the baseline model in that case struggles with classification because it also needs to ‘decode’ the
information contained in the token-IDs. The pre-training likely performs some of this decoding while training on the generative task,
allowing it to outperform the baseline model. Using continuous input allows the classifier to completely bypass the token-IDs, making
this baseline model more capable compared to that of [9].
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Figure 11. Evolution of the backbone’s gradient norm, as well as the validation loss and R30 as a function of the training step.
For each pre-training strategy five different runs are shown, corresponding to the five different runs with 10 000 training jets in
figure 10. The snowflake symbol indicates that the weights of the backbone are fixed. The left–right arrow in the legend indicates
that bi-directional attention is used in the backbone whereas a left arrow indicates that attention is only allowed to previous
particles in the sequence (i.e. causal attention). The rolling average is shown for better readability. We show the average of the
last 30 logged values of the gradients, which are logged every 20 training steps, and the average over the last 4 epochs for the
validation loss and validation R30.

Figure 12. Classification performance on the top tagging dataset for NTP pre-trained models with two different architectures in
the model head: Linear head corresponds to the model head being a single linear layer, whereas Transformer head corresponds to
a model head with two transformer blocks and a linear layer.

trainable backbones for the default case where the NTP head is just a single linear layer to fine-tunings
where the NTP head contains two transformer blocks and a subsequent linear layer like the MPM head.
The classifier architecture is the same in all cases, only the head during pre-training differs between the
different approaches. As shown in figure 12, while the performance with the fixed backbone improves,
both pre-training architectures perform similarly in the subsequent fine-tuning when the backbone
weights are allowed to change as well.
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Foundation models (FMs) trained on large datasets and fine-tuned on downstream tasks have
emerged as a powerful paradigm in AI for science. Industrial FMs are typically trained using self-
supervision with masking due to the lack of labels. In many scientific domains, accurate simulations
are plentiful and facilitate large, labeled datasets. This opens up new possibilities for pre-training.
We present a systematic comparison of pre-training methods using the OmniLearned High En-
ergy Physics FM framework. We test supervised classification, flow-matching generation, and self-
supervised masked particle modeling. All models are pre-trained on the JetClass dataset and fine-
tuned on two representative downstream tasks, top jet classification and JetNet conditional gener-
ation. Among other observations, for classification tasks, we find that pure classifier pre-training
is optimal when downstream labels and model capacity are plentiful, but combining it with self-
supervised masked particle modeling (MPM) is uniquely powerful in the low-finetuning label regime.
Flow matching-based generative pre-training seems to provide little benefit for downstream classi-
fication, and interestingly, for downstream generation, we find that flow matching must be in the
pre-training objective to see a significant finetuning advantage, hinting at the orthogonality of clas-
sification and generation tasks. That is, for a model to transfer to both generative and classification
downstream tasks, it must be pre-trained on both. This study provides a template for controlled
scaling analysis of pre-training objectives for foundation models in simulation-based sciences.
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I. INTRODUCTION

The foundation model paradigm, pre-training a large model on a broad dataset and fine-tuning on specific down-
stream tasks, has recently been adopted for various AI for science applications [1–16]. Despite this progress, funda-
mental questions remain. Namely, which pre-training objective transfers best to which downstream task, and how
strongly does this depend on the amount of pre-training data, downstream data, and model capacity? AI for science
often has access to large simulated datasets, with labels available at scale. How does pre-training in a supervised
fashion compare to self-supervised and generative objectives?

In this work, we attempt to address these questions using the OmniLearned framework [1–3]. OmniLearned is
a foundation model in high-energy physics (HEP) trained on jets, variable-number particle sprays that arise from the
showering and subsequent hadronization of free partons in high-energy colliders. Parton-shower and detector simula-
tors such as Pythia, Herwig, DELPHES, and Geant4, and others, reproduce real collider data with a fidelity that
is likely unrivaled among scientific domains, as validated by precision measurements at the LHC [17–21]. Importantly,
datasets at the ∼ 109 scale, including JetClass [22] and the billion-jet dataset released with OmniLearned [1], are
already publicly available, removing potential data-scaling limitations. Jets are also more compact than other data
types targeted by foundation models, with O(100) particle constituents per example rather than the tens of thousands
of pixels found in image/video data. This makes a full sweep across pre-training objectives, dataset sizes, and model
capacities computationally tractable. Despite the compactness, jet data is complex and requires data and model scale
for downstream tasks. Published scaling-law studies for jet classification and generation [1, 5, 23–27] show smooth,
predictable performance gains with both model size and pre-training-data up until at least ∼ 109 jets and parame-
ters. Further, the downstream tasks we consider (jet classification and jet generation) are not toy benchmarks but
useful to ongoing analyses at the Large Hadron Collider (LHC) and beyond: jet tagging is an essential component of
LHC physics analyses [28] and generative models for jet constituents show promising potential for anomaly detection
efforts [1–3, 29, 30]. Finally, jets have been used as a model for data in AI interpretability studies [31, 32], and the
OmniLearned model has shown cross-domain transfer to other physical domains [33–35].

Given the setup, we pre-train a set of variants of OmniLearned using the following objectives,

1. Jet classification: supervised cross-entropy on jet type labels denoting the initial particle.

2. Jet generation: flow-matching with a velocity-prediction objective.
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FIG. 1. Illustration of the model architecture used in this work. The generator and classifier components were already used
in the original OmniLearned [1] work. The additional MPM [14, 15] head is added to the OmniLearned framework here.

3. Masked Particle Modeling (MPM): a self-supervised objective predicting masked jet constituents.

We also train models with all pairwise combinations (Classifier+Generator, Classifier+MPM, Generator+MPM) and
all three. For selected configurations, we also include perturbed classification losses on noised or masked inputs,
promoting robustness of the learned representations. We vary the three axes of pre-training dataset size, finetuning
dataset size, and model size. Finetuning is performed on two downstream tasks: top-quark jet tagging (a classifica-
tion benchmark) and JetNet conditional generation (a generative benchmark). This study provides a template for
controlled scaling analysis of pre-training objectives for jet foundation models.

The paper is organized as follows. Section II reviews the OmniLearned architecture and presents the architecture
changes adopted in this work. Section III describes the study design, including the pre-training configurations in
Sec. III A and the finetuning protocol in Sec. III B. Section IV presents results on top tagging (Sec. IV A) and JetNet
generation (Sec. IVB), and conclusions are provided in Sec. V.

II. OMNILEARNED REVIEW

OmniLearned [1] is a point-edge transformer (PET) foundation model for jet physics and an upgrade of the original
OmniLearn [2, 3]. OmniLearned was pre-trained on ∼ 109 jets drawn from JetClass, JetClass 2, ATLAS Top
Tagging, H1 DIS, Aspen Open Jets, and CMS QCD/BSM [1, 5, 22, 36–38]. The model consists of a shared body that
produces per-particle and per-jet representations, and task-specific heads that can be attached or removed depending
on the training objective. This design enables multi-task pre-training where the body is shared across all objectives.
A diagram of the model architecture used in this study can be found in Figure 1. The architecture follows the original
OmniLearned architecture, with the addition of another model head. The original OmniLearned framework was
pre-trained on the joint classification + generation objective [1–3]. To extend the comparison to fully self-supervised
pre-training, we introduce a masked particle modeling (MPM) [14, 15] head. The remaining architecture is unchanged.

Two defining aspects of OmniLearned’s PET are a local embedding block and a physics-informed attention bias,
which are described in App. A. Due to unique architecture choices and extensive pre-training, OmniLearned has
shown great performance and flexibility in jet-related tasks (jet classification, generation, anomaly detection, unfold-
ing) and cross-domain point cloud tasks (neutrino physics, molecular dynamics, and cosmology) [33–35].

a. Input features Each jet is represented as a variable-length set {xi}Ni=1 of <∼ 150 constituents. The input is the
four-vector xi = (∆ηi, ∆ϕi, log pT,i, logEi), with ∆ηi,∆ϕi measured relative to the jet axis and log pT,i computed
relative to the beam axis. When available, particle identification (PID) is embedded through a learned lookup table,
and charged-particle vertex information is encoded by a two-layer MLP. These optional embeddings are added to the
kinematic embedding, and are set to zero when the information is not present in a dataset. The flow-matching time
t ∼ U(0, 1), encoded with Fourier features followed by an MLP, is appended to the point cloud as an additional token.

b. Classifier and generator head The classifier head takes the Ntok = 4 global tokens along with the input
embeddings produced by the body, passes them through additional attention blocks. The global tokens are then
flattened and passed through an MLP, and outputs C class logits ŷ. The classifier is trained with standard cross-
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entropy loss against the true class label y,

Lclass = −
C∑

c=1

yc log ŷc. (1)

The generator head is trained with flow matching [39] for conditional jet generation. Given a clean jet x and a time
t ∼ U(0, 1), the head receives the perturbed input φ(t) = (1− t)x+ tϵ with ϵ ∼ N (µ, σ) and predicts the velocity field
d
dtφ(t) = ϵ− x. The generator is trained with a mean squared error against the true velocity field,

Lgen =
∥∥v̂ − d

dt
φ(t)

∥∥2. (2)

c. Masked Particle Modeling (MPM) head The MPM head follows a regression-based paradigm as introduced
in [14, 15]. A fixed fraction of the input particles (40% in this case) is masked before passing the point cloud to the
body. The learned representation of the survived (=not masked) particles is then used as context to reconstruct the
feature vector of the masked particles. Masked particles are re-introduced to the particle set after the body. This
is implemented with learnable mask tokens that encode partial information about the pT of the masked particles.
This head consists of two transformer blocks, followed by a linear layer. Only the kinematic features of the masked
particles are predicted by the MPM head, following the same paradigm as in the generator head. The MPM loss is
given by,

LMPM =
1

|M|
∑
M

∥∥x̂i − xi

∥∥, (3)

where M is the set of masked particle indices and x̂i is the head’s prediction.

