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Šimko et al. Scalable Declarative HEP Workflows

FIGURE 1 | A simplified diagram illustrating typical stages in experimental particle physics data analyses. After data acquisition that is using a multi-tiered trigger
filtering step, the experimental collision data are further reduced in computing processes before they are ready for physics analyses. Events generated following
theoretical models undergo a detector simulation step and are subsequently subject to the same reconstruction and processing steps as the collision data. The
individual analysts then compare collision and simulated data using statistical analysis techniques. Our paper focuses mostly on the computational reproducibility
challenges inherent in the last data analysis stages.

are the same as for the collision data. The first processing
stages usually take place in big compute farms and world-wide
grid computing infrastructures using automatised recipes. The
processing is done by specialised teams and the end result
are collision and simulated data suitable for individual particle
physics analyses. The physics analysis stage uses statistical
analysis techniques and is performed by individual researchers
using a variety of computational approaches (Rizzi et al., 2019),
from personal laptops and desktops up to small compute
batch farms.

In this paper, we are focusing mostly on the latter statistical
data analysis stage as performed by individual researchers. In
contrast to the centralised and largely automated processing
steps discussed above, the data analysis stage typically requires
an iterative approach that is used to understand the data sets
and optimise the overall analysis. The variety of computing
approaches used, combined with a high turnover of young
researchers performing the analyses in their experimental teams,
poses a particular problem for computational reproducibility.
The researchers typically use imperative programming, directly
expressing all the details about the flow of necessary calculations
for the compute platform at hand. This causes several challenges
for possible future rerunning of the original analysis using
different data, different theoretical models, updated software
versions of dependent libraries, or a completely different
compute backend than originally foreseen.

We argue for an alternative declarative data analysis approach
that captures the overall knowledge associated with a particle
physics analysis in a more structured way. The analysis process
is expressed as a series of steps depending on other steps,
each step declaring its precise sets of inputs and outputs. The
structured description of the analysis process focuses first and
foremost on “what” needs to be done in each step without paying

particular attention to “how” the individual computation might
be performed by the computer (Lloyd, 1994). This helps to design
well-defined interfaces in the analysis flow, isolating unnecessary
computational details until they actually matter.

We have developed a reproducible analysis platform called
REANA (Šimko et al., 2019) that allows researchers to express
the computational data analysis steps using such declarative
paradigm. Taking advantage of recent advances of container
technology in the general IT industry, the computations are
isolated from supporting compute environments as much as
possible. This helps with the portability of the analysis process
as a whole. The REANA platform reads the structured analysis
description provided by the researcher and instantiates analysis
steps on containerised compute clouds. The support for various
declarative workflow languages [CWL (Amstutz et al., 2016),
Yadage (Cranmer and Heinrich, 2017)] and various compute
backends [Kubernetes (Burns et al., 2016), HTCondor (Thain
et al., 2005) for high-throughput computations, Slurm (Yoo et al.,
2003) for high-performance computations] aims to ensure the
universal reproducibility of computations on diverse computing
platforms. The cloud-native approach of REANA, together
with allowing researchers to use several high-level workflow
languages or to run different parts of the same workflow on
different compute backends, is whatmakes REANA specific when
compared to other similar workflow management systems used
in scientific research such as HTCondor DAGMan (HTC, 2021)
or Pegasus (Deelman et al., 2015).

The paper is structured as follows. Section 2 of this
paper describes the declarative approach and discusses its
scalability. Section 3 demonstrates the applicability of the
method on two concrete case studies from the ATLAS (ATLAS
Collaboration, 2008) and CMS (CMS Collaboration, 2008)
experiments analysing proton-proton collisions at the Large
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Šimko et al. Scalable Declarative HEP Workflows

FIGURE 1 | A simplified diagram illustrating typical stages in experimental particle physics data analyses. After data acquisition that is using a multi-tiered trigger
filtering step, the experimental collision data are further reduced in computing processes before they are ready for physics analyses. Events generated following
theoretical models undergo a detector simulation step and are subsequently subject to the same reconstruction and processing steps as the collision data. The
individual analysts then compare collision and simulated data using statistical analysis techniques. Our paper focuses mostly on the computational reproducibility
challenges inherent in the last data analysis stages.

are the same as for the collision data. The first processing
stages usually take place in big compute farms and world-wide
grid computing infrastructures using automatised recipes. The
processing is done by specialised teams and the end result
are collision and simulated data suitable for individual particle
physics analyses. The physics analysis stage uses statistical
analysis techniques and is performed by individual researchers
using a variety of computational approaches (Rizzi et al., 2019),
from personal laptops and desktops up to small compute
batch farms.

In this paper, we are focusing mostly on the latter statistical
data analysis stage as performed by individual researchers. In
contrast to the centralised and largely automated processing
steps discussed above, the data analysis stage typically requires
an iterative approach that is used to understand the data sets
and optimise the overall analysis. The variety of computing
approaches used, combined with a high turnover of young
researchers performing the analyses in their experimental teams,
poses a particular problem for computational reproducibility.
The researchers typically use imperative programming, directly
expressing all the details about the flow of necessary calculations
for the compute platform at hand. This causes several challenges
for possible future rerunning of the original analysis using
different data, different theoretical models, updated software
versions of dependent libraries, or a completely different
compute backend than originally foreseen.

We argue for an alternative declarative data analysis approach
that captures the overall knowledge associated with a particle
physics analysis in a more structured way. The analysis process
is expressed as a series of steps depending on other steps,
each step declaring its precise sets of inputs and outputs. The
structured description of the analysis process focuses first and
foremost on “what” needs to be done in each step without paying

particular attention to “how” the individual computation might
be performed by the computer (Lloyd, 1994). This helps to design
well-defined interfaces in the analysis flow, isolating unnecessary
computational details until they actually matter.

We have developed a reproducible analysis platform called
REANA (Šimko et al., 2019) that allows researchers to express
the computational data analysis steps using such declarative
paradigm. Taking advantage of recent advances of container
technology in the general IT industry, the computations are
isolated from supporting compute environments as much as
possible. This helps with the portability of the analysis process
as a whole. The REANA platform reads the structured analysis
description provided by the researcher and instantiates analysis
steps on containerised compute clouds. The support for various
declarative workflow languages [CWL (Amstutz et al., 2016),
Yadage (Cranmer and Heinrich, 2017)] and various compute
backends [Kubernetes (Burns et al., 2016), HTCondor (Thain
et al., 2005) for high-throughput computations, Slurm (Yoo et al.,
2003) for high-performance computations] aims to ensure the
universal reproducibility of computations on diverse computing
platforms. The cloud-native approach of REANA, together
with allowing researchers to use several high-level workflow
languages or to run different parts of the same workflow on
different compute backends, is whatmakes REANA specific when
compared to other similar workflow management systems used
in scientific research such as HTCondor DAGMan (HTC, 2021)
or Pegasus (Deelman et al., 2015).

The paper is structured as follows. Section 2 of this
paper describes the declarative approach and discusses its
scalability. Section 3 demonstrates the applicability of the
method on two concrete case studies from the ATLAS (ATLAS
Collaboration, 2008) and CMS (CMS Collaboration, 2008)
experiments analysing proton-proton collisions at the Large
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FIGURE 1 | A simplified diagram illustrating typical stages in experimental particle physics data analyses. After data acquisition that is using a multi-tiered trigger
filtering step, the experimental collision data are further reduced in computing processes before they are ready for physics analyses. Events generated following
theoretical models undergo a detector simulation step and are subsequently subject to the same reconstruction and processing steps as the collision data. The
individual analysts then compare collision and simulated data using statistical analysis techniques. Our paper focuses mostly on the computational reproducibility
challenges inherent in the last data analysis stages.

are the same as for the collision data. The first processing
stages usually take place in big compute farms and world-wide
grid computing infrastructures using automatised recipes. The
processing is done by specialised teams and the end result
are collision and simulated data suitable for individual particle
physics analyses. The physics analysis stage uses statistical
analysis techniques and is performed by individual researchers
using a variety of computational approaches (Rizzi et al., 2019),
from personal laptops and desktops up to small compute
batch farms.

In this paper, we are focusing mostly on the latter statistical
data analysis stage as performed by individual researchers. In
contrast to the centralised and largely automated processing
steps discussed above, the data analysis stage typically requires
an iterative approach that is used to understand the data sets
and optimise the overall analysis. The variety of computing
approaches used, combined with a high turnover of young
researchers performing the analyses in their experimental teams,
poses a particular problem for computational reproducibility.
The researchers typically use imperative programming, directly
expressing all the details about the flow of necessary calculations
for the compute platform at hand. This causes several challenges
for possible future rerunning of the original analysis using
different data, different theoretical models, updated software
versions of dependent libraries, or a completely different
compute backend than originally foreseen.

We argue for an alternative declarative data analysis approach
that captures the overall knowledge associated with a particle
physics analysis in a more structured way. The analysis process
is expressed as a series of steps depending on other steps,
each step declaring its precise sets of inputs and outputs. The
structured description of the analysis process focuses first and
foremost on “what” needs to be done in each step without paying

particular attention to “how” the individual computation might
be performed by the computer (Lloyd, 1994). This helps to design
well-defined interfaces in the analysis flow, isolating unnecessary
computational details until they actually matter.

We have developed a reproducible analysis platform called
REANA (Šimko et al., 2019) that allows researchers to express
the computational data analysis steps using such declarative
paradigm. Taking advantage of recent advances of container
technology in the general IT industry, the computations are
isolated from supporting compute environments as much as
possible. This helps with the portability of the analysis process
as a whole. The REANA platform reads the structured analysis
description provided by the researcher and instantiates analysis
steps on containerised compute clouds. The support for various
declarative workflow languages [CWL (Amstutz et al., 2016),
Yadage (Cranmer and Heinrich, 2017)] and various compute
backends [Kubernetes (Burns et al., 2016), HTCondor (Thain
et al., 2005) for high-throughput computations, Slurm (Yoo et al.,
2003) for high-performance computations] aims to ensure the
universal reproducibility of computations on diverse computing
platforms. The cloud-native approach of REANA, together
with allowing researchers to use several high-level workflow
languages or to run different parts of the same workflow on
different compute backends, is whatmakes REANA specific when
compared to other similar workflow management systems used
in scientific research such as HTCondor DAGMan (HTC, 2021)
or Pegasus (Deelman et al., 2015).

The paper is structured as follows. Section 2 of this
paper describes the declarative approach and discusses its
scalability. Section 3 demonstrates the applicability of the
method on two concrete case studies from the ATLAS (ATLAS
Collaboration, 2008) and CMS (CMS Collaboration, 2008)
experiments analysing proton-proton collisions at the Large
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FIGURE 1 | A simplified diagram illustrating typical stages in experimental particle physics data analyses. After data acquisition that is using a multi-tiered trigger
filtering step, the experimental collision data are further reduced in computing processes before they are ready for physics analyses. Events generated following
theoretical models undergo a detector simulation step and are subsequently subject to the same reconstruction and processing steps as the collision data. The
individual analysts then compare collision and simulated data using statistical analysis techniques. Our paper focuses mostly on the computational reproducibility
challenges inherent in the last data analysis stages.

are the same as for the collision data. The first processing
stages usually take place in big compute farms and world-wide
grid computing infrastructures using automatised recipes. The
processing is done by specialised teams and the end result
are collision and simulated data suitable for individual particle
physics analyses. The physics analysis stage uses statistical
analysis techniques and is performed by individual researchers
using a variety of computational approaches (Rizzi et al., 2019),
from personal laptops and desktops up to small compute
batch farms.

In this paper, we are focusing mostly on the latter statistical
data analysis stage as performed by individual researchers. In
contrast to the centralised and largely automated processing
steps discussed above, the data analysis stage typically requires
an iterative approach that is used to understand the data sets
and optimise the overall analysis. The variety of computing
approaches used, combined with a high turnover of young
researchers performing the analyses in their experimental teams,
poses a particular problem for computational reproducibility.
The researchers typically use imperative programming, directly
expressing all the details about the flow of necessary calculations
for the compute platform at hand. This causes several challenges
for possible future rerunning of the original analysis using
different data, different theoretical models, updated software
versions of dependent libraries, or a completely different
compute backend than originally foreseen.

We argue for an alternative declarative data analysis approach
that captures the overall knowledge associated with a particle
physics analysis in a more structured way. The analysis process
is expressed as a series of steps depending on other steps,
each step declaring its precise sets of inputs and outputs. The
structured description of the analysis process focuses first and
foremost on “what” needs to be done in each step without paying

particular attention to “how” the individual computation might
be performed by the computer (Lloyd, 1994). This helps to design
well-defined interfaces in the analysis flow, isolating unnecessary
computational details until they actually matter.

We have developed a reproducible analysis platform called
REANA (Šimko et al., 2019) that allows researchers to express
the computational data analysis steps using such declarative
paradigm. Taking advantage of recent advances of container
technology in the general IT industry, the computations are
isolated from supporting compute environments as much as
possible. This helps with the portability of the analysis process
as a whole. The REANA platform reads the structured analysis
description provided by the researcher and instantiates analysis
steps on containerised compute clouds. The support for various
declarative workflow languages [CWL (Amstutz et al., 2016),
Yadage (Cranmer and Heinrich, 2017)] and various compute
backends [Kubernetes (Burns et al., 2016), HTCondor (Thain
et al., 2005) for high-throughput computations, Slurm (Yoo et al.,
2003) for high-performance computations] aims to ensure the
universal reproducibility of computations on diverse computing
platforms. The cloud-native approach of REANA, together
with allowing researchers to use several high-level workflow
languages or to run different parts of the same workflow on
different compute backends, is whatmakes REANA specific when
compared to other similar workflow management systems used
in scientific research such as HTCondor DAGMan (HTC, 2021)
or Pegasus (Deelman et al., 2015).

The paper is structured as follows. Section 2 of this
paper describes the declarative approach and discusses its
scalability. Section 3 demonstrates the applicability of the
method on two concrete case studies from the ATLAS (ATLAS
Collaboration, 2008) and CMS (CMS Collaboration, 2008)
experiments analysing proton-proton collisions at the Large
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RESULTS: CORRELATIONS BETWEEN METRICS 127

Figure 114: Pareto front in sample quality (from figure 69 and table C17) and generation

speed (from figure 73 and table C22).

Figure 115: Pareto front in sample quality (from figure 85 and table C25) and generation

speed (from figure 89 and table C30).

faster generation time per shower. The VAE-based submissions CaloMan, Calo-VQ, and

CaloVAE+INN belong to this group. In the corner with the best scores of both dimensions,

we have the Normalizing Flow-based submission CaloINN. Also CaloFlow student is

close, indicating that the low-dimensional data of dataset 1 – photons can be described

well with normalizing flows and that a good choice for the architecture can also make

the generation fast.

With ds 1 – ω+ in figure 113, the situation is similar than with ds 1 – ε, given

that it has comparable dimensionality. We again observe a cluster of submissions

in the top-right at good shower quality and large generation time. Again, these are

the di!usion models CaloDiffusion, CaloGraph, the MAF-based normalizing flow of

CaloFlow teacher, and the GAN of CaloShowerGAN. Much faster, but also worse in

quality we again see VAE and GAN-based models of Calo-VQ, BoloGAN, and CaloMan.

In the corner of fast generation of good showers, we see four submissions that actually

Diffusion/ 
Flow Matching

Normalizing  
Flow

GAN/VAE

CaloChallenge Showers are voxelized in cylindrical coordinates.
Showers are usually sparse.
Energy depositions span several orders of magnitude.

Claudius Krause (HEPHY Vienna) CaloChallenge November 4, 2024 5 / 25

DATASETS 9

2. Datasets

The challenge o!ers three datasets, ranging in di”culty from easy through medium to

hard. The di”culty is set by the dimensionality of the calorimeter showers, i.e. the

number layers and the number of voxels in each layer.

Each dataset has the same general format. The detector geometry consists of

concentric cylinders with particles propagating along the z-axis. The detector is

segmented along the z-axis into Nz discrete layers. Each layer has Nr bins along the

radial direction and Nω bins in the angle ω. The number of layers and bins in r and ω

is summarized in table 2. The coordinates #ε and #ϑ correspond to the x and y axis

of the cylindrical coordinates. Figure 2 shows a 3-dimensional view of a geometry with

3 layers, with each layer having 3 bins in the radial direction and 6 bins in the angular

direction. The right image shows the front view of the geometry, as seen along the z

axis.