III. STUDY DESIGN

This section describes how we use the OmniLearned framework to study how the choice of pre-training objective
influences downstream fine-tuning performance. The architecture is held fixed, only the set of active tasks heads,
their associated losses, and the size of the body are varied. The first subsection (Sec. III A) describes the pre-training
configurations, the second (Sec. III B) describes the fine-tuning protocol used to evaluate them.

A. Pre-training Setup

Our goal is to benchmark supervised, generative, and self-supervised pre-training objectives and combinations of
those objectives as a function of the downstream task, fine-tuning dataset size, model size, and pre-training dataset
size. Given the three model heads with their dedicated task, this yields three pre-training objectives that can be
activated independently or in combination, giving seven pre-training modes. We pre-train each configuration at three
model sizes and, for the smallest size we additionally vary the number of pre-training examples to study how each
objective scales with data.

The pre-training is restricted to the publicly available JetClass dataset [22, 40] throughout the study. JetClass
contains jets across ten physically distinct classes generated with MadGraph5 [41], showered, and hadronized with
Pythia 8 [17], and passed through the Delphes 3.4.3 detector simulation with the CMS card [19]. We use the
standard 100M/5M/20M training-validation-test split. The use of a single labeled dataset ensures that all pre-
training objectives have access to identical input data, the supervised classifier fit to the JetClass labels, the generation
objectives are conditioned on them, and the self-supervised objective ignores them (only trained on the per-particle
kinematic and additional features).

1. Pre-training Objectives

The total pre-training loss is a sum over the active head losses, and in the case of all heads being active,

L = Lclass + Lgen + LMPM + α(t)2Lgen, perturb
class + wMPMLMPM, perturb

class , (4)
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TABLE I. The seven pre-training configurations studied in this work.

Configuration Pre-training loss

Classifier L = Lclass

Generator L = Lgen

MPM L = LMPM

Classifier + Generator L = Lclass + Lgen + α(t)2Lgen, perturb
class

Classifier + MPM L = Lclass + LMPM + wMPMLMPM, perturb
class

Generator + MPM L = Lgen + LMPM

Classifier + Generator + MPM L = Lclass + Lgen + LMPM + α(t)2Lgen, perturb
class + wmpmLmpm, perturb

class

Noisy jet

Whole jet

Masked jet

PET Body

Generator
Head

Classifier
Head

MPM
Head

FIG. 2. Illustration of the different jet augmentations for the different tasks and how the information flows through the model
in the forward pass.

where each term is included only when the corresponding head is active in a given pre-training run. In addition to
the three primary head losses, two perturbed-input classification losses appear in Eq. 4. These terms are activated
whenever the classifier head is active with the generator and/or the MPM head. These terms originate from passing
a perturbed body representation (noised for the flow-matching forward process, or masked for MPM) through the
classifier head, and adding a cross-entropy loss of its prediction against the true label to the total loss. α(t) ≡ 1 − t
is the interpolation schedule and wMPM is set to 1 − fm where fm is the fraction of masked particles (fm = 0.4 in
our study). The main loss components of the individual tasks enter the total loss with equal weight. Investigating
weighted combinations of the different tasks is left for future studies. An illustration of the different forward passes
is presented in Figure 2.

The seven pre-training configurations studied in this work are summarized in Table I, where the Classifier+Generator
configuration corresponds to the original OmniLearned pre-training objective [1, 2].

2. Model Sizes and Training Hyperparameters

We train each of the seven configurations at three model sizes, summarized in Table II. The local-attention block,
the input embedding of Eq. A2, the interaction bias of Eq. A1, and the head architectures are held fixed across sizes.
The body depth, the embedding dimension, and the number of attention heads varies with model size.

Because the micro model is small enough to train to convergence rapidly, for the Micro model only, we vary the
number of pre-training jets Npre over a log sweep from Npre = 105 to the full 108 JetClass training set.

a. Pre-training hyperparameters and schedule Pre-training proceeded on NERSC Perlmutter A100x4 nodes [42].
All pre-training runs use a fixed global batch size of 8192 jets, kept constant across model sizes. The medium models,
and all models in which the MPM head is active (regardless of size), are trained with the Lookahead optimizer [43]
with RAdam [44] as the inner optimizer, referred to as Ranger [45, 46]. All remaining configurations are trained with
the Lion [47] optimizer matching the original OmniLearned [1]. We use a cosine learning-rate schedule with a linear
warmup phase. All remaining hyperparameters were tuned independently for each model size, pre-training objective
pair to maximize that configuration’s fine-tuning performance. Training was terminated when either the validation
loss plateaued or began to overfit, or downstream finetuning performance ceased to improve. All hyperparameters
not mentioned but used in this study are laid out in App. B.
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TABLE II. Model configurations used in this study. Nbody is the number of transformer blocks in the body, dbase is the
embedding dimension, and Nheads is the number of attention heads. Nnodes is the number of NERSC A100x4 compute nodes
used during pre-training.

Nbody dbase Nheads Params Nnodes Local Batch Size

Micro 3 32 4 ∼100k 4 256
Small 8 128 8 ∼7M 8 128
Medium 12 512 16 ∼51M 32 32

B. Finetuning Setup

Each pre-trained body is evaluated on two downstream tasks: a standard top vs. QCD jet classification task, and
a standard jet generation task. For every pre-trained checkpoint we initialize the model from the pre-training weights
and train on the downstream task, including all weights of pre-training task heads whose shapes are compatible with
the downstream task head. For both tasks, we additionally train models from scratch as a reference.

1. Top Jet Classification

For top-jet classification we use the publicly available Top Quark Tagging Reference Dataset [48, 49], the same
benchmark used to evaluate the original OmniLearned [1, 2]. The dataset contains top jets (produced via a weak
decay t → W+b → qq̄′b and QCD (produced via one free parton) generated with Pythia 8 and passed through the
Delphes fast detector simulation, and is split into 1.2M training, 400k validation, and 400k test jets. All final results
reported in this work are computed on the test set.

We initialize each finetuning run from one of the pre-trained checkpoints described in Sec. III A. All body and
embedding weights are loaded, and the pre-trained classifier head is also loaded when available. The classifier output
layer is reinitialized to match the binary output of the task, and unused task heads (generator and MPM) are discarded.

Finetuning uses the Lion optimizer [47] with a learning rate and weight decay chosen separately for each model size
to maximize validation performance. The from-scratch baseline randomly initializes the entire model and is trained
with a separately tuned learning rate and weight decay. For finetuning we use a linear warmup followed by a cosine
decay. Early stopping on the validation loss is applied throughout. To map out the effect of increasing the finetuning
dataset size and efficiency of each pre-training objective, we finetune over a logarithmic sweep of the number of
available jets, Nft ∈ {103, 104, 105, 1.2× 106}, where the last point uses the entire training set.

For each pre-training configuration, model size, Nft combination, finetuning is performed three times with different
random seeds for the data subset selection and weight initialization of fresh layers, and we report the mean and
standard deviation across the three runs. After finetuning, each model is evaluated on the held-out test set. We
report standard top-tagging metrics as a function of the pre-training configuration, the model size, and the number
of finetuning examples Nft.

2. Jet Generation

The generative downstream task is evaluated on the public JetNet dataset [50, 51]. This dataset contains jets
originating from gluons, light quarks, W -bosons, Z-bosons and top quarks produced in proton-proton collisions at a
center-of-mass energy of 13 TeV and carry a transverse momentum of pjetT ≈ 1TeV. The used dataset split corresponds
to 550k jets for model training, 60k jets for validation, and 260k jets for testing. The maximum number of available
particles stored in the dataset (150) is used. Only kinematic features of the jet constituents are available in the
JetNet dataset and the approximation m ≈ 0 is used to calculate the particle’s energy for the input features. While
the generative pre-training component is conditioned only on the jet type, we further add the jet mass and the jet
transverse momentum as conditioning features. The jet type information enters the model after the backbone, whereas
the jet mass and the jet pT information is fed to the body in the form of an additional particle. In our study here,
we use the jet-level values from the test dataset as conditioning features during generation. In an actual application
of this generative model those would be generated by another model for jet-level features.

We evaluate the generative downstream task for three downstream dataset sizes NJetNet ∈ {104, 105, 5.5 × 105}.
When initialized from a pre-trained checkpoint, the weights of the pre-trained body are loaded. If the pre-training
includes the generative task they corresponding weights of the generator head are loaded as well. As in the top tagging
downstream task, the last layer of the generator head is re-initialized even when the remaining weights are loaded from
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a pre-trained checkpoint. In addition to that, the jet type embedding at the beginning of the generator head is always
re-initialized as well, as the jet type mapping differs between pre-training and downstream task. The trainings on the
generative task are performed with the Lion [47] optimizer, training each configuration for 70k training steps with a
global batch size of 4096, corresponding to a maximum of 520 epochs when the largest dataset size of 5.5×105 is used.
A cosine learning rate schedule with linear warmup is used. The final epoch is used for evaluation, unless overtraining
occurs in which case the checkpoint corresponding to the lowest smoothed validation loss is used. The limited training
duration of 70k training steps on the generative task is chosen as this was found to be a suitable training duration
for the small model size. Initial tests of longer trainings with the medium model size showed that further training
can improve the generative performance of those models. Yet, we stick with a maximum of 70k training steps for all
generative trainings due to the computational constraints imposed by the large number of configurations studied in
this work.

IV. RESULTS

Below, we summarize our findings for the two downstream tasks (top-jet classification and jet generation). Other
metrics not reported in this section can be found in App. C and App. D.

A. Top Tagging

We run the finetuning setup described in Sec. III B 1 and report the standard top-tagging metric background
rejection 1/ϵbg at a signal efficiency of ϵs = 0.3 used in the literature [1, 2, 48]. We plot the number of finetuning
examples (the number of training jets taken from the top tagging dataset) vs. performance for various model sizes in
Figs. 3 a-c. In these, we see that at Nft = Nmax ≡ 1.2×106, pure classifier pre-training is the single best configuration
at every model size when using the best pre-train validation loss checkpoint for fine-tuning. As we will see in Sec
IV A1, this does not necessarily hold when looking at the entire pretraining trajectory.

The low-data regime is qualitatively different. To summarize each pre-training configuration, model size, Ntop

combination with a single number in the low data regime, we define the data-efficiency score,

DES(Ntop) =
Perfpre−trained(Ntop)

Perfscratch(Nmax)
× Nmax

Ntop
, (5)

where Perf is again background rejection at fixed signal efficiency ϵs = 0.3, Ntop is the number of finetuning examples
used during finetuning, and Nmax = 1.2 × 106 is the full top-tagging training set. A value DES(Ntop) ≫ 1 indicates
that pre-training provides an advantage compared to a model trained from scratch.

At Ntop = 104 shown in Fig. 4, Classifier+MPM is the top configuration at every model size. Pure classifier pre-
training is a clear second at Small and Medium but drops to fifth at Micro, where it is beaten by both Classifier+MPM
and the fully self-supervised standalone MPM head. The Classifier+Generator+MPM configuration tracks Classi-
fier+MPM closely across all three sizes, indicating that the gain over classifier-only comes from the masked-particle
term rather than from generation.

Two additional patterns stand out. First, all classifier-containing multi-objective configurations converge to within
a few percent of each other at Nft = Nmax within uncertainties, which is not the case for single objective pre-training.
Second, pure generator pre-training is the weakest performing configuration throughout, at every Ntop, model size pair
it either matches or underperforms the from-scratch baseline. Generator+MPM inherits this pattern in the low-data
regime, suggesting that flow-matching alone fails to teach the body’s representation in a way that transfers usefully
to classification, and that combining it with MPM only dilutes the masked-particle signal. The pattern of purely
generative pre-training being outperformed by MPM pre-training when fine-tuned on top tagging was previously seen
in [6], where the generative task is implemented with next token prediction.

Taken together, these observations suggest that when both the model and the labeled downstream sample are
large, supervised classifier pre-training performs the best for classification downstream tasks. When either is limited,
combining classifier pre-training with the self-supervised MPM head yields the largest improvement.

1. Finetuning trajectory over pre-training steps

To probe how finetuning performance evolves as a function of pre-training steps, we finetune a sequence of pre-
training checkpoints for the Classifier and Classifier+Generator configurations at the Medium model size. We see



8

1k-Top 10k-Top 100k-Top 1.2M-Top

Finetuning examples

0

500

1000

1500

2000

2500

3000

3500

1/
ε b
g

at
ε s

=
0.

3

Medium Model Size, Single Objective Pretrained on 100M

Classifier

Generator

MPM

From Scratch

1k-Top 10k-Top 100k-Top 1.2M-Top

Finetuning examples

Medium Model Size, Mulit-Objective Pretrained on 100M

Classifier + Generator

Classifier + MPM

Generator + MPM

Classifier + Generator + MPM

From Scratch

(a) Medium model size

1k-Top 10k-Top 100k-Top 1.2M-Top

Finetuning examples

0

500

1000

1500

2000

2500

3000

1/
ε b
g

at
ε s

=
0.

3

Small Model Size, Single Objective Pretrained on 100M

Classifier

Generator

MPM

From Scratch

1k-Top 10k-Top 100k-Top 1.2M-Top

Finetuning examples

Small Model Size, Mulit-Objective Pretrained on 100M

Classifier + Generator

Classifier + MPM

Generator + MPM

Classifier + Generator + MPM

From Scratch

(b) Small model size

1k-Top 10k-Top 100k-Top 1.2M-Top

Finetuning examples

0

500

1000

1500

2000

2500

3000

1/
ε b
g

at
ε s

=
0.

3

Micro Model Size, Single Objective Pretrained on 100M

Classifier

Generator

MPM

From Scratch

1k-Top 10k-Top 100k-Top 1.2M-Top

Finetuning examples

Micro Model Size, Mulit-Objective Pretrained on 100M

Classifier + Generator

Classifier + MPM

Generator + MPM

Classifier + Generator + MPM

From Scratch

(c) Micro model size

FIG. 3. Top-tagging background rejection at ϵs = 0.3 vs. top-tagging dataset size for different model sizes (rows), pre-trained
on 100M JetClass jets. Single pre-training losses are shown on the left while combinations of multiple losses are shown on the
right.

that more pre-training is not always better, both configurations reach a peak in downstream performance well before
pre-training converges, after which top-tagging 1/ϵbg either plateaus or decreases (Fig. 5). Adding Generation seems
to regularize this effect. Pearson coefficients quantifying the correlation between the two metrics and pre-training
validation loss are given in Table III and show strong but not perfect correlation.
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FIG. 5. Downstream metrics vs. pre-training step for the Classifier and Classifier+Generator configurations at the Medium
model size, fine-tuned on the full Nft = Nmax top-tagging set. Left gives background rejection 1/ϵbg at ϵs = 0.3. Right
gives finetuning validation loss, with overlaid finetuning trajectories per checkpoint. Here, only one finetuning with one seed
is performed. Marker color encodes the normalized pre-training validation loss. Results in Fig 3 correspond to finetuning
checkpoint with the lowest pre-training validation loss. Raw pre-training and finetuning metrics as a function of pre-train step
can be found in App. C in Table XVIII and Table XIX.

TABLE III. Pearson correlation r between pre-training validation loss and two downstream metrics across the sequence of
pre-training checkpoints shown in Fig. 5. N is the number of checkpoints saved along the trajectory, plotted in Figure 5.

Configuration N r(Lpre−train,LFT) r(Lpre−train, 1/ϵbg)

Classifier 22 +0.962 −0.751
Classifier + Generator 40 +0.896 −0.765

2. Model size scaling

Figure 6 shows the full top tagging data (Nft = Nmax) background rejection as a function of model size, in
log(Nparams), for all seven pre-training configurations and the from-scratch baseline. Every pre-training configuration
improves with size, but to very different degrees, and Table IV quantifies this with a linear fit of 1/ϵbg vs log(Nparams).
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FIG. 6. Top-tagging background rejection at ϵs = 0.3 vs model size for the seven pre-training configurations at Nft = Nmax.

TABLE IV. Linear fits of background rejection 1/ϵbg at ϵs = 0.3 vs log(Nparams). Slope m gives the performance gain per
parameter count, R2 measures the linearity of the trend. Bold represents the largest slope (best scaling).

Configuration m R2

Classifier 114.2 0.787
Generator 6.9 0.003
MPM 225.0 1.000
From Scratch 67.2 0.090

Classifier + Generator 340.2 0.953
Classifier + MPM 326.6 0.910
Generator + MPM 132.1 0.623
Classifier + Generator + MPM 278.6 0.996

The from-scratch baseline and the pure-Generator configuration are essentially flat, confirming that flow-matching
pre-training alone fails to deliver usable scaling. Generator+MPM shows similar behavior. On the other hand,
the three classifier-containing multi-objective configurations have the steepest slopes. Interestingly, they converge
to within ∼1% of each other at the Medium scale, indicating that once capacity is sufficient, the choice of which
self-supervised head accompanies the classifier loss may have little effect on the final performance.

Standalone MPM is the most striking single-objective result, its slope is the largest among single-objective con-
figurations and nearly 2× that of the pure Classifier, suggesting that the masked-particle objective alone, with no
supervised signal, scales more efficiently with capacity than the supervised classifier loss, even though the supervised
loss yields higher absolute performance at every model size studied. We leave scaling models to larger sizes for future
work, where it would be interesting to see if the MPM, and Classifier+Generator+MPM continue to scale beyond
other configurations.

3. Scan over pre-training dataset size.

To probe how each pre-training objective responds to the amount of JetClass data, we sweep the pre-training sample
size Npre ∈ {105, 106, 107, 108} for the Micro model under all seven pre-training configurations and finetune at two
top-tagging dataset sizes, Ntop = 104 and Nft = Nmax (Fig. 7). Table V gives the slope m and R2 of a linear fit of
1/ϵbg vs log(Npre) for each configuration and each Ntop.

At the high Ntop (shown in the right panel of Fig. 7), every configuration improves substantially with Npre, with
an average slope across pre-training modes of m̄ = 182.5 and an average R̄2 = 0.807. Pure Classifier pre-training
dominates this regime, its slope is over 2× the next-best configuration and yields a near-perfect linear scaling, in clear
contrast to the much shallower scaling of the Generator-only and Generator+MPM configurations. In short, when
downstream labels are abundant, more pre-training data gives better performance, and the uplift is the most for the
purely supervised objective.
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FIG. 7. Background rejection 1/ϵbg at ϵs = 0.3 vs pre-training dataset size Npre for the micro model under all seven pre-training
configurations. Nft = 104 is shown on the left. Nft = Nmax = 1.2 × 106 is shown on the right. The from-scratch baseline
(dashed) does not depend on Npre.