Figure 2: Schematic view of the voxelization in all datasets. Along the direction of the

incoming particle (z), the volume is segmented in Nz layers. Each layer has Nr radial

and Nω angular bins. Left: 3-dimensional view. Right: Front view.

Each CaloChallenge dataset comes as one or more .hdf5 files that were written

with python’s h5py package [73] using gzip compression. Within each file, there are

two hdf5-datasets: incident energies has the shape (num events, 1) and contains

the energy of the incoming particle in MeV; showers has the shape (num events,

num voxels) and stores the energy deposited in showers, where the energy depositions

of each voxel (in MeV) are flattened. The mapping of array index to voxel location is

done in the order (radial bins, angular bins, layer), so the first entries correspond to the

radial bins of the first angular slice in the first layer. Then, the radial bins of the next

angular slice of the first layer follow, and so on.

For every dataset in the CaloChallenge, there is one dataset file to be used for

training the generative models and a second one for the evaluation (both by the

Fast calorimeter simulation 
using generative models

arXiv: 2410.21611

https://doi.org/10.3389/fdata.2021.661501
https://arxiv.org/abs/2410.21611
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FIGURE 1 | A simplified diagram illustrating typical stages in experimental particle physics data analyses. After data acquisition that is using a multi-tiered trigger
filtering step, the experimental collision data are further reduced in computing processes before they are ready for physics analyses. Events generated following
theoretical models undergo a detector simulation step and are subsequently subject to the same reconstruction and processing steps as the collision data. The
individual analysts then compare collision and simulated data using statistical analysis techniques. Our paper focuses mostly on the computational reproducibility
challenges inherent in the last data analysis stages.

are the same as for the collision data. The first processing
stages usually take place in big compute farms and world-wide
grid computing infrastructures using automatised recipes. The
processing is done by specialised teams and the end result
are collision and simulated data suitable for individual particle
physics analyses. The physics analysis stage uses statistical
analysis techniques and is performed by individual researchers
using a variety of computational approaches (Rizzi et al., 2019),
from personal laptops and desktops up to small compute
batch farms.

In this paper, we are focusing mostly on the latter statistical
data analysis stage as performed by individual researchers. In
contrast to the centralised and largely automated processing
steps discussed above, the data analysis stage typically requires
an iterative approach that is used to understand the data sets
and optimise the overall analysis. The variety of computing
approaches used, combined with a high turnover of young
researchers performing the analyses in their experimental teams,
poses a particular problem for computational reproducibility.
The researchers typically use imperative programming, directly
expressing all the details about the flow of necessary calculations
for the compute platform at hand. This causes several challenges
for possible future rerunning of the original analysis using
different data, different theoretical models, updated software
versions of dependent libraries, or a completely different
compute backend than originally foreseen.

We argue for an alternative declarative data analysis approach
that captures the overall knowledge associated with a particle
physics analysis in a more structured way. The analysis process
is expressed as a series of steps depending on other steps,
each step declaring its precise sets of inputs and outputs. The
structured description of the analysis process focuses first and
foremost on “what” needs to be done in each step without paying

particular attention to “how” the individual computation might
be performed by the computer (Lloyd, 1994). This helps to design
well-defined interfaces in the analysis flow, isolating unnecessary
computational details until they actually matter.

We have developed a reproducible analysis platform called
REANA (Šimko et al., 2019) that allows researchers to express
the computational data analysis steps using such declarative
paradigm. Taking advantage of recent advances of container
technology in the general IT industry, the computations are
isolated from supporting compute environments as much as
possible. This helps with the portability of the analysis process
as a whole. The REANA platform reads the structured analysis
description provided by the researcher and instantiates analysis
steps on containerised compute clouds. The support for various
declarative workflow languages [CWL (Amstutz et al., 2016),
Yadage (Cranmer and Heinrich, 2017)] and various compute
backends [Kubernetes (Burns et al., 2016), HTCondor (Thain
et al., 2005) for high-throughput computations, Slurm (Yoo et al.,
2003) for high-performance computations] aims to ensure the
universal reproducibility of computations on diverse computing
platforms. The cloud-native approach of REANA, together
with allowing researchers to use several high-level workflow
languages or to run different parts of the same workflow on
different compute backends, is whatmakes REANA specific when
compared to other similar workflow management systems used
in scientific research such as HTCondor DAGMan (HTC, 2021)
or Pegasus (Deelman et al., 2015).

The paper is structured as follows. Section 2 of this
paper describes the declarative approach and discusses its
scalability. Section 3 demonstrates the applicability of the
method on two concrete case studies from the ATLAS (ATLAS
Collaboration, 2008) and CMS (CMS Collaboration, 2008)
experiments analysing proton-proton collisions at the Large
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FIGURE 1 | A simplified diagram illustrating typical stages in experimental particle physics data analyses. After data acquisition that is using a multi-tiered trigger
filtering step, the experimental collision data are further reduced in computing processes before they are ready for physics analyses. Events generated following
theoretical models undergo a detector simulation step and are subsequently subject to the same reconstruction and processing steps as the collision data. The
individual analysts then compare collision and simulated data using statistical analysis techniques. Our paper focuses mostly on the computational reproducibility
challenges inherent in the last data analysis stages.

are the same as for the collision data. The first processing
stages usually take place in big compute farms and world-wide
grid computing infrastructures using automatised recipes. The
processing is done by specialised teams and the end result
are collision and simulated data suitable for individual particle
physics analyses. The physics analysis stage uses statistical
analysis techniques and is performed by individual researchers
using a variety of computational approaches (Rizzi et al., 2019),
from personal laptops and desktops up to small compute
batch farms.

In this paper, we are focusing mostly on the latter statistical
data analysis stage as performed by individual researchers. In
contrast to the centralised and largely automated processing
steps discussed above, the data analysis stage typically requires
an iterative approach that is used to understand the data sets
and optimise the overall analysis. The variety of computing
approaches used, combined with a high turnover of young
researchers performing the analyses in their experimental teams,
poses a particular problem for computational reproducibility.
The researchers typically use imperative programming, directly
expressing all the details about the flow of necessary calculations
for the compute platform at hand. This causes several challenges
for possible future rerunning of the original analysis using
different data, different theoretical models, updated software
versions of dependent libraries, or a completely different
compute backend than originally foreseen.

We argue for an alternative declarative data analysis approach
that captures the overall knowledge associated with a particle
physics analysis in a more structured way. The analysis process
is expressed as a series of steps depending on other steps,
each step declaring its precise sets of inputs and outputs. The
structured description of the analysis process focuses first and
foremost on “what” needs to be done in each step without paying

particular attention to “how” the individual computation might
be performed by the computer (Lloyd, 1994). This helps to design
well-defined interfaces in the analysis flow, isolating unnecessary
computational details until they actually matter.

We have developed a reproducible analysis platform called
REANA (Šimko et al., 2019) that allows researchers to express
the computational data analysis steps using such declarative
paradigm. Taking advantage of recent advances of container
technology in the general IT industry, the computations are
isolated from supporting compute environments as much as
possible. This helps with the portability of the analysis process
as a whole. The REANA platform reads the structured analysis
description provided by the researcher and instantiates analysis
steps on containerised compute clouds. The support for various
declarative workflow languages [CWL (Amstutz et al., 2016),
Yadage (Cranmer and Heinrich, 2017)] and various compute
backends [Kubernetes (Burns et al., 2016), HTCondor (Thain
et al., 2005) for high-throughput computations, Slurm (Yoo et al.,
2003) for high-performance computations] aims to ensure the
universal reproducibility of computations on diverse computing
platforms. The cloud-native approach of REANA, together
with allowing researchers to use several high-level workflow
languages or to run different parts of the same workflow on
different compute backends, is whatmakes REANA specific when
compared to other similar workflow management systems used
in scientific research such as HTCondor DAGMan (HTC, 2021)
or Pegasus (Deelman et al., 2015).

The paper is structured as follows. Section 2 of this
paper describes the declarative approach and discusses its
scalability. Section 3 demonstrates the applicability of the
method on two concrete case studies from the ATLAS (ATLAS
Collaboration, 2008) and CMS (CMS Collaboration, 2008)
experiments analysing proton-proton collisions at the Large
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Šimko et al. Scalable Declarative HEP Workflows

FIGURE 1 | A simplified diagram illustrating typical stages in experimental particle physics data analyses. After data acquisition that is using a multi-tiered trigger
filtering step, the experimental collision data are further reduced in computing processes before they are ready for physics analyses. Events generated following
theoretical models undergo a detector simulation step and are subsequently subject to the same reconstruction and processing steps as the collision data. The
individual analysts then compare collision and simulated data using statistical analysis techniques. Our paper focuses mostly on the computational reproducibility
challenges inherent in the last data analysis stages.

are the same as for the collision data. The first processing
stages usually take place in big compute farms and world-wide
grid computing infrastructures using automatised recipes. The
processing is done by specialised teams and the end result
are collision and simulated data suitable for individual particle
physics analyses. The physics analysis stage uses statistical
analysis techniques and is performed by individual researchers
using a variety of computational approaches (Rizzi et al., 2019),
from personal laptops and desktops up to small compute
batch farms.

In this paper, we are focusing mostly on the latter statistical
data analysis stage as performed by individual researchers. In
contrast to the centralised and largely automated processing
steps discussed above, the data analysis stage typically requires
an iterative approach that is used to understand the data sets
and optimise the overall analysis. The variety of computing
approaches used, combined with a high turnover of young
researchers performing the analyses in their experimental teams,
poses a particular problem for computational reproducibility.
The researchers typically use imperative programming, directly
expressing all the details about the flow of necessary calculations
for the compute platform at hand. This causes several challenges
for possible future rerunning of the original analysis using
different data, different theoretical models, updated software
versions of dependent libraries, or a completely different
compute backend than originally foreseen.

We argue for an alternative declarative data analysis approach
that captures the overall knowledge associated with a particle
physics analysis in a more structured way. The analysis process
is expressed as a series of steps depending on other steps,
each step declaring its precise sets of inputs and outputs. The
structured description of the analysis process focuses first and
foremost on “what” needs to be done in each step without paying

particular attention to “how” the individual computation might
be performed by the computer (Lloyd, 1994). This helps to design
well-defined interfaces in the analysis flow, isolating unnecessary
computational details until they actually matter.

We have developed a reproducible analysis platform called
REANA (Šimko et al., 2019) that allows researchers to express
the computational data analysis steps using such declarative
paradigm. Taking advantage of recent advances of container
technology in the general IT industry, the computations are
isolated from supporting compute environments as much as
possible. This helps with the portability of the analysis process
as a whole. The REANA platform reads the structured analysis
description provided by the researcher and instantiates analysis
steps on containerised compute clouds. The support for various
declarative workflow languages [CWL (Amstutz et al., 2016),
Yadage (Cranmer and Heinrich, 2017)] and various compute
backends [Kubernetes (Burns et al., 2016), HTCondor (Thain
et al., 2005) for high-throughput computations, Slurm (Yoo et al.,
2003) for high-performance computations] aims to ensure the
universal reproducibility of computations on diverse computing
platforms. The cloud-native approach of REANA, together
with allowing researchers to use several high-level workflow
languages or to run different parts of the same workflow on
different compute backends, is whatmakes REANA specific when
compared to other similar workflow management systems used
in scientific research such as HTCondor DAGMan (HTC, 2021)
or Pegasus (Deelman et al., 2015).

The paper is structured as follows. Section 2 of this
paper describes the declarative approach and discusses its
scalability. Section 3 demonstrates the applicability of the
method on two concrete case studies from the ATLAS (ATLAS
Collaboration, 2008) and CMS (CMS Collaboration, 2008)
experiments analysing proton-proton collisions at the Large

Frontiers in Big Data | www.frontiersin.org 2 May 2021 | Volume 4 | Article 661501

Unfolding, 
simulation-based inference, 

differentiable programming...

GNNs/Transformers for  
jet tagging,  

tracking / vertexing,  
particle-flow,  

calorimeter reconstruction...

Generative models for  
event generation & fast simulation: 

GAN, VAE, normalizing flow, 
diffusion... Front.Big Data 4 (2021) 661501

Ultrafast inference (FPGA/ASIC),  
data compression, anomaly detection...

And more…

https://doi.org/10.3389/fdata.2021.661501


Th
e 

AI
 L

an
ds

ca
pe

 in
 E

xp
er

im
en

ta
l P

ar
tic

le
 P

hy
sic

s 
-M

ay
 1

7,
 2

02
6 

- H
ui

lin
 Q

u 
(T

D
LI

)

9

LLMs are admittedly extremely powerful.
Yet they cannot solve everything.

We still need AI models that understands experimental data  
— high dimensional, continuous, noisy… 

Just like the real physical world.
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The answer — Jet tagging!
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Key question: 
      What type of particle initiates the jet?

Jet: a collimated spray of particles

EXAMPLE: JET TAGGING
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But also: excellent playground for machine learning

Adapted from 
 arXiv: 2512.17011
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objective function depending on the specific research question.
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Figure 1: The two-stage deep neural network architecture consists of the Lorentz Boost Network

AS COLLECTIONS OF PARTICLES…
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But also: excellent playground for machine learning
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Evolution of Jet Representation 
image, sequence, point cloud, …

Attention Is All You Need?
or how physics can help…

Towards a Foundation Model
scaling, self-supervision, and more…E

nc
od

er

Predictor/World Model

Transformation, Action

Decoder/World Model

Transformation, Action Transformation, Action

JEPA world modelGenerative World model Joint Embedding

Unconditional

Conditional

BYOL, SimSiam

Latent world models, I-JEPA, 
Equivariant SSL, IWM (Ours)

Denoising Autoencoders
Variational Autoencoders

Generative World Models
Masked Image Modeling N/A

Siamese, SimCLR, VICReg, DINO

Figure 2 Multiple families of methods with related architectures can be distinguished, in which the conditioning or not of their
world model is a key distinction. Generative World Models are trained to invert a transformation in input space, leveraging
an autoencoder framework. Methods for world modeling and representation learning can be instantiated in this way. Joint
Embedding methods get rid of the world model but operate in latent space by encoding what is common between transformed
inputs. It is the main class of SSL methods. JEPAWorldModels can be seen as a more general framework where a world model is
trained in latent space. This family has been very successful both in reinforcement learning and in representation learning, and is
where Image World Models (IWM) falls.

y; in this case, the transformation parameters a (lo-
cations of masked image patches), are also fed to the
decoder network. Methods based on joint-embedding
predictive architectures (JEPAs), such as I-JEPA (As-
sran et al., 2023) or data2vec (Baevski et al., 2022),
operate similarly, but can be seen as learning a latent
image world model, which learns to infer the e!ect
of the masking action on the representation of an
image. If one does not condition the predictor on
the transformation parameters, then the best we can
hope for is learning representations that are invariant
to the data transformations, as in BYOL (Grill et al.,
2020) and SimSiam (Chen and He, 2020), wherein
the image transformations correspond to various pho-
tometric and geometric data augmentations.
However, despite some of the apparent similarities
between world modelling in reinforcement learn-
ing and self-supervised learning from images, the
learned world model in reinforcement learning is typ-
ically leveraged in downstream tasks, e.g., for plan-
ning (Hansen et al., 2022). In contrast, the learned
world model in self-supervised learning is typically
discarded after pretraining, as the main focus is often
on the representation quality of the learned encoder
network. This stems from the fact that most down-
stream tasks in computer vision are unrelated to the
world modeling task. Common tasks of interest focus
on discriminative aspects and as such, even when
the predictor learns useful information, it is simply
discarded. We postulate that discarding the world
model in representation learning is wasteful, and that
just like in RL, we can reuse this world model for
downstream tasks. This motivates us to study, in

more depth, learning world models as a paradigm for
representation learning. We thus introduce Image
World Models (IWM, illustrated to the right of fig-
ure 2) as a way to learn both good representations
and strong reusable world models. IWM is based on
JEPA and extends the usual latent inpainting to also
include photometric transformations, allowing us to
demonstrate the key aspects in learning a capable
world model, which include the choice of predictor
conditioning, the strength of the transformations,
and the capacity of the world model.
We then focus on leveraging the learned world model
for downstream tasks, and find that it can be lever-
aged through finetuning. Specifically, we find that
finetuning the world model on top of the frozen en-
coder for downstream tasks provides improved perfor-
mance over encoder finetuning; this is also achieved
at a fraction of the cost and number of finetuned
parameters. Moreover, only the world model learned
by IWM exhibits this behavior; finetuning a ran-
domly initialized network of the same architecture as
the predictor does not provide such a performance
improvement. This suggests that the world model
should be a key part of the inference process, in-
stead of being discarded. Inspired by instruction
tuning (Wei et al., 2022; Zhang et al., 2023), we fur-
ther show that the world model can be finetuned
to solve multiple tasks at once, further improving
e"ciency.