TABLE V. Linear fits of 1/ϵbg at ϵs = 0.3 vs log(Npre) for the Micro model, at two fine-tuning sample sizes. m is the slope
and R2 measures the linearity of the trend. Bold represents best scaling

Ntop = 104 Ntop = Nmax

Configuration m R2 m R2

Classifier −67.0 0.197 432.5 0.994
Generator −28.7 0.419 59.5 0.353
MPM 83.7 0.969 166.8 0.912

Classifier + Generator 27.5 0.088 178.1 0.960
Classifier + MPM 3.4 0.001 212.7 0.878
Generator + MPM −48.1 0.673 93.5 0.705
Classifier + Generator + MPM 38.6 0.076 134.6 0.844

Average (over pre-train modes) 1.4 0.346 182.5 0.807

The low-Ntop regime is quite different. At Ntop = 104 (left panel of Fig. 7), the average pre-training-mode slope
collapses to m̄ = 1.4 with R̄2 = 0.346, and several configurations have negative slopes. Interestingly, the only
configuration that shows strong positive scaling with low downstream data is standalone MPM. These results may
imply (depending on how strongly conditioned this result is on the micro model size) that the value of additional
pre-training data is highly dependent on the size of the downstream dataset. In the high-finetuning data regime,
more pre-training is a near-universal good and supervised classifier pre-training gains the most. In the low-finetuning
data regime on the other hand, the choice of objective dominates over the amount of pre-training data, and most
configurations show essentially no improvement as Npre grows.

B. JetNet Generation

The performance of the generative models is evaluated both on particle-level and jet-level observables based on
generated samples of 50k jets per type. Uncertainties are estimated with bootstrapping by calculating each metric
five times, drawing batches of 10k jets from the generated sample and the JetNet test set with replacement. The
Wasserstein distance W1 is used as a metric to describe how well the generated distribution matches the target
(=JetNet) distribution. The evaluated particle-level features are the features directly generated by the model, i.e.
∆ηi, ∆ϕi, log pT,i and logEi. The jet-level features quantify if inter-particle correlations are modeled accurately.
To this end, we calculate the jet mass, the subjettiness [52] ratios τ21 = τ2/τ1 and τ32 = τ3/τ2 as well as the jet
pseudorapidity and jet energy from the particle features. The jet energy is the scalar sum of the constituent energy
whereas other jet-level features combine multiple particle-level features in a non-trivial way. The jet mass and the
subjettiness ratios are calculated from the four-momenta based on ∆ϕi, ∆ηi and log pT,i values (assuming massless
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TABLE VI. Performance of the different generative models averaged over all jet types. Each model is trained for 520 epochs
on the full dataset (NJetNet = 550k). The shown values represent the Wasserstein distance W1 between the generated jets and
jets from the JetNet dataset.

(a) Medium

τ21 τ32 Jet energy Jet mass
×10−2 ×10−2 (GeV) (GeV)

From Scratch 6.7± 1.1 4.6± 1.2 8.8± 1.5 1.7± 0.4
Generator 1.7± 0.3 1.8± 0.4 9.5± 2.2 1.4± 0.3
Classifier + Generator + MPM 1.3± 0.2 1.7± 0.4 8.8± 1.9 1.2± 0.2
Classifier + Generator 1.9± 0.4 2.1± 0.4 9.1± 1.1 1.7± 0.4
Generator + MPM 1.6± 0.2 1.9± 0.4 8.8± 1.9 1.2± 0.3
Classifier 9.1± 1.8 6.5± 1.6 9.3± 2.3 2.9± 0.8
MPM 7.9± 1.4 5.7± 1.5 10.9± 2.3 1.8± 0.4
Classifier + MPM 9.4± 2.0 6.8± 1.8 9.8± 2.0 3.1± 0.9

(b) Small

τ21 τ32 Jet energy Jet mass
×10−2 ×10−2 (GeV) (GeV)

From Scratch 2.0± 0.3 2.1± 0.5 8.0± 1.2 0.9± 0.1
Generator 1.9± 0.3 2.0± 0.4 9.0± 2.3 1.2± 0.3
Classifier + Generator + MPM 1.2± 0.1 1.4± 0.4 8.1± 1.4 0.8± 0.2
Classifier + Generator 1.1± 0.2 1.4± 0.3 7.6± 1.2 0.7± 0.1
Generator + MPM 1.2± 0.2 1.4± 0.3 8.6± 1.3 0.9± 0.1
Classifier 3.6± 0.5 3.3± 0.6 9.2± 1.5 1.1± 0.2
MPM 3.0± 0.4 2.5± 0.6 9.2± 2.2 1.0± 0.2
Classifier + MPM 4.8± 0.8 4.0± 0.8 8.5± 1.4 1.2± 0.2

(c) Micro

τ21 τ32 Jet energy Jet mass
×10−2 ×10−2 (GeV) (GeV)

From Scratch 10.9± 2.4 6.7± 1.5 10.1± 1.6 4.8± 1.6
Generator 10.4± 3.4 5.5± 1.2 11.6± 3.1 10.9± 3.5
Classifier + Generator + MPM 13.4± 3.0 8.8± 0.7 12.9± 3.2 12.8± 2.5
Classifier + Generator 10.4± 2.6 7.0± 1.2 12.8± 1.8 4.9± 1.9
Generator + MPM 13.0± 3.0 7.9± 0.7 11.4± 2.7 10.3± 2.9
Classifier 15.3± 3.1 6.7± 1.5 11.4± 1.9 8.4± 2.3
MPM 13.4± 2.6 7.0± 1.5 9.9± 2.2 7.0± 2.2
Classifier + MPM 11.8± 2.6 6.1± 1.4 11.3± 1.8 5.8± 2.0

particle). The absolute value of the jet pseudorapidity ηjet is obtained by averaging over the per-particle estimate
ηjet,i ≈ −∆ηi + cosh−1 (Ei/pT,i). All metrics are first calculated for each jet type individually and then averaged to
reflect the overall performance across all five jet types. The performance of the models trained on the whole JetNet
dataset is shown in Table VI, where a selection of metrics is presented. Further metrics can be found in the Appendix
in Table XX.

a. From scratch baselines The small model size provides the best from scratch baseline across the different model
sizes. The performance of the micro models is by a margin lower than the corresponding small or medium counterparts,
potentially due to the limited model size that is simply not sufficient for this generative task. The medium model is
significantly better than the micro model, but also falls short in performance compared to the from scratch baseline
obtained with the small model size.

We only consider particles with Ei ≥ pT,i in this average, thus removing unphysical particles. The fraction of unphysical particles with
Ei < pT,i is at the order of O(1%).
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FIG. 8. Relative performance difference of the generative model as a function of the training dataset size compared to the
corresponding model obtained with the full dataset size (NJetNet = 550k) for the medium model (top) and the small model
(bottom). The relative performance difference is given by (W1(NJetNet)−W1(550k)) /W1(550k) for the corresponding metric.

b. Different pre-training strategies Small and medium models show the best performance when pre-trained solely
or partially on the generative task. The combination of all three pre-training tasks (Classifier+Generator+MPM)
leads to the best downstream generative performance for the medium model while the Classifier+Generator pre-
training strategy is the best-performing for the small model. Most notably, all methods that include the generative
component during pre-training outperform the from scratch baseline. This is not true for models that did not include
the generative task during pre-training. Those models show worse performance than the from scratch baseline, which
already indicates that those pre-training strategies are not well-aligned with the generative task. Micro models show
worse than from scratch performance on most metrics across all pre-training methods. Yet, the effect seen for small
and medium models is inversed here: models pre-trained on the generative task show lower performance than the
other pre-training methods. This might be due to the limited model capacity, and the generative model (which was
pre-trained to generate JetClass-like jets) not being able to adjust to the new dataset. Due to these limitations, the
micro model is omitted in the subsequent evaluation.
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FIG. 9. Jet-level distributions of generated top jets obtained from the small model with two different pre-training strategies:
Classifier+Generator (top panel) and Classifier+MPM (bottom panel) compared with the from scratch baseline. Two down-
stream dataset sizes are shown in dotted (NJetNet = 10k) and solid (NJetNet = 550k) lines. The gray histogram shows jets from
the JetNet dataset.
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FIG. 10. Jet-level distributions of generated light quark jets obtained from the small model with two different pre-training
strategies: Classifier+Generator (top panel) and Classifier+MPM (bottom panel) compared with the from scratch baseline.
Two downstream dataset sizes are shown in dotted (NJetNet = 10k) and solid (NJetNet = 550k) lines. The gray histogram shows
jets from the JetNet dataset.

1. Scan over dataset size

To assess the effect of downstream dataset size in the generative task, the performance difference of models trained
on either 10k or 100k JetNet jets is compared to the values shown in Table VI. The corresponding relative performance
difference among different downstream dataset sizes is shown in Fig. 8, illustrating how close the different models get
to the best performance (at NJetNet = 550k with the same pre-training strategy). The Figure shows the corresponding
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FIG. 11. Performance of the generative models as a function of the training epoch using a training dataset size NJetNet = 550k
for (a) the medium and (b) the small model size. The black horizontal line marks the value corresponding to the final epoch
of the from scratch baseline.

metrics for small and medium model sizes and all seven pre-training methods. All models benefit from being exposed
to a larger training sample during downstream generative training. The extend of performance improvement varies
for the different metrics and different model sizes. The most notable change is seen when increasing the dataset size
from 10k to 100k jets. Only minor improvements are seens when further increasing the dataset size to NJetNet = 550k.

For medium-sized models with generative pre-training, the Wasserstein distance calculated on the subjettiness ratio
decreases by around 20% to 60% when going from NJetNet = 10k to NJetNet = 550k. The medium size from scratch
baseline also shows improved performance for larger NJetNet, for example with a 100% improvement in the jet energy
W1 when going from NJetNet = 10k to NJetNet = 550k. No clear performance gain is seen when varying the training
dataset size for pre-trained models that were not pre-trained on the generative task. This however does not mean
that those models perform well for all downstream dataset sizes. Instead, those models show bad agreement with the
target distributions no matter how large the training dataset they were exposed to during downstream training on
the JetNet dataset.

For small models we observe even larger performance gains with larger NJetNet. A massive improvement is seen in
the jet energy modeling, ranging from 100% (Generator-only) to 400% (From Scratch) when comparing the smallest
and largest dataset size. In the subjettiness ratio Wasserstein distances, the from scratch model shows improvements
of 260% in τ21 and 160% in τ32, showing that the small from scratch baseline benefits the most from an increase in the



16

TABLE VII. Improvement ∆W1(f) of the Wasserstein distance metric for different features f between epoch 100 and epoch
520.

(a) Medium model size

∆W1(τ21) ∆W1(τ32) ∆W1(Jet energy) ∆W1(Jet mass)
×10−2 ×10−2 (GeV) (GeV)

From Scratch 8.2± 3.7 3.5± 2.4 19.1± 7.4 6.5± 1.8
Generator 1.6± 0.8 0.5± 0.6 17.9± 6.1 2.2± 1.2
Classifier + Generator + MPM 0.4± 0.4 0.2± 0.8 10.5± 3.7 4.2± 1.3
Classifier + Generator 2.8± 1.4 0.9± 0.8 12.0± 5.4 6.2± 2.1
Generator + MPM 1.2± 0.7 0.4± 0.8 10.5± 3.6 3.2± 1.1
Classifier 3.3± 3.3 1.5± 2.0 18.2± 9.0 8.9± 1.4
MPM 4.1± 3.3 2.1± 2.2 24.1± 5.3 5.2± 1.8
Classifier + MPM 2.2± 3.3 1.7± 2.1 16.4± 6.4 9.0± 2.1

(b) Small model size

∆W1(τ21) ∆W1(τ32) ∆W1(Jet energy) ∆W1(Jet mass)
×10−2 ×10−2 (GeV) (GeV)

From Scratch 3.8± 1.2 2.9± 1.0 12.9± 2.6 2.8± 0.4
Generator 1.5± 0.9 0.4± 0.7 13.5± 3.0 1.7± 0.9
Classifier + Generator + MPM 0.2± 0.3 0.4± 0.5 15.8± 4.1 0.6± 0.3
Classifier + Generator 0.5± 0.3 0.6± 0.5 20.4± 5.6 0.8± 0.3
Generator + MPM 1.6± 0.3 1.0± 0.6 24.6± 5.0 1.4± 0.4
Classifier 5.7± 1.8 3.2± 1.7 31.2± 6.7 2.8± 1.0
MPM 4.1± 1.2 2.0± 1.4 41.6± 5.2 2.3± 0.8
Classifier + MPM 4.1± 2.0 2.4± 1.7 31.5± 5.5 2.6± 1.0

dataset size. To put these numbers into context, distributions of top jets obtained from the methods with the highest
(Classifier+Generator) and lowest (Classifier+MPM) performance on the small model size are shown in Fig. 9 for
10k and 550k training jets, compared to the corresponding from scratch baselines. The from scratch baseline shows a
clear improvement with more training data, leading to much better agreement with the target distribution. However,
the difference is visually much less dominant for the pre-trained models. While both methods benefit from additional
training data during fine-tuning, the overall performance difference between the different pre-training methods is
clearly visible. The model pre-trained with the Classifier+Generator method also improves when the dataset size is
increased, but the improvements are visually less dominant. Even more important, the Classifier+Generator model
fine-tuned with NJetNet = 10k jets clearly outperforms the corresponding from scratch baseline. This is not true for
the model pre-trained with the Classifier+MPM method, which does not show a benefit over the from scratch model
at either of the downstream dataset sizes. It should be noted that top jets are the most challenging jets to model
within the JetNet dataset, and were chosen for Fig. 9 as the mentioned trends are most visible there. Other jet types
show the same overall trends, with the distribution of the generated jets showing better agreement with the target
distribution. This can be seen in Fig. 10 for light quark jets with more jet types found in appendix plots Fig. 20 and
Fig. 21.

2. Performance vs. training duration

To investigate how the pre-training affects the convergence speed of the downstream training, we also evaluate the
models trained on the whole JetNet dataset as a function of the training epoch. The corresponding curves of the
previously introduced metrics are shown in Fig. 11. Further plots with the extended set of metrics are shown in
Fig. 22 and Fig. 23 in App. D. Some features, e.g. the jet energy shown in Fig. 11 do not show a clear improvement in
convergence speed when pre-trained with either of the investigated methods. Other features such as the subjettiness
ratios, however, show a clear trend. Those show again the clear overall performance gain obtained from generative pre-
training (single-objective or combined with classification or MPM), with those models performing better than the from
scratch baseline at any of the evaluated checkpoints. Even more, the generative pre-trained models already outperform
the final from-scratch performance after 100 training epochs. For small models this effect is less pronounced, but still
visible. Generative pre-trained models with that model size surpass the final from scratch performance in τ21 and
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FIG. 12. Jet-level distributions of generated top jets obtained from the small model with two different pre-training strategies:
Classifier+Generator (top panel) and Classifier+MPM (bottom panel) compared with the from scratch baseline. Two evaluated
epochs are shown in dotted (epoch 100) and solid (epoch 520) lines. The gray histogram shows jets from the JetNet dataset.

τ32 already after 100 or 200 epochs, except for the generator-only pre-trained model that takes 400 epochs to surpass
the final from-scratch performance. Another notable effect seen in the subjettiness ratios is the overall improvement
from epoch 100 to epoch 520, with the corresponding values shown in Table VII. Most generative pre-trained models
only show modest improvements between epoch 100 and epoch 520, indicating that even short fine-tunings of those
models can yield performance close to the performance obtained with longer downstream training. The remaining
pre-training methods, together with the from scratch baseline, show larger performance gains when trained for longer,
revealing that the corresponding pre-trainings yield a model state that needs significantly more computationally
expensive fine-tuning. The respective distributions of top jets are shown in Fig. 12 for the Classifier+Generator, the
Classifier+MPM and the from scratch model, where this effect is also visually noticeable, underlining yet again the
importance of including the generative task during pre-training if downstream generation is of interest. As mentioned
earlier in the comparison of different downstream dataset sizes, the overall quality of the generated jets is much better
for the other jet types, with the corresponding plots shown in the appendix in Fig. 24 and Fig. 25.

V. CONCLUSION

We present a study of pre-training objectives for jet foundation models, using the OmniLearned framework.
Holding the architecture fixed and varying only the active task heads, we benchmark seven pre-training configurations
across three axes, pre-training dataset size, finetuning dataset size, and model size. All models are pre-trained
on JetClass and fine-tuned on two representative downstream tasks, top-quark jet tagging, and JetNet conditional
generation. We aim to disentangle the contributions of supervised, generative, and self-supervised signals to the
downstream transfer, and to map out how that picture depends on the amount of data and the capacity available at
both stages, given we have access to labels at scale.

The top-tagging results show that no single pre-training objective is universally optimal. When labeled datasets for
pre-training and model capacity are available, plain supervised classifier pre-training is the best configuration at every
model size and scales near-linearly with the amount of pre-training data when performing downstream classification.
The ranking inverts in the low-label regime, at 104 top labels, Classifier+MPM is the top-ranked configuration at
every model size, and at the smallest model size, standalone MPM outperforms pure classifier pre-training despite
using no labels at all. Standalone MPM is also the most scale-efficient single-objective configuration with respect to
model capacity, with a slope roughly 2× that of the pure classifier even though the classifier pre-training is still the
most performant. We further found that pre-training loss does not reliably track downstream performance. Instead,
downstream performance peaks well before pre-training converges. The value of additional pre-training data may
depend sharply on the downstream sample size, ranging from near-linear gains when downstream labels are abundant
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to essentially no gain (or, for the pure classifier, mild degradation) when downstream labels are scarce. This effect needs
to be confirmed at larger model sizes. Finally, we notice that standalone flow-matching-based generative pre-training
does not lead to a performance improvement in downstream classification. This indicates that the flow matching task
is not well aligned with the classification task, and that the learned representation can not be easily transferred to the
classification task. Yet, the classification performance can be enhanced by combining flow matching with either MPM
in a self-supervised setting or with classification if labels are available during pre-training. This result, i.e. that purely
generative pre-training can yield sub-optimal pre-trained model components, but can be improved in a self-supervised
way by being combined with MPM is similar to the findings in [6], where this combination was studied in the form of
next token prediction (generative) and masked token prediction (MPM).

Our studies on the generative downstream task based on the JetNet dataset show the importance of aligning the
pre-training task(s) with the downstream task. While the performance obtained with different pre-training strategies
varies among the different feature distributions investigated here, we notice that neither the Classifier nor the MPM
task help for downstream generation quality, unless combined with the generative task during pre-training. All
models that were pre-trained at least partially on the generative task show a performance gain when fine-tuned to
jet generation on another dataset. Not only do these fine-tuned models outperform the corresponding from-scratch
baseline, but the gap between the performance early on and at the end of the downstream training is much smaller
for jet substructure features like the subjettiness ratios, often surpassing the results obtained from the model trained
from scratch with 5 times fewer training epochs.

Taken together, these results suggest that the optimal pre-training objective is not a property of the model alone but
of the joint configuration of model capacity, pre-training data, and downstream data availability and compatibility.
The combination of multiple objectives, while not necessarily always the best performing for each individual task,
provides a balance in benefits from both downstream tasks studied in this work. Additional pre-training targets avoid
over-specialization from the supervised pre-training and promote robustness and improved transferability during
downstream tasks.

Three directions for future work follow naturally from this study. First, our finetuning-trajectory results show that
pre-training loss is an unreliable proxy for downstream performance, with downstream background rejection peaking
well before pre-training converges. Understanding this effect, its scaling, and mitigating it by introducing pre-training
modifications (including multi-objective pre-training) would be an interesting next step. It may be necessary to add
additional downstream tasks, especially those with less overlap with the pre-training tasks.