Our study reveals another key aspect of representa-
tion learning with world models: the capacity given
to the world model has a direct influence on the

2

Scaled Dot-Product Attention Multi-Head Attention

Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

query with all keys, divide each by
p
dk, and apply a softmax function to obtain the weights on the

values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix Q. The keys and values are also packed together into matrices K and V . We compute
the matrix of outputs as:

Attention(Q,K, V ) = softmax(
QK

T

p
dk

)V (1)

The two most commonly used attention functions are additive attention [2], and dot-product (multi-
plicative) attention. Dot-product attention is identical to our algorithm, except for the scaling factor
of 1p

dk
. Additive attention computes the compatibility function using a feed-forward network with

a single hidden layer. While the two are similar in theoretical complexity, dot-product attention is
much faster and more space-efficient in practice, since it can be implemented using highly optimized
matrix multiplication code.

While for small values of dk the two mechanisms perform similarly, additive attention outperforms
dot product attention without scaling for larger values of dk [3]. We suspect that for large values of
dk, the dot products grow large in magnitude, pushing the softmax function into regions where it has
extremely small gradients 4. To counteract this effect, we scale the dot products by 1p

dk
.

3.2.2 Multi-Head Attention

Instead of performing a single attention function with dmodel-dimensional keys, values and queries,
we found it beneficial to linearly project the queries, keys and values h times with different, learned
linear projections to dk, dk and dv dimensions, respectively. On each of these projected versions of
queries, keys and values we then perform the attention function in parallel, yielding dv-dimensional
output values. These are concatenated and once again projected, resulting in the final values, as
depicted in Figure 2.

Multi-head attention allows the model to jointly attend to information from different representation
subspaces at different positions. With a single attention head, averaging inhibits this.

4To illustrate why the dot products get large, assume that the components of q and k are independent random
variables with mean 0 and variance 1. Then their dot product, q · k =

Pdk
i=1 qiki, has mean 0 and variance dk.

4
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Evolution of Jet Representation 
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DATA REPRESENTATION

16

×

MLHEP

First and foremost: 
How to represent the data?

Collision events, detector hits, sensor arrays, …
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DATA REPRESENTATION: IMAGE

Convert to 2D/3D image => Computer vision  

then use convolutional neural networks (CNNs) 

but:  

inhomogeneous geometry, high sparsity, …
17

Image

Image-Based Jet Analysis 3

the detector measurements directly, rather than relying on jet features de-
veloped using physics domain knowledge, additional discrimination power
could be extracted. Deep learning approaches surpass such linear meth-
ods, but build on this notion of learning discriminating information from
detector observables rather than engineered features.

Fig. 1.: An example jet image of a Lorentz boosted top quark jet after
preprocessing has been applied [10].

While designed to take advantage of advances in computer vision, jet im-
ages have notable di↵erences with respect to typical natural images in CV.
Jet images are sparse, with most pixels in the image having zero content.
This is markedly di↵erent from natural images that tend to have all pixels
containing content. Moreover, jet images tend to have multiple localized
regions of high density in addition to di↵usely located pixels throughout
the image, as opposed to the smooth structures typically found in natural
images. An example top quark jet image illustrating these features can
be seen in Figure 1. These di↵erences can lead to notable challenges, for
instance the number of parameters used in jet image models (and conse-
quently the training time) tend to be large to account for the size of the
image, even though most pixels carry no information. Some techniques
exist for sparse-image computer vision approaches [11], but have not been
explored in depth within the jet image community.

This text will first discuss jets and typical jet physics in Section 2. The

e.g., L. de Oliveira, M. Kagan, L. Mackey, B. Nachman and A. Schwartzman, arXiv: 1511.05190
(see also the review by Kagan, arXiv:2012.09719)

HEP

Collision events, detector hits, sensor arrays, …
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DATA REPRESENTATION: SEQUENCE

Convert to a sequence => Natural language processing (NLP) 

recurrent neural network (RNN), e.g., GRU/LSTM; 1D CNNs; etc.

18

Sequence

S1 S2 Sn. . .

I1 I2 In. . .
Input

Sequence

LSTM

States

MLP

Output

e.g., Guest, Collado, Baldi, Hsu, Urban, Whiteson
arXiv: 1607.08633

HEP

Collision events, detector hits, sensor arrays, …
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DATA REPRESENTATION: SEQUENCE?

Convert to a sequence => Natural language processing (NLP) 

recurrent neural network (RNN), e.g., GRU/LSTM; 1D CNNs; etc. 

but: 

must impose an ordering on the particles/hits, which can limit the learning performance

19
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SequenceHEP

Permutation symmetry
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POINT CLOUD

20

An unordered set of points in space  
(e.g., produced by a LiDAR on self-driving cars)
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DATA REPRESENTATION: POINT CLOUD

HEP data as a point cloud 

each particle / detector cell is a point in the cloud 

for each point: (spatial) coordinates + any additional properties (energy/momentum, detector response, …) 

key feature: permutation symmetry — algorithm output should not depend on the input ordering
21

Point cloudHEP

Collision events, detector hits, sensor arrays, … η

ϕ
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PARTICLENET
ParticleNet: jet tagging via particle clouds 

treating a jet as an unordered set of particles, distributed in the η — φ space 

graph neural network architecture, adapted from DGCNN [arXiv:1801.07829] 

treating a point cloud as a graph: each point is a vertex 

for each point, a local patch is defined by finding its k-nearest neighbors 

designing a permutation-invariant “convolution” function 

define “edge feature” for each center-neighbor pair: eij = MLP(xi, xj) 

aggregate the edge features in a symmetric way: xi’ =  eijmeanj

22

coordinates features

EdgeConv Block
k = 16, C = (64, 64, 64)

EdgeConv Block
k = 16, C = (128, 128, 128)

EdgeConv Block
k = 16, C = (256, 256, 256)

Global Average Pooling

Fully Connected
256, ReLU, Dropout = 0.1

Fully Connected
2

Softmax

Linear

BatchNorm

ReLU

Linear

BatchNorm

ReLU

coordinates features

k-NN

k-NN indices

ReLU

edge features

Linear

BatchNorm

ReLU

Aggregation

HQ and L. Gouskos
Phys.Rev.D 101 (2020) 5, 056019

cf. P. T. Komiske, E. M. Metodiev and J. Thaler, JHEP 01 (2019) 121;  
V. Mikuni and F. Canelli, Eur. Phys. J. Plus 135, 463 (2020); Mach.Learn.Sci.Tech. 2 (2021) 3, 035027.

https://doi.org/10.1103/PhysRevD.101.056019
https://doi.org/10.1007/JHEP01(2019)121
https://doi.org/10.1140/epjp/s13360-020-00497-3
https://doi.org/10.1088/2632-2153/ac07f6
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PARTICLENET
ParticleNet: jet tagging via particle clouds 

treating a jet as an unordered set of particles, distributed in the η — φ space 

graph neural network architecture, adapted from DGCNN [arXiv:1801.07829] 

treating a point cloud as a graph: each point is a vertex 

for each point, a local patch is defined by finding its k-nearest neighbors 

designing a permutation-invariant “convolution” function 

define “edge feature” for each center-neighbor pair: eij = MLP(xi, xj) 

aggregate the edge features in a symmetric way: xi’ =  eijmeanj

23

coordinates features

EdgeConv Block
k = 16, C = (64, 64, 64)

EdgeConv Block
k = 16, C = (128, 128, 128)

EdgeConv Block
k = 16, C = (256, 256, 256)

Global Average Pooling

Fully Connected
256, ReLU, Dropout = 0.1

Fully Connected
2

Softmax

Linear

BatchNorm

ReLU

Linear

BatchNorm

ReLU

coordinates features

k-NN

k-NN indices

ReLU

edge features

Linear

BatchNorm

ReLU

Aggregation

HQ and L. Gouskos
Phys.Rev.D 101 (2020) 5, 056019

cf. P. T. Komiske, E. M. Metodiev and J. Thaler, JHEP 01 (2019) 121;  
V. Mikuni and F. Canelli, Eur. Phys. J. Plus 135, 463 (2020); Mach.Learn.Sci.Tech. 2 (2021) 3, 035027.

Image

Sequence

Point cloud {

https://doi.org/10.1103/PhysRevD.101.056019
https://doi.org/10.1007/JHEP01(2019)121
https://doi.org/10.1140/epjp/s13360-020-00497-3
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Evolution of Jet Representation 
image, sequence, point cloud, …

Attention Is All You Need?
or how physics can help…

Towards a Foundation Model
scaling, self-supervision, and more…E

nc
od

er

Predictor/World Model

Transformation, Action

Decoder/World Model

Transformation, Action Transformation, Action

JEPA world modelGenerative World model Joint Embedding

Unconditional

Conditional

BYOL, SimSiam

Latent world models, I-JEPA, 
Equivariant SSL, IWM (Ours)

Denoising Autoencoders
Variational Autoencoders

Generative World Models
Masked Image Modeling N/A

Siamese, SimCLR, VICReg, DINO

Scaled Dot-Product Attention Multi-Head Attention

Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

query with all keys, divide each by
p
dk, and apply a softmax function to obtain the weights on the

values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix Q. The keys and values are also packed together into matrices K and V . We compute
the matrix of outputs as:

Attention(Q,K, V ) = softmax(
QK

T

p
dk

)V (1)

The two most commonly used attention functions are additive attention [2], and dot-product (multi-
plicative) attention. Dot-product attention is identical to our algorithm, except for the scaling factor
of 1p

dk
. Additive attention computes the compatibility function using a feed-forward network with

a single hidden layer. While the two are similar in theoretical complexity, dot-product attention is
much faster and more space-efficient in practice, since it can be implemented using highly optimized
matrix multiplication code.

While for small values of dk the two mechanisms perform similarly, additive attention outperforms
dot product attention without scaling for larger values of dk [3]. We suspect that for large values of
dk, the dot products grow large in magnitude, pushing the softmax function into regions where it has
extremely small gradients 4. To counteract this effect, we scale the dot products by 1p

dk
.

3.2.2 Multi-Head Attention

Instead of performing a single attention function with dmodel-dimensional keys, values and queries,
we found it beneficial to linearly project the queries, keys and values h times with different, learned
linear projections to dk, dk and dv dimensions, respectively. On each of these projected versions of
queries, keys and values we then perform the attention function in parallel, yielding dv-dimensional
output values. These are concatenated and once again projected, resulting in the final values, as
depicted in Figure 2.

Multi-head attention allows the model to jointly attend to information from different representation
subspaces at different positions. With a single attention head, averaging inhibits this.

4To illustrate why the dot products get large, assume that the components of q and k are independent random
variables with mean 0 and variance 1. Then their dot product, q · k =

Pdk
i=1 qiki, has mean 0 and variance dk.

4
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ATTENTION IS ALL YOU NEED?
Transformers are taking over every task

25

Figure 1: The Transformer - model architecture.

The Transformer follows this overall architecture using stacked self-attention and point-wise, fully
connected layers for both the encoder and decoder, shown in the left and right halves of Figure 1,
respectively.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum

3

Large Language Models
Protein Structure Prediction

(e.g. Nature 596 (2021) 583)

Image/Video Generation

Transforming the Bootstrap 2

Figure 1. Sample Feynman diagrams for the process gg → Hg at two loops (left)
and eight loops (right) in QCD. The same diagrams contribute in SYM, where
the Higgs boson H and top quark (t) triangle is replaced by a particular local
operator in the theory, and the process is referred to as a form factor.

conventional way to compute scattering amplitudes uses Feynman diagrams (see Figure 1
for examples), which graphically organize a series of terms in a perturbative expansion.
Performing high-precision calculations in the theory of quantum chromodynamics (QCD)
requires Feynman diagrams containing at least two loops [3–10]. Each loop represents
intermediate-state virtual particles whose unobserved momenta must be integrated over.
Each successive order of precision demands the addition of another loop to the diagram.
Unfortunately, the number of possible Feynman diagrams, and thus the number of
integrals that must be performed, grows factorially with loop order, quickly making these
calculations intractable.

A recently-developed alternative technique, known as the amplitude bootstrap [11–13],
attempts to directly construct candidate solutions for multi-loop amplitudes. It has
mainly been applied so far to a simpler relative of QCD, called planar N = 4 super-Yang-
Mills theory (SYM). The amplitude bootstrap circumvents many of the computational
and numerical challenges that arise from the Feynman diagram approach. It leverages
the rich, yet highly constrained, analytical structure of amplitudes that arises from
the particular recurrent features of the integrals involved. Using this technique, the
form of the amplitude can be determined a priori, and the finite-dimensional solution
space at a given loop order can be strongly constrained through a large system of linear
relations with integer coe!cients. Many of the linear relations are found by analyzing
the lower-loop results. A small number of additional constraints, derived from behavior
in physical limits, can then be applied in order to obtain a unique solution.

The amplitude bootstrap allows for the computation of amplitudes up to eight loops
in SYM [14], vs. two loops using traditional Feynman diagram methods for the same
quantity in QCD [15], as depicted in Figure 1. However, when using the bootstrap
technique, the number of linear relations to be solved and the number of unknown
coe!cients both increase by a factor of about 4 at each subsequent loop order [14]. Since

Scattering Amplitude Computation
(e.g. MLST 5 (2024) 035073)

https://www.nature.com/articles/s41586-021-03819-2
https://doi.org/10.1088/2632-2153/ad743e
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Transformers are taking over every task
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Figure 1: The Transformer - model architecture.

The Transformer follows this overall architecture using stacked self-attention and point-wise, fully
connected layers for both the encoder and decoder, shown in the left and right halves of Figure 1,
respectively.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum

3

Large Language Models
Protein Structure Prediction

(e.g. Nature 596 (2021) 583)

Image/Video Generation

Transforming the Bootstrap 2

Figure 1. Sample Feynman diagrams for the process gg → Hg at two loops (left)
and eight loops (right) in QCD. The same diagrams contribute in SYM, where
the Higgs boson H and top quark (t) triangle is replaced by a particular local
operator in the theory, and the process is referred to as a form factor.

conventional way to compute scattering amplitudes uses Feynman diagrams (see Figure 1
for examples), which graphically organize a series of terms in a perturbative expansion.
Performing high-precision calculations in the theory of quantum chromodynamics (QCD)
requires Feynman diagrams containing at least two loops [3–10]. Each loop represents
intermediate-state virtual particles whose unobserved momenta must be integrated over.
Each successive order of precision demands the addition of another loop to the diagram.
Unfortunately, the number of possible Feynman diagrams, and thus the number of
integrals that must be performed, grows factorially with loop order, quickly making these
calculations intractable.

A recently-developed alternative technique, known as the amplitude bootstrap [11–13],
attempts to directly construct candidate solutions for multi-loop amplitudes. It has
mainly been applied so far to a simpler relative of QCD, called planar N = 4 super-Yang-
Mills theory (SYM). The amplitude bootstrap circumvents many of the computational
and numerical challenges that arise from the Feynman diagram approach. It leverages
the rich, yet highly constrained, analytical structure of amplitudes that arises from
the particular recurrent features of the integrals involved. Using this technique, the
form of the amplitude can be determined a priori, and the finite-dimensional solution
space at a given loop order can be strongly constrained through a large system of linear
relations with integer coe!cients. Many of the linear relations are found by analyzing
the lower-loop results. A small number of additional constraints, derived from behavior
in physical limits, can then be applied in order to obtain a unique solution.

The amplitude bootstrap allows for the computation of amplitudes up to eight loops
in SYM [14], vs. two loops using traditional Feynman diagram methods for the same
quantity in QCD [15], as depicted in Figure 1. However, when using the bootstrap
technique, the number of linear relations to be solved and the number of unknown
coe!cients both increase by a factor of about 4 at each subsequent loop order [14]. Since

Scattering Amplitude Computation
(e.g. MLST 5 (2024) 035073)

The end of architecture research?

https://www.nature.com/articles/s41586-021-03819-2
https://doi.org/10.1088/2632-2153/ad743e
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Figure 1: The Transformer - model architecture.