Second, we have benchmarked seven configurations at three model sizes spanning ∼ 100k to ∼ 51M parameters,
which we believe is sufficient to reveal pre-training ordering, but does not yet probe the regime where the largest HEP
foundation models operate (∼ 109 parameters and pre-training on billions of tokens [1]). Three configurations are of
particular interest at this scale, pure Classifier, which dominates when capacity and labels are plentiful and seem to
have the cleanest data scaling, standalone MPM, which exhibits the steepest parameter-scaling and data scaling (at
low downstream dataset sizes) slope among single-objective configurations despite lower absolute performance (which
may change with scale), and Classifier+Generator+MPM, which combines the strengths of all three signals. Scaling
these three configurations to the size of the published OmniLearned-l model and to the full ∼109-jet pre-training
would reveal the continuation of these trends.

Finally, understanding the origin of the seeming orthogonality between generative and classification tasks would be
quite interesting. Classification focuses on the differences between datasets while generation focuses on the bulk of
the datasets - while a shared latent space may be effective at solving both types of problems, it need not be. The
difference in model representation between the two pre-training tasks may be a good probe to answer this and broader
interpretability questions.

CODE AVAILABILITY

The code used for this study can be found at https://github.com/ibrahimEls/PretrainingForScience.
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Appendix A: OmniLearned Modules

Below is the description of the defining aspects of the OmniLearned foundation model. A more detailed description
of the model can be found in the original OmniLearned and OmniLearn papers. [1–3]

a. Local Embedding A local block captures short-range correlations between nearby particles before the main
body. For each particle i, we identify its k = 10 nearest neighbors in (η, ϕ) space and compute, for each pair (xi, xj),
the pairwise features

f(xi, xj) =
[
xi − xj , logm(xi, xj), log∆R(xi, xj), log kT (xi, xj)

]
, (A1)

where m(xi, xj) is the invariant mass of the pairwise four-vector sum, ∆R is the distance in rapidity-azimuth space,
and kT is the pairwise transverse momentum standard in jet analysis [53]. The features f(xi, xj) are passed through
an MLP and then a transformer block that attends only to the neighbors of each particle. The resulting local
representation is added to the per-particle embedding hi. The total embedding hi is given by,

hi = MLPkin(xi) + EMBPID(PID) +MLPadd(vi) + ATTNlocal(f(xi, xj)), xi = (∆ηi,∆ϕi, log pT,i, logEi). (A2)

where xi is the input jet constituent feature vector, of said jet constituent, and vi is additional vertex information for
that constituent.

b. Physics-informed attention bias The same pairwise features f(xi, xj) from Eq. A1, now evaluated over all
particle pairs rather than only k-neighbors, are reused in the main body of the model. Each pair is passed through
a shared MLP that outputs one scalar per attention head Bij . These scalars are added as an additive bias to the
corresponding self-attention logits in every body transformer block as originally introduced in [22].
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c. Global attention The main body consists of Nbody transformer blocks operating on the full set of particle
embeddings, with the interaction bias added to every attention matrix. The model carries Ntok = 4 learnable global
tokens [54] that are concatenated to the particle set from the very first embedding block, so that they attend to all
particles throughout the body and aggregate jet-level information.

Appendix B: Hyperparameters

This appendix describes hyperparameters not stated in the main text. Model architecture (depth, embedding width,
attention-head count, parameter count, and per-node local batch size) is given in Tab. II.

1. Pre-training Hyperparameters

Tab. VIII lists the learning rate and weight decay used for each size, optimizer, and pair. As described in the main
text, configurations whose loss function includes the regression MPM head, as well as all Medium runs, are trained
with Ranger. The remaining configurations use Lion. Settings that are common to all pre-training run are listed in
Tab. IX.

TABLE VIII. Size and optimizer specific pre-training hyperparameters. Lion is used unless the configuration is Medium or
contains an active MPM head, in which case Ranger is used.

Lion LR / WD Ranger LR / WD

Micro 1 · 10−3 / 0.01 1 · 10−3 / 0.01
Small 1 · 10−4 / 0.30 1 · 10−3 / 0.01
Medium N/A 5 · 10−4 / 0.01

TABLE IX. Pre-training hyperparameters held fixed across every run. The optimizer hyperparameters listed apply to whichever
optimizer is in use for a given configuration Lion or Ranger.

Hyperparameter Value

Global batch size 8192
Learning-rate schedule Cosine with linear warmup
Warmup steps 1000
Lion betas (β1, β2) (0.95, 0.99)
Ranger betas (β1, β2) (0.95, 0.999)
Feature dropout 0.1
Gradient accumulation 2
Number of summary tokens 4
Precision FP32

2. Top Tagging Hyperparameters

All top-tagging finetuning use Lion with the betas of Tab. IX, a cosine learning-rate schedule with linear warmup,
a per-GPU batch size of 64, 4 nodes (global batch size 1024), and a fixed number of steps corresponding to a model-
dependent epoch budget of 1.2 million top-tagging jets. When a pre-trained body is loaded the classification head
receives a 5× multiplier on the base learning rate. Per-size values are summarized in Tab. X and fixed settings are in
Tab. XI.

3. Generation Hyperparameters

Hyperparameters for the JetNet generative downstream task are given in Tab. XII. Pre-trained weights are fine-
tuned with a learning rate five times smaller than the randomly initialized weights. The maximum training duration
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TABLE X. Top-tagging finetuning hyperparameters by model size. “fs” rows use a randomly initialized body.

Learning rate Weight decay Warmup steps Epoch budget

Micro 5 · 10−5 0.1 1028 30
Small 5 · 10−6 0.1 1028 30
Medium 1 · 10−6 5.0 0 30
Micro fs 1 · 10−4 0.5 0 30
Small fs 5 · 10−4 0.5 0 15
Medium fs 1 · 10−5 0.5 0 30

TABLE XI. Top-tagging hyperparameters held fixed across all sizes.

Hyperparameter Value

Optimizer Lion
Optimizer (β1, β2) (0.95, 0.99)
Per-GPU batch size 64
Number of nodes 4
Global batch size 1024
Gradient accumulation 1
Head LR multiplier 5× (pre-trained); 1× (fs)
Learning-rate schedule Cosine with linear warmup
Precision FP32

of 70k steps is kept fixed for all model sizes. This leads to a sufficient training duration for the small models, though
initial studies showed that medium-sized models can benefit from longer trainings. However, due to computational
constraints, the same maximum training step limit is kept for the results presented for the medium size.

TABLE XII. Hyperparameters used for the generative downstream task. The stated learning rate corresponds to the learning
rate used for untrained parameters. For pre-trained parameters a factor five smaller learning rate is used.

Hyperparameter Value

Optimizer Lion
Optimizer (β1, β2) (0.95, 0.99)
Weight decay 0.01
Global batch size 4096
Max. training steps 70 000
Learning rate (micro) 2 · 10−4

(small) 1 · 10−4

(medium) 5 · 10−6

Learning-rate schedule Cosine with linear warmup
Precision FP32

Appendix C: More Top Jet Classification Results

This section shows similar plots and tables as Section IV A but with the test loss (binary cross-entropy) metric as a
function of dataset/pre-training mode/model size/pre-training size. Figures 15 a-c show the loss scaling with respect
to top-tagging size for the various pre-training modes for all three model sizes. Figure 16 depicts the test-loss scaling
with respect to model size. The linear fits for these scaling are found in Table XIII. Figure 13 and Figure 14 shows the
delta performance for all Nft gained by scaling the model from micro to medium. Figure 17 shows test loss scaling
with respect to pre-training size. Table XIV gives the scaling with respect to pre-training size. Finally, Table XVIII
and Table XIX contain raw pre-training loss and finetuning loss along the trajectory corresponding to Figure 5.
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Appendix D: More Jet Generation Results

This section provides additional results related to the generative downstream task. Table XX shows additional
metrics calculated for the evaluation of the generative models. Those metrics complement the ones shown in Table VI
in Section IVB, but were found to be less informative in terms of effects that different pre-training methods have
on the downstream performance. The corresponding performance difference seen between different dataset sizes is
shown for the extended set of metrics in Figures 18 and 19, and the corresponding performance vs. training epoch
trajectories are shown in Figures 22 and 23.
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FIG. 15. Loss vs top-tagging dataset size for different model sizes, pre-trained on 100M JetClass jets.
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TABLE XIII. Linear fits of test loss vs log(Nparams). Slope m gives the loss reduction per decade of parameters, R2 measures
the linearity of the trend. Bold represents the most negative slope (best scaling).

Configuration m, (10−4) R2

Classifier −1.20 0.294
Generator −1.56 0.059
MPM −0.94 0.345
From Scratch −2.69 0.146

Classifier + Generator −4.86 0.899
Classifier + MPM −5.58 1.000
Generator + MPM −0.68 0.386
Classifier + Generator + MPM −2.94 0.837

Micro
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FIG. 16. Top-tagging test loss vs model size for the seven pre-training configurations at Nft = Nmax.
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FIG. 17. Loss vs pre-training dataset size Npre for the Micro model under all seven pre-training configurations. Nft = 104 is
shown on the left. Nft = Nmax = 1.2× 106 is shown on the right. The from-scratch baseline (dashed) does not depend on Npre.
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TABLE XIV. Linear fits of validation loss vs log(Npre) for the Micro model, at two fine-tuning sample sizes. m is the slope (in
units of 10−3) and R2 measures the linearity of the trend. Bold represents best scaling (most negative slope).

Ntop = 104 Ntop = Nmax

Configuration m, (10−3) R2 m, (10−3) R2

Classifier 10.42 0.560 −0.74 0.848
Generator 2.37 0.363 −0.15 0.172
MPM −0.70 0.212 −0.59 0.992

Classifier + Generator 3.49 0.454 −0.52 0.819
Classifier + MPM −0.26 0.363 −0.51 0.666
Generator + MPM 4.64 0.738 −0.51 0.859
Classifier + Generator + MPM −0.54 0.321 −0.46 0.954

Average (over pre-train modes) 2.78 0.430 −0.50 0.759

TABLE XV. Small model, top tagging mean test loss, and mean background rejection 1/ϵbg at ϵs = 0.3 for all pre-training
modes across fine-tuning sample sizes Nft ∈ {103, 104, 105, 106}. Bold marks the best value per column.