The Transformer follows this overall architecture using stacked self-attention and point-wise, fully
connected layers for both the encoder and decoder, shown in the left and right halves of Figure 1,
respectively.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum

3

Large Language Models
Protein Structure Prediction

(e.g. Nature 596 (2021) 583)

Image/Video Generation

Transforming the Bootstrap 2

Figure 1. Sample Feynman diagrams for the process gg → Hg at two loops (left)
and eight loops (right) in QCD. The same diagrams contribute in SYM, where
the Higgs boson H and top quark (t) triangle is replaced by a particular local
operator in the theory, and the process is referred to as a form factor.

conventional way to compute scattering amplitudes uses Feynman diagrams (see Figure 1
for examples), which graphically organize a series of terms in a perturbative expansion.
Performing high-precision calculations in the theory of quantum chromodynamics (QCD)
requires Feynman diagrams containing at least two loops [3–10]. Each loop represents
intermediate-state virtual particles whose unobserved momenta must be integrated over.
Each successive order of precision demands the addition of another loop to the diagram.
Unfortunately, the number of possible Feynman diagrams, and thus the number of
integrals that must be performed, grows factorially with loop order, quickly making these
calculations intractable.

A recently-developed alternative technique, known as the amplitude bootstrap [11–13],
attempts to directly construct candidate solutions for multi-loop amplitudes. It has
mainly been applied so far to a simpler relative of QCD, called planar N = 4 super-Yang-
Mills theory (SYM). The amplitude bootstrap circumvents many of the computational
and numerical challenges that arise from the Feynman diagram approach. It leverages
the rich, yet highly constrained, analytical structure of amplitudes that arises from
the particular recurrent features of the integrals involved. Using this technique, the
form of the amplitude can be determined a priori, and the finite-dimensional solution
space at a given loop order can be strongly constrained through a large system of linear
relations with integer coe!cients. Many of the linear relations are found by analyzing
the lower-loop results. A small number of additional constraints, derived from behavior
in physical limits, can then be applied in order to obtain a unique solution.

The amplitude bootstrap allows for the computation of amplitudes up to eight loops
in SYM [14], vs. two loops using traditional Feynman diagram methods for the same
quantity in QCD [15], as depicted in Figure 1. However, when using the bootstrap
technique, the number of linear relations to be solved and the number of unknown
coe!cients both increase by a factor of about 4 at each subsequent loop order [14]. Since

Scattering Amplitude Computation
(e.g. MLST 5 (2024) 035073)

The end of architecture research?

Not really… 
Physics + network “co-design” is the key.

https://www.nature.com/articles/s41586-021-03819-2
https://doi.org/10.1088/2632-2153/ad743e
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PARTICLE TRANSFORMER
Particle Transformer (ParT): Transformer model tailored for particle physics
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Figure 3. The architecture of (a) Particle Transformer (b) Particle Attention Block (c) Class Attention Block.

as the particles in a jet are permutation invariant. The spatial
information (i.e., the flying direction of each particle) is
directly included in the particle inputs. We feed the particle
embedding x0 into a stack of L particle attention blocks
to produce new embeddings, x1, ...,xL via multi-head self
attention. The interaction matrix Y is used to augment the
scaled dot-product attention by adding it as a bias to the
pre-softmax attention weights. The same Y is used for all
the particle attention blocks. After that, the last particle
embedding xL is fed into two class attention blocks, and a
global class token xclass is used to extract information for
jet classification via attention to all the particles, following
the CaiT approach (Touvron et al., 2021). The class token
is passed to a single-layer MLP, followed by softmax, to
produce the final classification scores.

Remark. ParT can also be viewed as a graph neural network
on a fully-connected graph, in which each node corresponds
to a particle, and the interactions are the edge features.

Particle interaction features. While the ParT architecture
is designed to be able to process any kinds of pairwise in-
teraction features, for this paper we only consider a specific
scenario in which the interaction features are derived from
the energy-momentum 4-vector, p = (E, px, py, pz), of
each particle. This is the most general case for jet tagging,
as the particle 4-vectors are available in every jet tagging

task. Specifically, for a pair of particles a, b with 4-vectors
pa, pb, we calculate the following 4 features:

� =
p

(ya � yb)2 + (�a � �b)2,

kT = min(pT,a, pT,b)�,

z = min(pT,a, pT,b)/(pT,a + pT,b),

m2 = (Ea + Eb)
2

� kpa + pbk
2,

(3)

where yi is the rapidity, �i is the azimuthal angle, pT,i =
(p2x,i + p2y,i)

1/2 is the transverse momentum, and pi =
(px,i, py,i, pz,i) is the momentum 3-vector and k · k is the
norm, for i = a, b. Since these variables typically have
a long-tail distribution, we take the logarithm and use
(ln �, ln kT, ln z, ln m2) as the interaction features for each
particle pair. The choice of this set of features is motivated
by Dreyer & Qu (2021).

Particle attention block. A key component of ParT is the
particle attention block. As illustrated in Figure 3(b), the
particle attention block consists of two stages. The first
stage includes a multi-head attention (MHA) module with
a LayerNorm (LN) layer both before and afterwards. The
second stage is a 2-layer MLP, with an LN before each
linear layer and GELU nonlinearity in between. Residual
connections are added after each stage. The overall block
structure is based on NormFormer (Shleifer et al., 2021),
however, we replace the standard MHA with P-MHA, an

Injection of (physics-inspired) pairwise features to  
“bias” the dot-product self-attention

Particle Transformer for Jet Tagging

second stage is a 2-layer MLP, with an LN before each
linear layer and GELU nonlinearity in between. Residual
connections are added after each stage. The overall block
structure is based on NormFormer (Shleifer et al., 2021),
however, we replace the standard MHA with P-MHA, an
augmented version that can also exploit the pairwise particle
interactions directly. The P-MHA is computed as

P-MHA(Q, K, V ) = SoftMax(QKT /
p

dk + U)V, (4)

where Q, K and V are linear projections of the particle
embedding xl. Essentially, we add the interaction matrix
U to the pre-softmax attention weights. This allows P-
MHA to incorporate particle interaction features designed
from physics principles and modify the dot-product attention
weights, thus increasing the expressiveness of the attention
mechanism.

Class attention block. As illustrated in Figure 3(c), the
class attention block has a similar structure as the particle
attention block. However, unlike in the particle attention
block where we compute the self attention between parti-
cles, here we compute the attention between a global class
token xclass and all the particles using the standard MHA.
Specifically, the inputs to the MHA are

Q = Wqxclass + bq,

K = Wkz + bk,

V = Wvz + bv,

(5)

where z = [xclass,xL] is the concatenation of the class token
and the particle embedding after the last particle attention
block, xL.

Implementation. We implement the ParT model in Py-
Torch (Paszke et al., 2019). Specifically, the P-MHA is im-
plemented using the PyTorch’s MultiheadAttention
by providing the interaction matrix U as the attn mask

input. The baseline ParT model has a total of L = 8 particle
attention blocks and 2 class attention blocks. It uses a parti-
cle embedding of a dimension d = 128, encoded from the
input particle features using a 3-layer MLP with (128, 512,
128) nodes each layer with GELU nonlinearity, and LN is
used in between for normalization. The interaction input
features are encoded using a 4-layer pointwise 1D convolu-
tion with (64, 64, 64, 16) channels with GELU nonlinearity
and batch normalization in between to yield a d0 = 16 di-
mensional interaction matrix. The P-MHA (MHA) in the
particle (class) attention blocks all have 8 heads, with a
query dimension d0 = 16 for each head, and an expansion
factor of 4 for the MLP. We use a dropout of 0.1 for all par-
ticle attention blocks, and no dropout for the class attention
block. The choice of hyperparameters provides a reasonable
baseline but is not extensively optimized.

5. Experiments
We conduct experiments on the new JETCLASS dataset and
show the results in Section 5.1. The pre-trained ParT models
are also applied to two existing datasets with fine-tuning,
and the performance is compared to previous state-of-the-
arts in Section 5.2.

5.1. Experiments on JETCLASS Dataset

Setup. For experiments on the JETCLASS dataset, we use
the full set of particle features, including kinematics, particle
identification, and trajectory displacement, as inputs. The
full list of 17 features for each particle is summarized in
Table 2. In addition, the 4 interaction features introduced
in Equation (3) are also used for the ParT model. The
training is performed on the full training set of 100 M jets.
We employ the Lookahead optimizer (Zhang et al., 2019)
with k = 6 and ↵ = 0.5 to minimize the cross-entropy
loss, and the inner optimizer is RAdam (Liu et al., 2020)
with �1 = 0.95, �2 = 0.999, and ✏ = 10�5. A batch
size of 512 and an initial learning rate (LR) of 0.001 are
used. No weight decay is applied. We train for a total of
1 M iterations, amounting to around 5 epochs over the full
training set. The LR remains constant for the first 70% of
the iterations, and then decays exponentially, at an interval
of every 20 k iterations, down to 1% of the initial value
at the end of the training. Performance of the model is
evaluated every 20 k iterations on the validation set and a
model checkpoint is saved. The checkpoint with the highest
accuracy on the validation set is used to evaluate the final
performance on the test set.

Baselines. We compare the performance of ParT with 3
baseline models: the PFN (Komiske et al., 2019b) architec-
ture based on Deep Sets (Zaheer et al., 2017), the P-CNN
architecture used by the DeepAK8 algorithm of the CMS ex-
periment (CMS Collaboration, 2020b), and the state-of-the-
art ParticleNet architecture (Qu & Gouskos, 2020) adapted
from DGCNN (Wang et al., 2019). All the models are
trained end-to-end on the JETCLASS dataset for the same
number of effective epochs for a direct comparison. For
ParticleNet, we directly use the existing PyTorch imple-
mentation. For PFN and P-CNN, we re-implement them
in PyTorch and verify that the published results are repro-
duced. The optimizer and LR schedule remain the same as
in the training of ParT. The (batch size, LR) combination is
re-optimized and chosen to be (512, 0.01) for ParticleNet
and (4096, 0.02) for PFN and P-CNN.

Results. Performance on the JETCLASS dataset is evaluated
using the metrics described in Section 2, and the results are
summarized in Table 1. The proposed ParT architecture
achieves the best performance on every metric, and outper-
forms the existing state-of-the-art, ParticleNet, by a large
margin. The overall accuracy is increased by 1.7% com-

https://arxiv.org/abs/2202.03772
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PARTICLE TRANSFORMER: PERFORMANCE

Particle Transformer (ParT): significant performance improvement! 

compared to the existing state-of-the-art, ParticleNet 

1.7% increase in accuracy 

up to 3x increase in background rejection (RejX%) 

ParT (plain): plain Transformer w/o interaction features 

1.2% drop in accuracy compared to full ParT 

Physics-driven modification of self-attention plays a key role!
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Table 1. Jet tagging performance on the JETCLASS dataset. ParT is compared to PFN (Komiske et al., 2019b), P-CNN (Sirunyan et al.,
2020b) and the state-of-the-art ParticleNet (Qu & Gouskos, 2020). For all the metrics, a higher value indicates better performance. The
ParT architecture using plain MHAs instead of P-MHAs, labelled as ParT (plain), is also shown for comparison.

All classes H ! bb̄ H ! cc̄ H ! gg H ! 4q H ! `⌫qq0 t ! bqq0 t ! b`⌫ W ! qq0 Z ! qq̄
Accuracy AUC Rej50% Rej50% Rej50% Rej50% Rej99% Rej50% Rej99.5% Rej50% Rej50%

PFN 0.772 0.9714 2924 841 75 198 265 797 721 189 159
P-CNN 0.809 0.9789 4890 1276 88 474 947 2907 2304 241 204
ParticleNet 0.844 0.9849 7634 2475 104 954 3339 10526 11173 347 283
ParT 0.861 0.9877 10638 4149 123 1864 5479 32787 15873 543 402
ParT (plain) 0.849 0.9859 9569 2911 112 1185 3868 17699 12987 384 311

The large improvement of ParT is likely to lead to a sig-
nificant jump in the discovery potential for related physics
searches at the LHC.

Another observation is that there is a large variation in tag-
ging performance between signals of different types. The
best separation against the background q/g jets is achieved
for t ! b`⌫ and H ! `⌫qq0 signals – with the powerful
ParT model, these two can be selected almost perfectly, i.e.,
at an efficiency of more than 99% with nearly no contami-
nation from background jets. This opens up new territory
for jet tagging at the LHC, as these types of jets have not
been exploited for tagging so far.

Ablation study. To quantify the effectiveness of the P-
MHA introduced in ParT, we carried out an ablation study
by replacing the P-MHA with a standard MHA, the result-
ing architecture is then a plain Transformer and therefore
denoted as ParT (plain). We train ParT (plain) with the same
procedure as the full ParT and the performance is shown in
Table 1. An accuracy drops of 1.2% is observed compared
to the full ParT, and the background rejection is reduced
by 20–30% for most signals. Note that, replacing P-MHA
with plain MHA implies that the particle interaction input is
discarded completely, but this does not imply a reduction of
information content, as the interaction features defined in
Equation (3) are derived purely from the energy-momentum
4-vectors, which are already used as particle features via
the 7 kinematic variables presented in Table 5. Therefore,
the improvement of ParT over a plain Transformer indeed
arise from an efficient exploitation of the particle kinematic
information using the P-MHA.

Model complexity. Table 2 compares the model complexity
of ParT with the baselines. While the number of trainable
parameters is increased by more than 5⇥ compared to Par-
ticleNet, the number of floating point operations (FLOPs)
is actually 40% lower. We also observe that the FLOPs
of ParT are 30% higher than ParT (plain), which mostly
comes from the encoding of the pairwise features, because
the computational cost there scales quadratically with the
number of particles in a jet.

Table 2. Number of trainable parameters and FLOPs.

Accuracy # params FLOPs

PFN 0.772 86.1 k 4.62 M
P-CNN 0.809 354 k 15.5 M
ParticleNet 0.844 370 k 540 M
ParT 0.861 2.14 M 340 M

ParT (plain) 0.849 2.13 M 260 M

5.2. Fine-Tuning for Other Datasets

Top quark tagging dataset. The top quark tagging bench-
mark (Butter et al., 2019) provides a dataset of 2 M
(1.2/0.4/0.4 M for train/validation/test) jets in two classes,
t ! bqq0 (signal) and q/g (background). Only kinematic
features, i.e., the energy-momentum 4-vectors, are provided.
Therefore, we pre-train a ParT model on the JETCLASS
dataset also using only the kinematic features, and then fine-
tune it on the top quark tagging dataset. The particle input
features are the 7 kinematic features listed in Table 5, the
same as used by ParticleNet. The JETCLASS pre-training
follows the same setup as described in Section 5.1. For the
fine-tuning, we replace the last MLP with a new randomly-
initialized MLP with 2 output nodes, and then fine-tune all
the weights on the top tagging dataset for 20 epochs. A
smaller LR of 0.0001 is used for the pre-trained weights,
while a larger LR of 0.005 is used to update the randomly-
initialized weights of the MLP. The LR remains constant
across the full training, with a weight decay of 0.01. We run
a total of 9 experiments, starting from the same pre-trained
model but different random initializations of the replaced
MLP, and report the performance of the model with median
accuracy and the spread, following the procedure used by
ParticleNet. For comparison, we also trained ParT from
scratch on this dataset for 20 epochs, using a start LR of
0.001, a schedule that decays the LR to 1% in the last 30%
of the epochs, and a weight decay of 0.01. Both results are
presented in Table 3. The pre-trained ParT achieves a sig-
nificant improvement over the existing baselines, increasing
Rej30% by 70% compared to the previous state-of-the-art,
ParticleNet. On the other hand, the ParT model trained from
scratch only reaches similar performance as ParticleNet.

JETCLASS dataset (100M jets)

Particle Transformer for Jet Tagging

Table 1. Jet tagging performance on the JETCLASS dataset. ParT is compared to PFN (Komiske et al., 2019b), P-CNN (Sirunyan et al.,
2020b) and the state-of-the-art ParticleNet (Qu & Gouskos, 2020). For all the metrics, a higher value indicates better performance. The
ParT architecture using plain MHAs instead of P-MHAs, labelled as ParT (plain), is also shown for comparison.

All classes H ! bb̄ H ! cc̄ H ! gg H ! 4q H ! `⌫qq0 t ! bqq0 t ! b`⌫ W ! qq0 Z ! qq̄
Accuracy AUC Rej50% Rej50% Rej50% Rej50% Rej99% Rej50% Rej99.5% Rej50% Rej50%

PFN 0.772 0.9714 2924 841 75 198 265 797 721 189 159
P-CNN 0.809 0.9789 4890 1276 88 474 947 2907 2304 241 204
ParticleNet 0.844 0.9849 7634 2475 104 954 3339 10526 11173 347 283
ParT 0.861 0.9877 10638 4149 123 1864 5479 32787 15873 543 402
ParT (plain) 0.849 0.9859 9569 2911 112 1185 3868 17699 12987 384 311

The large improvement of ParT is likely to lead to a sig-
nificant jump in the discovery potential for related physics
searches at the LHC.

Another observation is that there is a large variation in tag-
ging performance between signals of different types. The
best separation against the background q/g jets is achieved
for t ! b`⌫ and H ! `⌫qq0 signals – with the powerful
ParT model, these two can be selected almost perfectly, i.e.,
at an efficiency of more than 99% with nearly no contami-
nation from background jets. This opens up new territory
for jet tagging at the LHC, as these types of jets have not
been exploited for tagging so far.

Ablation study. To quantify the effectiveness of the P-
MHA introduced in ParT, we carried out an ablation study
by replacing the P-MHA with a standard MHA, the result-
ing architecture is then a plain Transformer and therefore
denoted as ParT (plain). We train ParT (plain) with the same
procedure as the full ParT and the performance is shown in
Table 1. An accuracy drops of 1.2% is observed compared
to the full ParT, and the background rejection is reduced
by 20–30% for most signals. Note that, replacing P-MHA
with plain MHA implies that the particle interaction input is
discarded completely, but this does not imply a reduction of
information content, as the interaction features defined in
Equation (3) are derived purely from the energy-momentum
4-vectors, which are already used as particle features via
the 7 kinematic variables presented in Table 5. Therefore,
the improvement of ParT over a plain Transformer indeed
arise from an efficient exploitation of the particle kinematic
information using the P-MHA.

Model complexity. Table 2 compares the model complexity
of ParT with the baselines. While the number of trainable
parameters is increased by more than 5⇥ compared to Par-
ticleNet, the number of floating point operations (FLOPs)
is actually 40% lower. We also observe that the FLOPs
of ParT are 30% higher than ParT (plain), which mostly
comes from the encoding of the pairwise features, because
the computational cost there scales quadratically with the
number of particles in a jet.

Table 2. Number of trainable parameters and FLOPs.

Accuracy # params FLOPs

PFN 0.772 86.1 k 4.62 M
P-CNN 0.809 354 k 15.5 M
ParticleNet 0.844 370 k 540 M
ParT 0.861 2.14 M 340 M

ParT (plain) 0.849 2.13 M 260 M

5.2. Fine-Tuning for Other Datasets

Top quark tagging dataset. The top quark tagging bench-
mark (Butter et al., 2019) provides a dataset of 2 M
(1.2/0.4/0.4 M for train/validation/test) jets in two classes,
t ! bqq0 (signal) and q/g (background). Only kinematic
features, i.e., the energy-momentum 4-vectors, are provided.
Therefore, we pre-train a ParT model on the JETCLASS
dataset also using only the kinematic features, and then fine-
tune it on the top quark tagging dataset. The particle input
features are the 7 kinematic features listed in Table 5, the
same as used by ParticleNet. The JETCLASS pre-training
follows the same setup as described in Section 5.1. For the
fine-tuning, we replace the last MLP with a new randomly-
initialized MLP with 2 output nodes, and then fine-tune all
the weights on the top tagging dataset for 20 epochs. A
smaller LR of 0.0001 is used for the pre-trained weights,
while a larger LR of 0.005 is used to update the randomly-
initialized weights of the MLP. The LR remains constant
across the full training, with a weight decay of 0.01. We run
a total of 9 experiments, starting from the same pre-trained
model but different random initializations of the replaced
MLP, and report the performance of the model with median
accuracy and the spread, following the procedure used by
ParticleNet. For comparison, we also trained ParT from
scratch on this dataset for 20 epochs, using a start LR of
0.001, a schedule that decays the LR to 1% in the last 30%
of the epochs, and a weight decay of 0.01. Both results are
presented in Table 3. The pre-trained ParT achieves a sig-
nificant improvement over the existing baselines, increasing
Rej30% by 70% compared to the previous state-of-the-art,
ParticleNet. On the other hand, the ParT model trained from
scratch only reaches similar performance as ParticleNet.

Model complexity

https://zenodo.org/record/6619768
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SYMMETRY-AWARE ARCHITECTURES
One step further: symmetry-aware architectures 

one important symmetry for particle physics: Lorentz symmetry 

Lorentz-equivariant architectures 

equivariance (covariance) — preserve the symmetry by construction

30

Lorentz Equivariance

8

Lorentz

transformation ℝ

ℝ

neural network 
transformation − −ℝ(−(x)) = −(ℝ(x))

L-GATr γ5

γμ

σμν

γμγ5

1

Equivariance = Covariance
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γ5

γμ

σμν

γμγ5

1

Geometric algebra 
representations

Lorentz-Equivariant 

layers

Transformer 
architecture

Lorentz-Equivariant 
Geometric Algebra 


Transformer

GATr was originally 
developed for E(3) 
arXiv:2305.18415

L-GATr: Lorentz-Equivariant  
Geometric Algebra Transformer

Specialized Lorentz-equivariant  
linear/attention/norm layers based on 
geometric algebra representations.

LLoCa:  
Lorentz Local Canonicalization

Particle data Transform in local
reference frames

Any backbone 
architecture

Tran
sfo

rm
er

ParT

ParticleNet

MLP

Equivariant
output

• Regression
• Classification
• Generation
         ⋮

Frames-Net

Figure 1: Lorentz Local Canonicalization (LLoCa) for making any architecture Lorentz-equivariant. The
input consists of a set of particles each associated with an energy and momentum (and possibly other particle
features). The particle features are transformed into learned local reference frames, turning them into Lorentz-
invariant local features. The local features can then be processed by any backbone architecture to produce exactly
Lorentz-equivariant outputs for a variety of possible tasks. Without including additional domain-specific priors,
our approach elevates the performance of domain-agnostic models, such as a vanilla transformer, to the SOTA in
the field (see e.g. Fig. 3).

• To the best of our knowledge, we introduce the first (local) canonicalization framework for
Lorentz-equivariant deep learning, a novel approach that does not rely on specialized layers
to achieve internal representations of space-time tensors. We present a novel approach for
Lorentz-equivariant prediction of local reference frames and adapt a recently proposed ap-
proach [27] for geometric message passing to the non-compact Lorentz group. In particular,
we propose a variant of scaled dot-product attention based on the Minkowski product that
leverages efficient off-the-shelf attention implementations.

• Our framework is readily applicable to any non-equivariant backbone architectures. It is
easy to integrate and can significantly improve the training and inference times over Lorentz-
equivariant architectures that use specialized layers.

• In several experiments, we demonstrate the efficacy of exact Lorentz equivariance by achiev-
ing state-of-the-art or competitive results using a powerful Lorentz-equivariant transformer
and by making several domain-specific networks Lorentz-equivariant.

• Our framework allows for a fair comparison between data augmentation and exact Lorentz
equivariance. Our experiments support the superiority of Lorentz-equivariant models when
ample training data is available in HEP, while data-augmentation yields the highest accuracy
when training data is scarce.

• Unlike prior equivariant models, our approach incurs only a moderate computational over-
head, with a 10–30% increase in FLOPs and a 30–110% increase in training time compared
to non-equivariant baselines. Compared to other SOTA Lorentz-equivariant architectures,
our models train up to 4→ faster and use 5–100→ fewer FLOPs. Upon acceptance, we will
make all our code and a new dataset for QFT amplitude regression publicly available.

2 Background

Lorentz group. The theory of special relativity [18, 32] is built on two postulates: (i) the laws of
physics take the same form in every inertial reference frame, and (ii) the speed of light c is identical
for all observers. Together they imply that every inertial observer must agree on a single scalar
quantity, the spacetime interval !s2 = c2!t2 ↑!ωx2. Adopting natural units (c = 1), we formalize
it with the Minkowski product

↓x, y↔ = x0y0 ↑ x1y1 ↑ x2y2 ↑ x3y3 . (1)

The Minkowski product acts on column four-vectors x = (x0, ωx)T ↗ R4, which can be decomposed
into a temporal part x0 and a spatial part ωx = (x1, x2, x3

)
T . Equation (1) can be compactly written

as xT gy using the Minkowski metric g = diag(1,↑1,↑1,↑1) [31]. Hence, frame-to-frame trans-
formations can be represented as matrices ” ↗ R4→4 that preserve the Minkowski product, i.e. that
fulfill ”T g” = g. The inverse transformation is given by ”

↑1
= g”T g. Lorentz transformations ”

act on four-vectors x as x ↘ x↓
= ”x. The collection of all Lorentz transformations constitutes the

Lorentz group O(1, 3). In the following we will focus on the special orthochronous Lorentz group
SO+

(1, 3),2 which emerges as a subgroup with the constraints det” = 1,”00 > 0.
2“Special” and “orthochronous” means that spatial and temporal reflections are not included in the group.

2

Learned local reference frames to transform the inputs  
into a (learned) canonical frame and then the outputs back. 

Can be applied to any architecture (GNN, transformer).

J. Brehmer, V. Bresó, P. Haan, T. Plehn, HQ, J. Spinner and J. Thaler, 
arXiv: 2411.00446

L. Favaro, G. Gerhartz, F. A. Hamprecht, P. Lippmann, S. Pitz, T. Plehn, 
HQ and J. Spinner, arXiv: 2508.14898

https://arxiv.org/abs/2411.00446
https://arxiv.org/abs/2508.14898
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Network Accuracy AUC Time FLOPs Memory Parameters

MIParT-L [26] 0.861 0.9878 43h 225M 53.6G 2380k
LorentzNet* [11] 0.847 0.9856 64h 676M 20.5G 223k
PELICAN-lite* [17] 0.851 0.9862 97h 1370M 27.4G 244k
ParticleNet [9] 0.844 0.9849 25h 413M 16.5G 366k
LLoCa-ParticleNet* [17] 0.848 0.9857 43h 517M 23.5G 385k
ParT [18] 0.861 0.9877 33h 211M 13.3G 2141k
LLoCa-ParT* [17] 0.864 0.9882 66h 315M 19.9G 2160k
Transformer [17] 0.855 0.9867 15h 210M 2.3G 1979k
LLoCa-Transformer* [17] 0.864 0.9882 28h 219M 4.1G 1980k
L-GATr* [16] 0.866 0.9885 166h 2060M 19.0G 1079k
L-GATr-slim* 0.866 0.9885 27h 329M 8.1G 2031k

Table 2: Performance and computational cost for multi-class taggers on the JetClass
dataset [18]. We show accuracy, AUC averaged over all pairs of classes, time for a complete
training on a H100 GPU, FLOPs per forward pass, maximum memory consumption during
training, and number of learnable parameters. See Table 3 for the corresponding rejection
rates. Lorentz-equivariant networks are denoted with an asterisk. We use a narrower Frames-
Net for the LLoCa-Transformer, because it achieves equal performance at reduced cost.

H → bb̄ H → cc̄ H → g g H → 4q H → lωqq̄↑ t → bqq̄↑ t → blω W → qq̄↑ Z → qq̄
Rej50% Rej50% Rej50% Rej50% Rej99% Rej50% Rej99.5% Rej50% Rej50%

MIParT-L [26] 10753 4202 123 1927 5450 31250 16807 542 402
LorentzNet* [17] 8475 2729 111 1152 3515 13889 10257 400 303
PELICAN-lite* [17] 8333 3040 113 1321 3802 17084 10363 435 332
ParticleNet [9] 7634 2475 104 954 3339 10526 11173 347 283
LLoCa-ParticleNet* [17] 7463 2833 105 1072 3155 10753 9302 403 306
ParT [18] 10638 4149 123 1864 5479 32787 15873 543 402
LLoCa-ParT* [17] 11561 4640 125 2037 5900 41667 19231 552 419
Transformer [17] 10753 3333 116 1369 4630 24390 17857 415 334
LLoCa-Transformer* [17] 11628 4651 125 2037 5618 39216 17241 548 410
L-GATr* [16] 12987 4819 128 2311 6116 47619 20408 588 432
L-GATr-slim* 12121 4843 127 2309 5952 40113 21053 585 429

Table 3: Background rejection rates 1/ϵB for the JetClass dataset [18]. See Table 2 for addi-
tional metrics. Lorentz-equivariant networks are denoted with an asterisk.

2.3 Amplitude regression

As we view Lorentz-equivariant transformers as tools to construct physics-motivated and ef-
ficient latent representations for a broad range of LHC applications, we move to the fully
supervised regression of partonic transition amplitudes as a second benchmark task. Partonic
transition amplitudes can be expressed analytically and exactly as functions of 4-momenta,
but they have to be Lorentz-invariant. Reducing the dimensionality of the input significantly
increases the accuracy of the surrogate network, which becomes a key advantage for expensive
loop amplitudes and/or amplitudes with many external particles [16,30–38].

Our benchmark process for amplitude regression is

qq̄→ Z + ng with n= 1...4 , (6)

with the acceptance cuts

pT > 20 GeV and ωR> 0.4 , (7)

as described in detail in Ref. [17]. The size of the training dataset is 10M amplitudes. The
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Performance on JetClass (100M)

* L-GATr-slim: a more efficient version of L-GATr  
implemented using only Lorentz scalar and vectors.

A. Petitjean, T. Plehn, J. Spinner and U. Köthe, arXiv: 2512.17011

SciPost Physics Submission

All classes H → bb̄ H → cc̄ H → g g H → 4q H → lωqq̄↑ t → bqq̄↑ t → blω W → qq̄↑ Z → qq̄
Accuracy AUC Rej50% Rej50% Rej50% Rej50% Rej99% Rej50% Rej99.5% Rej50% Rej50%

ParticleNet [58] 0.844 0.9849 7634 2475 104 954 3339 10526 11173 347 283
ParT [59] 0.861 0.9877 10638 4149 123 1864 5479 32787 15873 543 402
MIParT [60] 0.861 0.9878 10753 4202 123 1927 5450 31250 16807 542 402
L-GATr 0.866 0.9885 12987 4819 128 2311 6116 47619 20408 588 432

Table 4: Tagging accuracy, AUC, and background rejection 1/ϵB for the JetClass
dataset [59]. The AUC is computed as the average of all possible pairwise combina-
tions of classes, and the acceptances are computed by comparing each signal against
the background class.

We present the results in Tab. 4, including reference metrics from Refs. [59, 60]. The L-
GATr tagger achieves a significant improvement over the previous state-of-the-art, ParT and
MIParT, in essentially all signal types. In a separate study, we have checked that the quality
of L-GATr predictions steadily increases as we add more features to the training data. We also
train L-GATr with subsets of the dataset to test its data efficiency. As we can see in the left
panel in Fig. 4 and Table 5, L-GATr achieves a performance similar to the non-equivariant ParT
and MIParT taggers even if trained with only 10% of all available jets.

Top tagging with JetClass pre-training

The large capacity of transformer architectures motivates using pre-training to further improve
the tagging performance [59]. To this end, we pre-train L-GATr on the JetClass dataset and
fine-tune it for top tagging. The pre-training uses the same setup as the JetClass training, but
the inputs are limited to the 4-momenta and the derived kinematic variables, as those are the
only available features in the top tagging dataset.