Nft = 103 Nft = 104 Nft = 105 Nft = 106

Configuration Loss 1/ϵbg Loss 1/ϵbg Loss 1/ϵbg Loss 1/ϵbg

Classifier 0.6344 291 0.5430 850 0.5402 2210 0.5400 2820
Generator 0.5935 30 0.5639 132 0.5456 739 0.5430 1200
MPM 0.5513 15 0.5436 484 0.5428 1711 0.5404 2217
From Scratch 0.6820 25 0.5525 369 0.5511 682 0.5400 2091

Classifier + Generator 0.6016 248 0.5436 937 0.5409 1766 0.5389 2781
Classifier + MPM 0.5443 556 0.5418 1375 0.5413 1607 0.5395 2820
Generator + MPM 0.5583 10 0.5477 494 0.5439 894 0.5410 1679
Classifier + Generator + MPM 0.5446 419 0.5429 1061 0.5416 1856 0.5398 2505

TABLE XVI. Medium model, top tagging mean test loss and mean background rejection 1/ϵbg at ϵs = 0.3 for all pre-training
modes across fine-tuning sample sizes Nft ∈ {103, 104, 105, 106}. Bold marks the best value per column.

Nft = 103 Nft = 104 Nft = 105 Nft = 106

Configuration Loss 1/ϵbg Loss 1/ϵbg Loss 1/ϵbg Loss 1/ϵbg

Classifier 0.5418 662 0.5406 1121 0.5411 2038 0.5394 3074
Generator 0.5665 7 0.5543 323 0.5458 731 0.5412 1520
MPM 0.5507 12 0.5434 24 0.5405 1659 0.5406 2399
From Scratch 0.5757 74 0.5604 219 0.5469 807 0.5415 1589

Classifier + Generator 0.5417 231 0.5406 857 0.5407 2022 0.5389 2874
Classifier + MPM 0.5430 438 0.5399 1175 0.5405 2082 0.5390 2832
Generator + MPM 0.5530 10 0.5447 260 0.5432 1253 0.5407 2063
Classifier + Generator + MPM 0.5466 165 0.5399 1007 0.5406 1957 0.5392 2792
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TABLE XVII. Micro model, top tagging mean test loss and mean background rejection 1/ϵbg at ϵs = 0.3, for every pre-training
objective and pre-training dataset size Npt, across fine-tuning sample sizes Nft ∈ {103, 104, 105, 106}. Configuration blocks are
separated by double rules; Npt = 108 denotes the full (100M) pre-training set, and From Scratch (Npt = –) uses no pre-training.
Bold marks the best value in each column across all rows.

Nft = 103 Nft = 104 Nft = 105 Nft = 106

Configuration Npt Loss 1/ϵbg Loss 1/ϵbg Loss 1/ϵbg Loss 1/ϵbg

Classifier

105 0.5554 357 0.5453 602 0.5439 1038 0.5420 1457
106 0.5535 324 0.5432 653 0.5422 1135 0.5406 1894
107 0.5861 131 0.5436 796 0.5420 1742 0.5398 2396
108 0.6043 136 0.5800 331 0.5463 1221 0.5398 2731

Generator

105 0.5647 50 0.5605 188 0.5446 747 0.5424 1229
106 0.5684 26 0.5585 226 0.5467 633 0.5431 1170
107 0.5694 11 0.5576 210 0.5463 646 0.5428 1152
108 0.6058 20 0.5687 98 0.5468 762 0.5420 1434

MPM

105 0.6787 19 0.5497 287 0.5455 814 0.5425 1335
106 0.5754 45 0.5511 406 0.5447 766 0.5419 1350
107 0.5679 91 0.5464 487 0.5448 886 0.5412 1644
108 0.5562 218 0.5489 539 0.5442 899 0.5408 1793

From Scratch – 0.6416 33 0.5699 75 0.5453 896 0.5419 1528

Classifier + Generator

105 0.5555 27 0.5450 505 0.5431 960 0.5417 1461
106 0.5481 178 0.5443 510 0.5421 1128 0.5407 1723
107 0.5530 14 0.5427 750 0.5417 1342 0.5401 1897
108 0.6057 102 0.5572 517 0.5417 1411 0.5402 1996

Classifier + MPM

105 0.5620 211 0.5462 603 0.5444 939 0.5420 1365
106 0.5531 437 0.5450 450 0.5423 1077 0.5407 1761
107 0.5535 311 0.5456 269 0.5424 1188 0.5402 1963
108 0.5569 356 0.5451 675 0.5428 1137 0.5405 2006

Generator + MPM

105 0.6366 44 0.5531 297 0.5451 822 0.5425 1335
106 0.6009 76 0.5568 263 0.5450 788 0.5424 1376
107 0.5650 62 0.5559 280 0.5454 760 0.5420 1375
108 0.5855 32 0.5689 131 0.5458 789 0.5410 1647

Classifier + Generator + MPM

105 0.5517 117 0.5480 542 0.5446 899 0.5414 1612
106 0.5531 17 0.5451 434 0.5429 1058 0.5410 1897
107 0.5549 14 0.5457 290 0.5427 1033 0.5403 1997
108 0.5563 255 0.5459 719 0.5436 1161 0.5401 2028
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TABLE XVIII. Medium model, classifier pre-training, downstream top tagging as a function of pre-training checkpoint along
the pre-training trajectory. Each row is one pre-training checkpoint fine-tuned on the full 1.2M-Top set. Bold marks the best
value in each metric column.

Pre-train step Pre-train val loss Finetune val loss 1/ϵbg (ϵs=0.3)

2500 0.7666 0.1524 1697
14707 0.4501 0.1445 2243
26914 0.4299 0.1431 2766
39121 0.4198 0.1422 3059
51328 0.4160 0.1417 2969
63535 0.4139 0.1415 3106
75742 0.4119 0.1413 2926
87949 0.4102 0.1411 3106

100156 0.4097 0.1411 3106
112363 0.4082 0.1413 2804
124570 0.4062 0.1414 2804
136777 0.4039 0.1415 2657
148984 0.4070 0.1419 2657
161191 0.4033 0.1422 2969
175898 0.4036 0.1419 2556
188105 0.4053 0.1422 2926
200312 0.4057 0.1423 2556
212519 0.4089 0.1423 2804
224726 0.4095 0.1426 3014
236933 0.4126 0.1428 2729
249140 0.4134 0.1430 2589
261347 0.4185 0.1431 2524
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TABLE XIX. Medium model, classifier+generation pre-training, downstream top tagging as a function of pre-training check-
point along the pre-training trajectory. Each row is one pre-training checkpoint fine-tuned on the full 1.2M-Top set. Bold marks
the best value in each metric column.

Pre-train step Pre-train val loss Finetune val loss 1/ϵbg (ϵs=0.3)

2500 4.1142 0.1523 1383
7500 3.4389 0.1487 1787

14707 3.3342 0.1456 2060
17207 3.3287 0.1451 2348
19707 3.3203 0.1446 2348
26914 3.2925 0.1440 2375
31914 3.2649 0.1435 2524
39121 3.2578 0.1427 2524
44121 3.2540 0.1429 2729
46621 3.2477 0.1427 2462
51328 3.2561 0.1426 2729
56328 3.2391 0.1421 2556
63535 3.2368 0.1419 2657
68535 3.2386 0.1421 2804
75742 3.2343 0.1418 2884
78242 3.2320 0.1416 2729
80742 3.2235 0.1417 3257
87949 3.2286 0.1413 2729
92949 3.2244 0.1416 2766

100156 3.2258 0.1412 3205
107656 3.2220 0.1411 2884
124570 3.2202 0.1411 2692
139277 3.2213 0.1410 2884
153984 3.2106 0.1410 2884
163691 3.2150 0.1412 2729
168691 3.2133 0.1410 2589
175898 3.2116 0.1410 3014
178398 3.2074 0.1411 3014
180898 3.2106 0.1412 2884
188105 3.2096 0.1412 3014
193105 3.2072 0.1409 2729
200312 3.2088 0.1411 3106
205312 3.2100 0.1410 3059
210019 3.2100 0.1411 3155
212519 3.2119 0.1412 2969
222226 3.2125 0.1412 3257
227226 3.2039 0.1411 2766
234433 3.2106 0.1415 3014
239433 3.2081 0.1414 2766
241933 3.2074 0.1413 2729
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TABLE XX. Performance of the different generative models averaged over all jet types. Each model is trained for 520 epochs
on the full dataset (NJetNet = 550k).