We follow Ref. [59] for the pre-training and fine-tuning procedures. Once the network is
pre-trained on the large dataset, we fine-tune it by switching the last layer of the network to
map to a single output channel and re-initialize its weights. During fine-tuning, the pre-trained
model weights have to be updated with a smaller learning rate than the new ones, otherwise
the network might dismiss all information from the pre-training. Further details about the
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Figure 4: AUC metric on JetClass as a function of the training dataset fraction (left)
and the history of top taggers (right).
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Evolution of Jet Representation 
image, sequence, point cloud, …

Attention Is All You Need?
or how physics can help…

Towards a Foundation Model
scaling, self-supervision, and more…E

nc
od

er

Predictor/World Model

Transformation, Action

Decoder/World Model

Transformation, Action Transformation, Action

JEPA world modelGenerative World model Joint Embedding

Unconditional

Conditional

BYOL, SimSiam

Latent world models, I-JEPA, 
Equivariant SSL, IWM (Ours)

Denoising Autoencoders
Variational Autoencoders

Generative World Models
Masked Image Modeling N/A

Siamese, SimCLR, VICReg, DINO

Figure 2 Multiple families of methods with related architectures can be distinguished, in which the conditioning or not of their
world model is a key distinction. Generative World Models are trained to invert a transformation in input space, leveraging
an autoencoder framework. Methods for world modeling and representation learning can be instantiated in this way. Joint
Embedding methods get rid of the world model but operate in latent space by encoding what is common between transformed
inputs. It is the main class of SSL methods. JEPAWorldModels can be seen as a more general framework where a world model is
trained in latent space. This family has been very successful both in reinforcement learning and in representation learning, and is
where Image World Models (IWM) falls.

y; in this case, the transformation parameters a (lo-
cations of masked image patches), are also fed to the
decoder network. Methods based on joint-embedding
predictive architectures (JEPAs), such as I-JEPA (As-
sran et al., 2023) or data2vec (Baevski et al., 2022),
operate similarly, but can be seen as learning a latent
image world model, which learns to infer the e!ect
of the masking action on the representation of an
image. If one does not condition the predictor on
the transformation parameters, then the best we can
hope for is learning representations that are invariant
to the data transformations, as in BYOL (Grill et al.,
2020) and SimSiam (Chen and He, 2020), wherein
the image transformations correspond to various pho-
tometric and geometric data augmentations.
However, despite some of the apparent similarities
between world modelling in reinforcement learn-
ing and self-supervised learning from images, the
learned world model in reinforcement learning is typ-
ically leveraged in downstream tasks, e.g., for plan-
ning (Hansen et al., 2022). In contrast, the learned
world model in self-supervised learning is typically
discarded after pretraining, as the main focus is often
on the representation quality of the learned encoder
network. This stems from the fact that most down-
stream tasks in computer vision are unrelated to the
world modeling task. Common tasks of interest focus
on discriminative aspects and as such, even when
the predictor learns useful information, it is simply
discarded. We postulate that discarding the world
model in representation learning is wasteful, and that
just like in RL, we can reuse this world model for
downstream tasks. This motivates us to study, in

more depth, learning world models as a paradigm for
representation learning. We thus introduce Image
World Models (IWM, illustrated to the right of fig-
ure 2) as a way to learn both good representations
and strong reusable world models. IWM is based on
JEPA and extends the usual latent inpainting to also
include photometric transformations, allowing us to
demonstrate the key aspects in learning a capable
world model, which include the choice of predictor
conditioning, the strength of the transformations,
and the capacity of the world model.
We then focus on leveraging the learned world model
for downstream tasks, and find that it can be lever-
aged through finetuning. Specifically, we find that
finetuning the world model on top of the frozen en-
coder for downstream tasks provides improved perfor-
mance over encoder finetuning; this is also achieved
at a fraction of the cost and number of finetuned
parameters. Moreover, only the world model learned
by IWM exhibits this behavior; finetuning a ran-
domly initialized network of the same architecture as
the predictor does not provide such a performance
improvement. This suggests that the world model
should be a key part of the inference process, in-
stead of being discarded. Inspired by instruction
tuning (Wei et al., 2022; Zhang et al., 2023), we fur-
ther show that the world model can be finetuned
to solve multiple tasks at once, further improving
e"ciency.

Our study reveals another key aspect of representa-
tion learning with world models: the capacity given
to the world model has a direct influence on the
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R. Das, G. Kasieczka and D. Shih, PRD 109, 054009

HEP models (e.g., jet tagging)

Source: informationisbeautiful.net
The rise and rise of AI-based Large Language Models (LLMs) like GPT4, LaMDA, LLaMa, PaLM
and Jurassic-2.

Click the company names to �lter the data.
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E. Effectiveness of small training samples

To showcase another important benefit of feature selec-
tion, we compare the performance of the features we
obtained using DisCo-FFS to ParticleNet and
LorentzNet, on smaller training datasets. We take the
set of features obtained in Sec. III C and train the same
neural network with same hyperparameters on 5%, 1%, and
0.5% of the same training data. While both LorentzNet
and ParticleNet had a superior performance for the
full training dataset, our set of features outperforms
ParticleNet at lower training fractions, and more-or-
less matches LorentzNet at 0.5% and 1% of the training
dataset, as shown in Fig. 6.

F. Robustness of the feature selection

It is interesting to ask whether the DisCo-FFS algorithm
selects the same features every time. This is not a priori
guaranteed, because there is some stochasticity to the
algorithm, coming from the training of the NN classifier
at every step (which in turn determines the confusion set on
which the relevance score is calculated).
Shown in Fig. 7 is the R30 vs number of features

selected, after running the DisCo-FFS algorithm five
independent times. We see that DisCo-FFS repeatedly
chooses the same first six EFPs. After that, the features
selected start to diverge from fully deterministic, at first
only slowly (there appear to be two possibilities for the

pairs of EFPs selected in the 7th and 8th iterations), and
then quickly from the 9th EFP onwards (on the 9th EFP,
the five trials selected five different EFPs).
This is broadly consistent with Fig. 4. There we see the

R30 shooting up rapidly during the first six EFPs, indicating
that they provide a lot of classification power, and should
produce a strong signal for the relevance score in the
DisCo-FFS selection procedure. Then the R30 plateaus but
does rise a little bit, from six EFPs to nine EFPs. This is
consistent with a much weaker signal coming from the

FIG. 6. Performance of training on 0.5%, 1%, and 5% of the
training data. The EFPs selected using DisCo outperform
ParticleNet, and match up to the performance of
LorentzNet [22] at 0.5% of the total training data.

FIG. 5. R30 vs number of parameters of the model, for many different approaches to top-tagging. LorentzNet [22], PaticleNet
[14], ParT, ParT f.t. [18], and PELICAN [23] are the some of the recent taggers with very good performances. “DisCo-FFS on
EFPs” corresponds to the simple DNN trained on the first nine EFPs selected by DisCo-FFS, while “DNN EFPs” is our DNN trained on
all the 7000 EFPs. The remaining taggers are taken from [1]. We see that the nine EFPs selected using DisCo-FFS have a very
competitive performance, especially given the number of parameters.

FEATURE SELECTION WITH DISTANCE CORRELATION PHYS. REV. D 109, 054009 (2024)

054009-7

https://journals.aps.org/prd/abstract/10.1103/PhysRevD.109.054009
https://informationisbeautiful.net/visualizations/the-rise-of-generative-ai-large-language-models-llms-like-chatgpt/
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SCALING LAWS
Neural scaling law [arXiv: 2001.08361, 2203.15556] 

question: for a fixed compute budget (C), how to determine the optimal dataset size (D) and model parameters (N), 
such that the loss is minimized? 

empirical power law: 

for transformers: 

compute-optimal scaling:
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Figure 3 | IsoFLOP curves. For various model sizes, we choose the number of training tokens such
that the final FLOPs is a constant. The cosine cycle length is set to match the target FLOP count. We
find a clear valley in loss, meaning that for a given FLOP budget there is an optimal model to train
(left). Using the location of these valleys, we project optimal model size and number of tokens for
larger models (center and right). In green, we show the estimated number of parameters and tokens
for an optimal model trained with the compute budget of Gopher.

For each FLOP budget, we plot the final loss (after smoothing) against the parameter count in
Figure 3 (left). In all cases, we ensure that we have trained a diverse enough set of model sizes to see
a clear minimum in the loss. We fit a parabola to each IsoFLOPs curve to directly estimate at what
model size the minimum loss is achieved (Figure 3 (left)). As with the previous approach, we then fit
a power law between FLOPs and loss-optimal model size and number of training tokens, shown in
Figure 3 (center, right). Again, we fit exponents of the form 𝐿𝑀𝑁𝑂 ∝ 𝑃𝑄 and 𝑅𝑀𝑁𝑂 ∝ 𝑃𝑆 and we find that
𝑄 = 0.49 and 𝑆 = 0.51—as summarized in Table 2.

3.3. Approach 3: Fitting a parametric loss function

Lastly, we model all final losses from experiments in Approach 1 & 2 as a parametric function of
model parameter count and the number of seen tokens. Following a classical risk decomposition (see
Section D.2), we propose the following functional form

𝑇(𝐿, 𝑅) ! 𝑈 +
𝑉

𝐿𝑊 +
𝑋

𝑅𝑌
. (2)

The first term captures the loss for an ideal generative process on the data distribution, and should
correspond to the entropy of natural text. The second term captures the fact that a perfectly trained
transformer with 𝐿 parameters underperforms the ideal generative process. The final term captures
the fact that the transformer is not trained to convergence, as we only make a finite number of
optimisation steps, on a sample of the dataset distribution.

Model fitting. To estimate (𝑉, 𝑋, 𝑈, 𝑊, 𝑌), we minimize the Huber loss (Huber, 1964) between the
predicted and observed log loss using the L-BFGS algorithm (Nocedal, 1980):

min
𝑉,𝑋,𝑈,𝑊,𝑌

∑
Runs 𝑍

Huber𝑎
(
log 𝑇(𝐿𝑍, 𝑅𝑍) − log 𝑇𝑍

)
(3)

We account for possible local minima by selecting the best fit from a grid of initialisations. The Huber
loss (𝑎 = 10−3) is robust to outliers, which we find important for good predictive performance over
held-out data points. Section D.2 details the fitting procedure and the loss decomposition.

6

Figure 4 | Parametric fit. We fit a parametric modelling of the loss 𝐿(𝑀, 𝑁) and display contour (left)
and isoFLOP slices (right). For each isoFLOP slice, we include a corresponding dashed line in the left
plot. In the left plot, we show the efficient frontier in blue, which is a line in log-log space. Specifically,
the curve goes through each iso-loss contour at the point with the fewest FLOPs. We project the
optimal model size given the Gopher FLOP budget to be 40B parameters.

Efficient frontier. We can approximate the functions 𝑀𝑂𝑃𝑄 and 𝑁𝑂𝑃𝑄 by minimizing the parametric
loss 𝐿 under the constraint FLOPs(𝑀, 𝑁) ≈ 6𝑀𝑁 (Kaplan et al., 2020). The resulting 𝑀𝑂𝑃𝑄 and 𝑁𝑂𝑃𝑄

balance the two terms in Equation (3) that depend on model size and data. By construction, they
have a power-law form:

𝑀𝑂𝑃𝑄 (𝑅) = 𝑆

(
𝑅

6

)𝑇
, 𝑁𝑂𝑃𝑄 (𝑅) = 𝑆−1

(
𝑅

6

)𝑈
, where 𝑆 =

(
𝑉𝑊

𝑋𝑌

) 1
𝑉+𝑋

, 𝑇 =
𝑋

𝑉 + 𝑋
, and 𝑈 =

𝑉

𝑉 + 𝑋
. (4)

We show contours of the fitted function 𝐿 in Figure 4 (left), and the closed-form efficient computational
frontier in blue. From this approach, we find that 𝑇 = 0.46 and 𝑈 = 0.54—as summarized in Table 2.

3.4. Optimal model scaling

We find that the three approaches, despite using different fitting methodologies and different trained
models, yield comparable predictions for the optimal scaling in parameters and tokens with FLOPs
(shown in Table 2). All three approaches suggest that as compute budget increases, model size and
the amount of training data should be increased in approximately equal proportions. The first and
second approaches yield very similar predictions for optimal model sizes, as shown in Figure 1 and
Figure A3. The third approach predicts even smaller models being optimal at larger compute budgets.
We note that the observed points (𝐿, 𝑀, 𝑁) for low training FLOPs (𝑅 ! 1𝑍21) have larger residuals
‖𝐿 − 𝐿(𝑀, 𝑁)‖

2
2 than points with higher computational budgets. The fitted model places increased

weight on the points with more FLOPs—automatically considering the low-computational budget
points as outliers due to the Huber loss. As a consequence of the empirically observed negative
curvature in the frontier 𝑅 → 𝑀𝑂𝑃𝑄 (see Appendix E), this results in predicting a lower 𝑀𝑂𝑃𝑄 than the
two other approaches.

In Table 3 we show the estimated number of FLOPs and tokens that would ensure that a model of
a given size lies on the compute-optimal frontier. Our findings suggests that the current generation of
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In Table 3 we show the estimated number of FLOPs and tokens that would ensure that a model of
a given size lies on the compute-optimal frontier. Our findings suggests that the current generation of

7

Interestingly, for LLMs, the optimal scaling 
 is found to be  —  

same scaling for data and parameters.
a ≈ b ≈ 0.50
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5 Physics impact and TN25-86M

The impact of scaling on flavor-tagging performance is quantified by translating the loss values into jet
classification performance on a top-quark pair (𝐿𝐿) sample, as enumerated in [9] and briefly summarized
here. Considering our primary jets of interest as 𝑀-jets, we fix the 𝑀-tagging e!ciency at 77% and
evaluate the mis-classification e!ciency for background jets from charm (𝑁), up and down (𝑂𝑃), gluon
(𝑄), strange (𝑅), and hadronic 𝑆s (𝑆). We then evaluate the background rejection, which is the inverse of
the mistagging e!ciency (so higher is better). As discussed in Section 3, jet datasets are generated a
priori at a fixed size, after which network optimization and training are performed, leaving considerable
surplus training-compute resources, generally utilized through repeated training on the same data. We
thus follow the loss-optimal trajectory (Section 3.2) when scaling model and dataset size, which implies
training until the validation loss reaches its minimum and selecting the model checkpoint corresponding to
that epoch. Figure 7 shows the dependence of background rejection as both dataset and model sizes are
scaled, highlighting the joint dependence of performance on data and model capacity.

Figure 7: Background rejection at 77% 𝑀-jet e!ciency as a function of loss for di"erent jet flavors (𝑁, 𝑂𝑃, 𝑄, 𝑅 and
𝑆). The dashed line represents an empirical exponential fit capturing the asymptotic improvement with scale. The
right-hand axis maps each loss level to the corresponding model and dataset sizes (𝑇 ,𝑈) along the data-constrained
loss-optimal trajectory, indicating the resource requirements needed to reach a given physics performance. This figure
quantifies how scaling both data and model capacity drives systematic gains in flavor-tagging discrimination power.
Billion-parameter architectures trained on trillions of jets, are expected to yield order-of-magnitude improvements
in background jets rejection. This trend eventually reaches the performance floor (gray band) determined by the
current set of input features. Points marked with a star indicate TN25-86M, an optimally-sized model with 86 million
parameters trained on a 7.7 billion jets dataset.

The dashed lines represent an empirical fit of the form 𝑉(𝑊) =
(
𝑋 𝑌𝐿𝑀

+ 𝑍
)
. While this functional form is

purely empirical, it captures the trend at large dataset and model size. The right axis indicates the model and
dataset sizes required to achieve a given loss, and thus a corresponding level of background rejection, under
the loss-optimal regime. Notably, while scaling laws predict how raw performance increases with scale,
post-calibration performance on real data may be partially reduced [9]. At the same time, software and
resource limitations make model size a critical factor for current operational deployment, though ongoing
developments in Inference-as-a-Service (IaaS)-based frameworks are expected to ease these constraints.
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(a) (b)

Figure 1: Loss surface 𝐿 (𝑀 ,𝑁) projections for the flavor-tagging transformer, measured after single-epoch training as
a function of model size 𝑀 and dataset size 𝑁. The red color scale indicates the loss, which decreases smoothly along
both axes, following a predictable power-law behavior consistent with 𝐿 (𝑀 ,𝑁) = 𝐿→ +

𝐿
𝑀 𝐿 +

𝑁
𝑂𝑀 . Iso-FLOPs slices

(green dashed-lines) trace constant-compute configurations under the training-only cost model 𝑂 = 6𝑀𝑁, while the
resulting compute-optimal trajectory is indicated as a dashed blue line. (a) Full loss surface with overlaid iso-FLOPs
dashed lines, showing the training-only compute-optimal trajectory in the (𝑀 ,𝑁) plane. (b) Same surface projected
to (𝑀 , 𝐿) to highlight the compute-optimal configurations (𝑀 ,𝑁) that minimize the loss along iso-FLOPs slices.

Compute-optimal scaling corresponds to the 𝑀 and 𝑁 that minimize generalization loss given a fixed
compute budget 𝑂budget. Under the cost model 𝑂 = 6𝑀𝑁, the optimal trajectory satisfies:

min
𝑀 ,𝑂

𝐿 (𝑀 ,𝑁) such that 𝑂 = 6𝑀𝑁 = 𝑂budget, (4)

which results in
𝑀𝑃

↑ 𝑂𝑄
budget, 𝑁𝑃

↑ 𝑂1↓𝑄
budget, 𝐿𝑃 ↑ 𝑂↓𝑅

budget, (5)

𝑃 =
𝑄

𝑅 + 𝑄
, 𝑆 =

𝑅𝑄

𝑅 + 𝑄
(6)

While the underlying loss surface 𝐿 (𝑀 ,𝑁) is independent of the compute assumption, the path we
choose through the (𝑀 ,𝑁) plane, the compute-optimal trajectory, depends entirely on the compute cost
parametrization. “Optimal” scaling is the optimal trajectory for the (𝑀 ,𝑁) that minimizes the loss given a
FLOPs budget (the points with minimal loss along an iso-FLOPs line). Figure 1 shows the compute-optimal
trajectory under training-only cost model, and Table 1 enumerates the derived scaling coe!cients.

Quantity Symbol Description Value

Irreducible loss 𝐿→ 𝐿 (𝑀↔inf ,𝑁↔inf) 0.619 (0.539, 0.671)
Model scaling exponent 𝑅 𝐿𝑀 ↑ 𝑀↓𝑆 0.677 (0.644, 0.764)
Data scaling exponent 𝑄 𝐿𝑂 ↑ 𝑁↓𝑇 0.077 (0.065,0.086)
𝑂 = 6𝑀𝑁 optimal exponent 𝑆 𝐿 ↑ 𝑂↓𝑅 0.07 (0.064, 0.074)

Table 1: Fitted scaling-law parameters for the transformer model. Loss is parameterized as 𝐿 (𝑀 ,𝑁) = 𝐿→ +

𝑇 𝑀↓𝑆
+ 𝑈 𝑁↓𝑇 = 𝐿→ + 𝐿𝑀 + 𝐿𝑂 , for model size 𝑀 and dataset size 𝑁. 95% confidence intervals are extracted by

bootstrapping data.
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Compute. Compute cost for training such a model of size N parameters on D samples can be
approximated by C = np6ND FLOPs per epoch (Kaplan et al. (2020)), where the factor of 6
accounts for the two multiplications per parameter in the forward pass and the roughly 2→ cost
of the backward pass, while np denotes the particle multiplicity, or number of tokens, per jet: on
average np ↑ 40.

Training. All models are trained with a batch size of 128, AdamW (Loshchilov & Hutter (2019))
optimizer (learning rate = 10→4, weight decay = 10→2) and standard cross-entropy loss. Model
capacity (number of parameters) is scaled by varying the embedding dimension.

3 SCALING LAWS

In this section, we study compute optimal neural scaling laws for jet classification by systematically
varying the model capacity N and the training dataset size D. In the strictly compute optimal
training regime, data is not repeated during training to maximize the efficiency of each update step.
In HEP and many scientific applications, however, models are typically trained for multiple epochs
over the same dataset. We therefore also examine how data repetition affects the scaling exponents
and the additional compute required to achieve a given performance. Finally, we investigate how the
scaling behavior depends on the choice of per-particle input features and on the particle multiplicity
used to represent each jet.

3.1 COMPUTE-OPTIMAL SCALING

As as introduced for LLMs by Hoffmann et al. (2022), we model the Loss as a function of model
size N and dataset size D using the parametric form:

L(N,D) = L↑ +
A

Nω
+

B

Dε
, (1)

where L↑ represents the irreducible loss, the best achievable performance in the limit of infinite
model size and data, A/Nω captures the contribution from finite model capacity, and B/D

ε captures
the contribution from finite dataset size. The exponents ω and ε govern how rapidly each source of
error diminishes with scale. We find good agreement with this functional form with fitted parameters
shown in Table 1.

The compute-optimal allocation correspond to the (N,D) configuration that minimizes L for a given
compute budget C, i.e:

min
N,D

L(N,D) s.t. C = np6ND = Cbudget , (2)

where the total training compute C = np6ND follows from the per-sample cost of a Transformer
forward and backward pass (Section 2). Solving (2) yields the optimal scalings:

N ↓ C
a
, D ↓ C

1→a
, L ↓ C

→ϑ
, with a =

ε

ω+ ε
. (3)

Table 1: Scaling-law parameters from fits to L↑+A/N
ω+B/D

ε . Under compute-optimal scaling,
Loss follows L ↓ C

ϑ . Reported uncertainties are 68% bootstrap confidence intervals. In order to
reduce uncertainties in L↑, its value is constrained to that obtained in Section 3.2, which probes
significantly higher compute regions. For reference, Hoffmann et al. (2022) found ω ↑ 0.38 and
ε ↑ 0.28 for LLMs.

Parameter Value (68% CI)

L↑ 0.32 (0.29, 0.34)
A 11.27 (8.01, 15.14)
ω 0.44 (0.40, 0.48)
B 7.22 (6.66, 7.89)
ε 0.22 (0.21, 0.23)
ϑ 0.15 (0.13, 0.16)
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3

4 PHYSICS PERFORMANCE

Having established that the parametric forms (1,4), provide a good description of the scaling behav-
ior for jet classification, we now translate these results into physics-relevant metrics, that is QCD
background jets rejection at fixed signal jets efficiency. Following ATLAS (2026b), we train models
above the overfitting threshold as in Section 3.2 on increasing dataset size D, and translate cross-
entropy loss to QCD background rejection via a fit to the empirical mapping R(L) = Ae

BL + C

in Fig. 5. Signal efficiency is fixed at 50% for all signal jet types, except for H → lωqq
→ (99%)

and t → blω (99.5%). Combined with the scaling laws derived in Section 3, this enables direct
prediction of expected physics performance as a function of compute. The performance of the ParT
(plain) architecture (as reported in Table 2 in Qu et al. (2024)) trained on the full 100M dataset is
reproduced at the corresponding scale, confirming consistency between the scaling predictions and
established benchmarks. Beyond this point, scaling laws predict that further increases in dataset size
and compute continue to improve background rejection.

Figure 5: QCD background rejection for each signal class at 50% efficiency, except for H → lωqq
→

(99%) and t → blω (99.5%), as a function of total loss and dataset size when training for multiple
epochs above the overfitting threshold. The performance of the ParT architecture trained on 100M
samples is shown for reference (dashed lines), which is crossed as expected at the 100M jets scale
level. Each colored curve corresponds to one of the nine signal processes in the JetClass dataset.

Fig. 6a shows the ROC curves for top quark tagging across the four input feature configurations
studied in Section 3.3, evaluated on models trained with 108 samples. The dashed lines indicate the
asymptotic performance expected in the D → ↑ limit, obtained from the fitted L↑. Notably, the
observed ROC curve for the (!ε, !ϑ, log pT ) configuration at the D = 108 scale is compatible with
the JetClass OmniLearn result reported in Pang et al. (2025), with the fundamental limit predicted
by scaling laws shown with a dashed line.

These results confirm that richer input representations and higher particle multiplicities yield sub-
stantially higher QCD rejection, consistent with the lower asymptotic losses observed in the scaling
fits in Fig. 4. It is important to note that the loss L refers to the total cross-entropy summed over all
jet types: when varying input features and particle multiplicity, individual signal processes benefit
differently depending on which physics information is gained or lost, as illustrated in Fig. 6b where
QCD rejection at 50% top signal efficiency exhibits a different scaling exponent when limiting the
number of particles to 10.

8

ATL-SOFT-PUB-2026-002 M. Vigl, N. Hartman, M. Kagan and L. Heinrich, arXiv:2602.15781

https://cds.cern.ch/record/2953659
http://arxiv.org/abs/2602.15781
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5 Physics impact and TN25-86M

The impact of scaling on flavor-tagging performance is quantified by translating the loss values into jet
classification performance on a top-quark pair (𝐿𝐿) sample, as enumerated in [9] and briefly summarized
here. Considering our primary jets of interest as 𝑀-jets, we fix the 𝑀-tagging e!ciency at 77% and
evaluate the mis-classification e!ciency for background jets from charm (𝑁), up and down (𝑂𝑃), gluon
(𝑄), strange (𝑅), and hadronic 𝑆s (𝑆). We then evaluate the background rejection, which is the inverse of
the mistagging e!ciency (so higher is better). As discussed in Section 3, jet datasets are generated a
priori at a fixed size, after which network optimization and training are performed, leaving considerable
surplus training-compute resources, generally utilized through repeated training on the same data. We
thus follow the loss-optimal trajectory (Section 3.2) when scaling model and dataset size, which implies
training until the validation loss reaches its minimum and selecting the model checkpoint corresponding to
that epoch. Figure 7 shows the dependence of background rejection as both dataset and model sizes are
scaled, highlighting the joint dependence of performance on data and model capacity.

Figure 7: Background rejection at 77% 𝑀-jet e!ciency as a function of loss for di"erent jet flavors (𝑁, 𝑂𝑃, 𝑄, 𝑅 and
𝑆). The dashed line represents an empirical exponential fit capturing the asymptotic improvement with scale. The
right-hand axis maps each loss level to the corresponding model and dataset sizes (𝑇 ,𝑈) along the data-constrained
loss-optimal trajectory, indicating the resource requirements needed to reach a given physics performance. This figure
quantifies how scaling both data and model capacity drives systematic gains in flavor-tagging discrimination power.
Billion-parameter architectures trained on trillions of jets, are expected to yield order-of-magnitude improvements
in background jets rejection. This trend eventually reaches the performance floor (gray band) determined by the
current set of input features. Points marked with a star indicate TN25-86M, an optimally-sized model with 86 million
parameters trained on a 7.7 billion jets dataset.

The dashed lines represent an empirical fit of the form 𝑉(𝑊) =
(
𝑋 𝑌𝐿𝑀

+ 𝑍
)
. While this functional form is

purely empirical, it captures the trend at large dataset and model size. The right axis indicates the model and
dataset sizes required to achieve a given loss, and thus a corresponding level of background rejection, under
the loss-optimal regime. Notably, while scaling laws predict how raw performance increases with scale,
post-calibration performance on real data may be partially reduced [9]. At the same time, software and
resource limitations make model size a critical factor for current operational deployment, though ongoing
developments in Inference-as-a-Service (IaaS)-based frameworks are expected to ease these constraints.
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Figure 1: Loss surface 𝐿 (𝑀 ,𝑁) projections for the flavor-tagging transformer, measured after single-epoch training as
a function of model size 𝑀 and dataset size 𝑁. The red color scale indicates the loss, which decreases smoothly along
both axes, following a predictable power-law behavior consistent with 𝐿 (𝑀 ,𝑁) = 𝐿→ +

𝐿
𝑀 𝐿 +

𝑁
𝑂𝑀 . Iso-FLOPs slices

(green dashed-lines) trace constant-compute configurations under the training-only cost model 𝑂 = 6𝑀𝑁, while the
resulting compute-optimal trajectory is indicated as a dashed blue line. (a) Full loss surface with overlaid iso-FLOPs
dashed lines, showing the training-only compute-optimal trajectory in the (𝑀 ,𝑁) plane. (b) Same surface projected
to (𝑀 , 𝐿) to highlight the compute-optimal configurations (𝑀 ,𝑁) that minimize the loss along iso-FLOPs slices.

Compute-optimal scaling corresponds to the 𝑀 and 𝑁 that minimize generalization loss given a fixed
compute budget 𝑂budget. Under the cost model 𝑂 = 6𝑀𝑁, the optimal trajectory satisfies:

min
𝑀 ,𝑂

𝐿 (𝑀 ,𝑁) such that 𝑂 = 6𝑀𝑁 = 𝑂budget, (4)
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While the underlying loss surface 𝐿 (𝑀 ,𝑁) is independent of the compute assumption, the path we
choose through the (𝑀 ,𝑁) plane, the compute-optimal trajectory, depends entirely on the compute cost
parametrization. “Optimal” scaling is the optimal trajectory for the (𝑀 ,𝑁) that minimizes the loss given a
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trajectory under training-only cost model, and Table 1 enumerates the derived scaling coe!cients.

Quantity Symbol Description Value

Irreducible loss 𝐿→ 𝐿 (𝑀↔inf ,𝑁↔inf) 0.619 (0.539, 0.671)
Model scaling exponent 𝑅 𝐿𝑀 ↑ 𝑀↓𝑆 0.677 (0.644, 0.764)
Data scaling exponent 𝑄 𝐿𝑂 ↑ 𝑁↓𝑇 0.077 (0.065,0.086)
𝑂 = 6𝑀𝑁 optimal exponent 𝑆 𝐿 ↑ 𝑂↓𝑅 0.07 (0.064, 0.074)

Table 1: Fitted scaling-law parameters for the transformer model. Loss is parameterized as 𝐿 (𝑀 ,𝑁) = 𝐿→ +

𝑇 𝑀↓𝑆
+ 𝑈 𝑁↓𝑇 = 𝐿→ + 𝐿𝑀 + 𝐿𝑂 , for model size 𝑀 and dataset size 𝑁. 95% confidence intervals are extracted by

bootstrapping data.

5

Compute. Compute cost for training such a model of size N parameters on D samples can be
approximated by C = np6ND FLOPs per epoch (Kaplan et al. (2020)), where the factor of 6
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optimizer (learning rate = 10→4, weight decay = 10→2) and standard cross-entropy loss. Model
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training regime, data is not repeated during training to maximize the efficiency of each update step.
In HEP and many scientific applications, however, models are typically trained for multiple epochs
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and the additional compute required to achieve a given performance. Finally, we investigate how the
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As as introduced for LLMs by Hoffmann et al. (2022), we model the Loss as a function of model
size N and dataset size D using the parametric form:
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+
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, (1)

where L↑ represents the irreducible loss, the best achievable performance in the limit of infinite
model size and data, A/Nω captures the contribution from finite model capacity, and B/D

ε captures
the contribution from finite dataset size. The exponents ω and ε govern how rapidly each source of
error diminishes with scale. We find good agreement with this functional form with fitted parameters
shown in Table 1.

The compute-optimal allocation correspond to the (N,D) configuration that minimizes L for a given
compute budget C, i.e:
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where the total training compute C = np6ND follows from the per-sample cost of a Transformer
forward and backward pass (Section 2). Solving (2) yields the optimal scalings:
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4 PHYSICS PERFORMANCE

Having established that the parametric forms (1,4), provide a good description of the scaling behav-
ior for jet classification, we now translate these results into physics-relevant metrics, that is QCD
background jets rejection at fixed signal jets efficiency. Following ATLAS (2026b), we train models
above the overfitting threshold as in Section 3.2 on increasing dataset size D, and translate cross-
entropy loss to QCD background rejection via a fit to the empirical mapping R(L) = Ae

BL + C

in Fig. 5. Signal efficiency is fixed at 50% for all signal jet types, except for H → lωqq
→ (99%)

and t → blω (99.5%). Combined with the scaling laws derived in Section 3, this enables direct
prediction of expected physics performance as a function of compute. The performance of the ParT
(plain) architecture (as reported in Table 2 in Qu et al. (2024)) trained on the full 100M dataset is
reproduced at the corresponding scale, confirming consistency between the scaling predictions and
established benchmarks. Beyond this point, scaling laws predict that further increases in dataset size
and compute continue to improve background rejection.

Figure 5: QCD background rejection for each signal class at 50% efficiency, except for H → lωqq
→

(99%) and t → blω (99.5%), as a function of total loss and dataset size when training for multiple
epochs above the overfitting threshold. The performance of the ParT architecture trained on 100M
samples is shown for reference (dashed lines), which is crossed as expected at the 100M jets scale
level. Each colored curve corresponds to one of the nine signal processes in the JetClass dataset.

Fig. 6a shows the ROC curves for top quark tagging across the four input feature configurations
studied in Section 3.3, evaluated on models trained with 108 samples. The dashed lines indicate the
asymptotic performance expected in the D → ↑ limit, obtained from the fitted L↑. Notably, the
observed ROC curve for the (!ε, !ϑ, log pT ) configuration at the D = 108 scale is compatible with
the JetClass OmniLearn result reported in Pang et al. (2025), with the fundamental limit predicted
by scaling laws shown with a dashed line.