(a) Medium

Jet pT Jet η min(pi pj) ∆ηi ∆ϕi log pT,i logEi

(GeV) ×10−3 ×10−5 ×10−4 ×10−4 ×10−3 ×10−3

From Scratch 2.4± 0.8 8.0± 1.3 3.6± 1.1 9.1± 1.1 8.8± 1.5 4.8± 0.9 6.4± 1.2
Generator 2.4± 0.5 8.5± 1.2 4.9± 1.5 9.0± 1.3 8.4± 1.4 5.9± 1.4 5.4± 1.1
Classifier + Generator + MPM 2.3± 0.6 8.5± 1.2 4.7± 1.4 8.3± 1.1 9.0± 1.3 4.5± 0.5 5.8± 1.0
Classifier + Generator 2.0± 0.5 8.6± 1.6 4.2± 1.5 8.6± 1.2 9.3± 1.2 5.7± 1.6 7.5± 1.9
Generator + MPM 2.3± 0.8 7.2± 1.0 4.8± 1.5 8.3± 1.0 8.5± 1.5 5.0± 1.1 6.4± 1.5
Classifier 2.6± 0.5 9.4± 1.5 4.4± 1.3 11.8± 1.4 11.7± 1.3 4.3± 0.7 6.8± 2.3
MPM 2.1± 0.5 9.0± 1.4 3.7± 1.5 10.7± 1.4 10.4± 1.4 4.9± 0.7 6.8± 1.5
Classifier + MPM 2.5± 0.3 9.8± 1.1 3.8± 1.2 12.1± 1.0 12.5± 1.2 5.0± 0.8 5.3± 0.8

(b) Small

Jet pT Jet η min(pi pj) ∆ηi ∆ϕi log pT,i logEi

(GeV) ×10−3 ×10−5 ×10−4 ×10−4 ×10−3 ×10−3

From Scratch 2.3± 0.5 8.0± 1.1 4.4± 1.3 7.5± 1.2 7.1± 0.8 4.6± 0.7 6.1± 1.3
Generator 2.2± 0.7 8.7± 2.1 4.8± 1.3 7.8± 0.9 7.2± 1.0 5.8± 1.1 5.8± 1.0
Classifier + Generator + MPM 2.3± 0.5 7.4± 1.1 5.0± 1.3 6.9± 0.9 7.0± 1.4 5.5± 1.1 5.7± 1.0
Classifier + Generator 2.2± 0.6 7.6± 1.8 5.3± 1.9 7.2± 0.9 7.6± 1.0 4.6± 1.0 6.5± 1.3
Generator + MPM 2.1± 0.5 8.3± 1.6 5.1± 1.7 7.2± 1.1 6.4± 1.0 6.0± 1.2 7.5± 1.9
Classifier 2.3± 0.7 7.5± 1.0 4.5± 1.4 7.7± 0.9 7.4± 1.0 6.5± 1.5 7.0± 2.3
MPM 2.2± 0.5 8.6± 1.8 3.6± 1.1 7.1± 1.0 7.8± 1.2 5.9± 1.4 6.4± 1.6
Classifier + MPM 2.2± 0.7 7.3± 1.1 4.0± 1.2 8.8± 1.3 8.9± 1.4 5.4± 1.2 5.8± 1.4

(c) Micro

Jet pT Jet η min(pi pj) ∆ηi ∆ϕi log pT,i logEi

(GeV) ×10−3 ×10−5 ×10−4 ×10−4 ×10−3 ×10−3

From Scratch 2.0± 0.3 10.3± 1.2 3.3± 0.8 14.7± 1.7 20.2± 2.1 5.5± 1.2 7.4± 1.3
Generator 3.2± 0.4 9.7± 1.7 3.3± 1.3 36.8± 3.5 36.9± 2.7 6.9± 1.4 7.2± 1.3
Classifier + Generator + MPM 3.1± 0.5 12.8± 2.1 6.1± 1.8 43.0± 6.6 53.7± 16.1 6.2± 0.9 6.9± 2.1
Classifier + Generator 9.6± 0.9 13.4± 2.1 5.8± 1.7 22.4± 2.7 21.5± 2.9 9.3± 2.2 8.4± 2.3
Generator + MPM 3.1± 0.5 12.0± 2.0 3.3± 0.9 33.8± 1.9 34.9± 2.3 6.1± 1.2 7.1± 1.6
Classifier 3.0± 0.5 11.6± 1.3 5.9± 1.4 31.7± 4.4 33.5± 5.1 5.7± 0.7 6.8± 1.4
MPM 2.1± 0.3 9.4± 1.5 3.8± 1.0 22.2± 2.8 23.8± 2.4 5.3± 0.9 6.5± 1.6
Classifier + MPM 2.5± 0.7 8.5± 1.4 3.6± 0.9 17.5± 2.4 20.3± 3.7 5.1± 0.6 5.8± 1.4
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FIG. 18. Relative performance difference of the generative model as a function of the training dataset size compared to the
corresponding model obtained with the full dataset size (NJetNet = 550k) for the medium model. The relative performance
difference is given by (W1(NJetNet)−W1(550k)) /W1(550k) for the corresponding metric.
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the corresponding model obtained with the full dataset size (NJetNet = 550k) for the small model. The relative performance
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FIG. 20. Jet-level distributions of jets initiated by (a) light quarks, (b) gluons, (c) W bosons and (d) Z bosons. Generated jets
are obtained from the small model with the Classifier+Generator pre-training method compared with the from scratch baseline.
Two downstream dataset sizes are shown in dotted (NJetNet = 10k) and solid (NJetNet = 550k) lines. The gray histogram shows
jets from the JetNet dataset.
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FIG. 21. Jet-level distributions of jets initiated by (a) light quarks, (b) gluons, (c) W bosons and (d) Z bosons. Generated jets
are obtained from the small model with the Classifier+MPM pre-training method compared with the from scratch baseline.
Two downstream dataset sizes are shown in dotted (NJetNet = 10k) and solid (NJetNet = 550k) lines. The gray histogram shows
jets from the JetNet dataset.
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FIG. 22. Performance of the generative models as a function of the training epoch using a training dataset size NJetNet = 550k
for the medium model size. The black horizontal line marks the value corresponding to the final epoch of the from scratch
baseline.
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FIG. 23. Performance of the generative models as a function of the training epoch using a training dataset size NJetNet = 550k
for the small model size. The black horizontal line marks the value corresponding to the final epoch of the from scratch baseline.



37

0.00

0.05

0.10

0.15

0.20

N
or

m
al

iz
ed

JetNet

Classifier+Generator (epoch 520)

Classifier+Generator (epoch 100)

From Scratch (epoch 520)

From Scratch (epoch 100)

0.00

0.02

0.04

0.06

N
or

m
al

iz
ed

0.000

0.025

0.050

0.075

0.100

0.125

N
or

m
al

iz
ed

0.000

0.025

0.050

0.075

0.100

N
or

m
al

iz
ed

0 50 100 150 200

Jet mass (GeV)

0.5

1.0

1.5

R
at

io

0.00 0.25 0.50 0.75 1.00 1.25

τ21

0.5

1.0

1.5

R
at

io

0.25 0.50 0.75 1.00 1.25

τ32

0.5

1.0

1.5

R
at

io

1000 1500 2000 2500 3000

Jet energy (GeV)

0.5

1.0

1.5

R
at

io

(a) light quark jets

0.000

0.025

0.050

0.075

0.100

N
or

m
al

iz
ed

JetNet

Classifier+Generator (epoch 520)

Classifier+Generator (epoch 100)

From Scratch (epoch 520)

From Scratch (epoch 100)

0.00

0.02

0.04

0.06

0.08

N
or

m
al

iz
ed

0.000

0.025

0.050

0.075

0.100

N
or

m
al

iz
ed

0.00

0.02

0.04

0.06

0.08

N
or

m
al

iz
ed

0 50 100 150 200

Jet mass (GeV)

0.5

1.0

1.5

R
a
ti

o

0.00 0.25 0.50 0.75 1.00 1.25

τ21

0.5

1.0

1.5

R
a
ti

o

0.25 0.50 0.75 1.00 1.25

τ32

0.5

1.0

1.5

R
a
ti

o

1000 1500 2000 2500 3000

Jet energy (GeV)

0.5

1.0

1.5

R
a
ti

o

(b) gluon jets

0.0

0.2

0.4

0.6

N
or

m
al

iz
ed

JetNet

Classifier+Generator (epoch 520)

Classifier+Generator (epoch 100)

From Scratch (epoch 520)

From Scratch (epoch 100)

0.00

0.05

0.10

0.15

N
or

m
al

iz
ed

0.00

0.02

0.04

0.06

0.08

0.10

N
or

m
al

iz
ed

0.00

0.05

0.10

0.15

N
or

m
al

iz
ed

40 60 80 100 120

Jet mass (GeV)

0.5

1.0

1.5

R
at

io

0.00 0.25 0.50 0.75 1.00 1.25

τ21

0.5

1.0

1.5

R
at

io

0.25 0.50 0.75 1.00 1.25

τ32

0.5

1.0

1.5

R
at

io

1000 1500 2000 2500 3000

Jet energy (GeV)

0.5

1.0

1.5

R
at

io

(c) W boson jets

0.0

0.2

0.4

0.6

N
or

m
al

iz
ed

JetNet

Classifier+Generator (epoch 520)

Classifier+Generator (epoch 100)

From Scratch (epoch 520)

From Scratch (epoch 100)

0.00

0.05

0.10

0.15

N
or

m
al

iz
ed

0.00

0.02

0.04

0.06

0.08

0.10

N
or

m
al

iz
ed

0.00

0.05

0.10

0.15

N
or

m
al

iz
ed

40 60 80 100 120

Jet mass (GeV)

0.5

1.0

1.5

R
at

io

0.00 0.25 0.50 0.75 1.00 1.25

τ21

0.5

1.0

1.5

R
at

io

0.25 0.50 0.75 1.00 1.25

τ32

0.5

1.0

1.5

R
at

io

1000 1500 2000 2500 3000

Jet energy (GeV)

0.5

1.0

1.5

R
at

io

(d) Z boson jets

FIG. 24. Jet-level distributions of jets initiated by (a) light quarks, (b) gluons, (c) W bosons and (d) Z bosons. Generated
jets are obtained from the small model with the Classifier+Generator pre-training method compared with the from scratch
baseline. Two evaluated epochs are shown in dotted (epoch 100) and solid (epoch 520) lines. The gray histogram shows jets
from the JetNet dataset.
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FIG. 25. Jet-level distributions of jets initiated by (a) light quarks, (b) gluons, (c) W bosons and (d) Z bosons. Generated jets
are obtained from the small model with the Classifier+MPM pre-training method compared with the from scratch baseline.
Two evaluated epochs are shown in dotted (epoch 100) and solid (epoch 520) lines. The gray histogram shows jets from the
JetNet dataset.
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