These results confirm that richer input representations and higher particle multiplicities yield sub-
stantially higher QCD rejection, consistent with the lower asymptotic losses observed in the scaling
fits in Fig. 4. It is important to note that the loss L refers to the total cross-entropy summed over all
jet types: when varying input features and particle multiplicity, individual signal processes benefit
differently depending on which physics information is gained or lost, as illustrated in Fig. 6b where
QCD rejection at 50% top signal efficiency exhibits a different scaling exponent when limiting the
number of particles to 10.
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ATL-SOFT-PUB-2026-002 M. Vigl, N. Hartman, M. Kagan and L. Heinrich, arXiv:2602.15781

Very different scaling exponents for the two tasks — Why?

https://cds.cern.ch/record/2953659
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TOWARDS A FOUNDATION MODEL
Foundation models need to be (pre-)trained on large-scale dataset
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TOWARDS A FOUNDATION MODEL
Foundation models need to be (pre-)trained on large-scale dataset
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“Sophon” / “GloParT” [C. Li, et al., arXiv: 2405.12972],
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“EveNet” [T. H. Hsu, et al., arXiv: 2601.17126].
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TOWARDS A FOUNDATION MODEL
Foundation models need to be (pre-)trained on large-scale dataset

41

1 1

1

1
1

1
1

1
1

1

1
1

1 1

1
1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1

1
1

1
1

1
1

1

1

1

1

1

1 1 1

11
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

Train on MC simulations
Labels are available— 
Supervised Learning

Train on real data
Labels are not available— 

Self-Supervised Learning (SSL)



Th
e 

AI
 L

an
ds

ca
pe

 in
 E

xp
er

im
en

ta
l P

ar
tic

le
 P

hy
sic

s 
-M

ay
 1

7,
 2

02
6 

- H
ui

lin
 Q

u 
(T

D
LI

)

SELF-SUPERVISION: MASKED MODELING
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Figure 2 Multiple families of methods with related architectures can be distinguished, in which the conditioning or not of their
world model is a key distinction. Generative World Models are trained to invert a transformation in input space, leveraging
an autoencoder framework. Methods for world modeling and representation learning can be instantiated in this way. Joint
Embedding methods get rid of the world model but operate in latent space by encoding what is common between transformed
inputs. It is the main class of SSL methods. JEPAWorldModels can be seen as a more general framework where a world model is
trained in latent space. This family has been very successful both in reinforcement learning and in representation learning, and is
where Image World Models (IWM) falls.

y; in this case, the transformation parameters a (lo-
cations of masked image patches), are also fed to the
decoder network. Methods based on joint-embedding
predictive architectures (JEPAs), such as I-JEPA (As-
sran et al., 2023) or data2vec (Baevski et al., 2022),
operate similarly, but can be seen as learning a latent
image world model, which learns to infer the e!ect
of the masking action on the representation of an
image. If one does not condition the predictor on
the transformation parameters, then the best we can
hope for is learning representations that are invariant
to the data transformations, as in BYOL (Grill et al.,
2020) and SimSiam (Chen and He, 2020), wherein
the image transformations correspond to various pho-
tometric and geometric data augmentations.
However, despite some of the apparent similarities
between world modelling in reinforcement learn-
ing and self-supervised learning from images, the
learned world model in reinforcement learning is typ-
ically leveraged in downstream tasks, e.g., for plan-
ning (Hansen et al., 2022). In contrast, the learned
world model in self-supervised learning is typically
discarded after pretraining, as the main focus is often
on the representation quality of the learned encoder
network. This stems from the fact that most down-
stream tasks in computer vision are unrelated to the
world modeling task. Common tasks of interest focus
on discriminative aspects and as such, even when
the predictor learns useful information, it is simply
discarded. We postulate that discarding the world
model in representation learning is wasteful, and that
just like in RL, we can reuse this world model for
downstream tasks. This motivates us to study, in

more depth, learning world models as a paradigm for
representation learning. We thus introduce Image
World Models (IWM, illustrated to the right of fig-
ure 2) as a way to learn both good representations
and strong reusable world models. IWM is based on
JEPA and extends the usual latent inpainting to also
include photometric transformations, allowing us to
demonstrate the key aspects in learning a capable
world model, which include the choice of predictor
conditioning, the strength of the transformations,
and the capacity of the world model.
We then focus on leveraging the learned world model
for downstream tasks, and find that it can be lever-
aged through finetuning. Specifically, we find that
finetuning the world model on top of the frozen en-
coder for downstream tasks provides improved perfor-
mance over encoder finetuning; this is also achieved
at a fraction of the cost and number of finetuned
parameters. Moreover, only the world model learned
by IWM exhibits this behavior; finetuning a ran-
domly initialized network of the same architecture as
the predictor does not provide such a performance
improvement. This suggests that the world model
should be a key part of the inference process, in-
stead of being discarded. Inspired by instruction
tuning (Wei et al., 2022; Zhang et al., 2023), we fur-
ther show that the world model can be finetuned
to solve multiple tasks at once, further improving
e"ciency.

Our study reveals another key aspect of representa-
tion learning with world models: the capacity given
to the world model has a direct influence on the

2

Generative Architecture

Learns to invert a transformation  
in the input space. 

e.g., Masked Autoencoder (MAE)

Masked Autoencoders Are Scalable Vision Learners

Kaiming He⇤,† Xinlei Chen⇤ Saining Xie Yanghao Li Piotr Dollár Ross Girshick
⇤equal technical contribution †project lead

Facebook AI Research (FAIR)

Abstract

This paper shows that masked autoencoders (MAE) are
scalable self-supervised learners for computer vision. Our
MAE approach is simple: we mask random patches of the
input image and reconstruct the missing pixels. It is based
on two core designs. First, we develop an asymmetric
encoder-decoder architecture, with an encoder that oper-
ates only on the visible subset of patches (without mask to-
kens), along with a lightweight decoder that reconstructs
the original image from the latent representation and mask
tokens. Second, we find that masking a high proportion
of the input image, e.g., 75%, yields a nontrivial and
meaningful self-supervisory task. Coupling these two de-
signs enables us to train large models efficiently and ef-
fectively: we accelerate training (by 3⇥ or more) and im-
prove accuracy. Our scalable approach allows for learning
high-capacity models that generalize well: e.g., a vanilla
ViT-Huge model achieves the best accuracy (87.8%) among
methods that use only ImageNet-1K data. Transfer per-
formance in downstream tasks outperforms supervised pre-
training and shows promising scaling behavior.

1. Introduction
Deep learning has witnessed an explosion of archi-

tectures of continuously growing capability and capacity
[29, 25, 52]. Aided by the rapid gains in hardware, mod-
els today can easily overfit one million images [13] and
begin to demand hundreds of millions of—often publicly
inaccessible—labeled images [16].

This appetite for data has been successfully addressed in
natural language processing (NLP) by self-supervised pre-
training. The solutions, based on autoregressive language
modeling in GPT [42, 43, 4] and masked autoencoding in
BERT [14], are conceptually simple: they remove a portion
of the data and learn to predict the removed content. These
methods now enable training of generalizable NLP models
containing over one hundred billion parameters [4].

The idea of masked autoencoders, a form of more gen-
eral denoising autoencoders [53], is natural and applicable
in computer vision as well. Indeed, closely related research

encoder

....

....
decoder

input target

Figure 1. Our MAE architecture. During pre-training, a large
random subset of image patches (e.g., 75%) is masked out. The
encoder is applied to the small subset of visible patches. Mask
tokens are introduced after the encoder, and the full set of en-
coded patches and mask tokens is processed by a small decoder
that reconstructs the original image in pixels. After pre-training,
the decoder is discarded and the encoder is applied to uncorrupted
images (full sets of patches) for recognition tasks.

in vision [54, 41] preceded BERT. However, despite signif-
icant interest in this idea following the success of BERT,
progress of autoencoding methods in vision lags behind
NLP. We ask: what makes masked autoencoding different
between vision and language? We attempt to answer this
question from the following perspectives:

(i) Until recently, architectures were different. In vision,
convolutional networks [30] were dominant over the last
decade [29]. Convolutions typically operate on regular grids
and it is not straightforward to integrate ‘indicators’ such as
mask tokens [14] or positional embeddings [52] into con-
volutional networks. This architectural gap, however, has
been addressed with the introduction of Vision Transform-
ers (ViT) [16] and should no longer present an obstacle.

(ii) Information density is different between language
and vision. Languages are human-generated signals that
are highly semantic and information-dense. When training
a model to predict only a few missing words per sentence,
this task appears to induce sophisticated language under-
standing. Images, on the contrary, are natural signals with
heavy spatial redundancy—e.g., a missing patch can be re-
covered from neighboring patches with little high-level un-
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Masked Autoencoder [arXiv: 2111.06377]

… masks random patches of the input image  
and reconstructs the missing pixels

See e.g. “MPM” [T. Golling, L. Heinrich, M. Kagan, S. Klein, M. Leigh, M. Osadchy and J. A. Raine, arXiv: 2401.13537],
“MPMv2” [M. Leigh, S. Klein, F. Charton, T. Golling, L. Heinrich, M. Kagan, I. Ochoa and M. Osadchy, arXiv: 2409.12589]

https://arxiv.org/abs/2401.13537
https://arxiv.org/abs/2409.12589
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Figure 2 Multiple families of methods with related architectures can be distinguished, in which the conditioning or not of their
world model is a key distinction. Generative World Models are trained to invert a transformation in input space, leveraging
an autoencoder framework. Methods for world modeling and representation learning can be instantiated in this way. Joint
Embedding methods get rid of the world model but operate in latent space by encoding what is common between transformed
inputs. It is the main class of SSL methods. JEPAWorldModels can be seen as a more general framework where a world model is
trained in latent space. This family has been very successful both in reinforcement learning and in representation learning, and is
where Image World Models (IWM) falls.

y; in this case, the transformation parameters a (lo-
cations of masked image patches), are also fed to the
decoder network. Methods based on joint-embedding
predictive architectures (JEPAs), such as I-JEPA (As-
sran et al., 2023) or data2vec (Baevski et al., 2022),
operate similarly, but can be seen as learning a latent
image world model, which learns to infer the e!ect
of the masking action on the representation of an
image. If one does not condition the predictor on
the transformation parameters, then the best we can
hope for is learning representations that are invariant
to the data transformations, as in BYOL (Grill et al.,
2020) and SimSiam (Chen and He, 2020), wherein
the image transformations correspond to various pho-
tometric and geometric data augmentations.
However, despite some of the apparent similarities
between world modelling in reinforcement learn-
ing and self-supervised learning from images, the
learned world model in reinforcement learning is typ-
ically leveraged in downstream tasks, e.g., for plan-
ning (Hansen et al., 2022). In contrast, the learned
world model in self-supervised learning is typically
discarded after pretraining, as the main focus is often
on the representation quality of the learned encoder
network. This stems from the fact that most down-
stream tasks in computer vision are unrelated to the
world modeling task. Common tasks of interest focus
on discriminative aspects and as such, even when
the predictor learns useful information, it is simply
discarded. We postulate that discarding the world
model in representation learning is wasteful, and that
just like in RL, we can reuse this world model for
downstream tasks. This motivates us to study, in

more depth, learning world models as a paradigm for
representation learning. We thus introduce Image
World Models (IWM, illustrated to the right of fig-
ure 2) as a way to learn both good representations
and strong reusable world models. IWM is based on
JEPA and extends the usual latent inpainting to also
include photometric transformations, allowing us to
demonstrate the key aspects in learning a capable
world model, which include the choice of predictor
conditioning, the strength of the transformations,
and the capacity of the world model.
We then focus on leveraging the learned world model
for downstream tasks, and find that it can be lever-
aged through finetuning. Specifically, we find that
finetuning the world model on top of the frozen en-
coder for downstream tasks provides improved perfor-
mance over encoder finetuning; this is also achieved
at a fraction of the cost and number of finetuned
parameters. Moreover, only the world model learned
by IWM exhibits this behavior; finetuning a ran-
domly initialized network of the same architecture as
the predictor does not provide such a performance
improvement. This suggests that the world model
should be a key part of the inference process, in-
stead of being discarded. Inspired by instruction
tuning (Wei et al., 2022; Zhang et al., 2023), we fur-
ther show that the world model can be finetuned
to solve multiple tasks at once, further improving
e"ciency.

Our study reveals another key aspect of representa-
tion learning with world models: the capacity given
to the world model has a direct influence on the

2

Joint-Embedding  
Predictive Architecture (JEPA)

Learns to predict the embeddings 
in the latent space. 

LeCun’s vision for World Models.

fq gf

gf

gf

fq̄

L2

context
encoder

predictor

target
encoder

target

context

I-JEPA [arXiv: 2301.08243]

… predicts the embeddings of masked image patches  
in a (learned) latent space.

arXiv: 2403.00504
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P-JEPA
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Joint work with  
Qibin Liu, Shudong Wang 

and Congqiao Li

See also: “J-JEPA” [S. Katel, H. Li, Z. Zhao, F. Mokhtar, J. Duarte and R. Kansal, arXiv: 2412.05333],
“HEP-JEPA” [J. Bardhan, R. Agrawal, A. Tilak, C. Neeraj and S. Mitra, arXiv: 2502.03933]

https://arxiv.org/abs/2412.05333
https://arxiv.org/abs/2502.03933
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In a nutshell: 

randomly mask some particles (30—50%) from a jet
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In a nutshell: 

randomly mask some particles (30—50%) from a jet 

train an encoder to extract meaningful information from the 
remaining particles
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In a nutshell: 

randomly mask some particles (30—50%) from a jet 

train an encoder to extract meaningful information from the 
remaining particles 

meaningful = useful for predicting the representations of the 
masked particles
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In a nutshell: 

randomly mask some particles (30—50%) from a jet 

train an encoder to extract meaningful information from the 
remaining particles 

meaningful = useful for predicting the representations of the 
masked particles 

quality of the prediction evaluated in the learned latent space 
extracted with a slightly lagged version of the encoder
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PRE-TRAINING AND TRANSFER LEARNING
The pre-training of the P-JEPA model can be performed on large-scale real data 

we demonstrate this by pre-training P-JEPA on the JetClass dataset (100M jets) without using any truth labels 

Once pre-trained, the encoder can be viewed as a foundation model  

transfer learning to specific downstream tasks

49
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TRANSFER LEARNING: JET TAGGING
Benchmark: 10-class jet classification on JetClass

50

 FineTune: 
 Encoder allowed to be slightly updated 

when trained with labelled jets for tagging

 Freeze: 
 Encoder fixed when trained with labelled 

jets for tagging

 FromScratch: 
 Same network architecture, but trained with 

labelled jets starting from randomly initialized 
weights

Pre-training + transfer learning shows a 
significant performance boost when  

labelled samples are limited.
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OUTLOOK: VERTICAL SCALING
At colliders: event reconstruction usually follows a hierarchical way 

due to heterogeneous sub-detectors and high particle multiplicity 

Going beyond: a foundation model that aligns data representations at various levels and cover all the stages? 

requires a multi-modal approach and efficient architectures

51

1m 2m 3m 4m 5m 6m 7m0m

Transverse slice
through CMS

2T

3.8T

Superconducting
Solenoid

Hadron
Calorimeter

Electromagnetic
Calorimeter

Silicon
Tracker

Iron return yoke interspersed
with Muon chambers

Key:
Electron
Charged Hadron (e.g. Pion)

Muon

Photon
Neutral Hadron (e.g. Neutron)

top quark

b

q

q→

top antiquark
bωµ

µ↑

Higgs boson

c

c

Detector/Particle-flow reconstruction Jet/Object reconstruction Event classification/interpretation

Raw detector hits => Tracks, Showers, Particles => Jets, leptons, taus => Signal vs background processes
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OUTLOOK: HORIZONTAL SCALING
Dark matter/neutrino/cosmic ray experiments 

typically homogeneous detector — end-to-end ML reconstruction more promising 

Going beyond: a foundation model that generalizes across experiments and covers all energy scales?
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moment dχ, charge radius bχ or anapole moment aχ, with the corre-
sponding Lagrangian shown below,

L Qχ γ χA
µ

χ σ χF i
d

χ σ γ χF b χ γ χ F

a χ γ γ χ F

= +
2

+
2

+ ∂

+ ∂ ,
(1)

µ χ µν χ µν
χ

µ ν

χ
µ ν

µ µν
5

µν µν

5
µν

where χ stands for the dark matter field, and Aµ and Fµν are the photon 
field and electromagnetic field tensor, respectively. The photon can 

then couple to the nucleus and produce the dark matter-nucleus scat-
tering in direct detection experiments.

The signal expectations in the xenon detector are calculated using 
DMForm Factor package7,27, which implements the xenon nuclear 
response functions from state-of-the-art full-basis shell-model calcu-
lations. The signal event rates are proportional to the square of the 
electromagnetic couplings (Methods). With the recommended para-
meters of dark matter local distributions (Extended Data Table 3)28, 
the differential event rates of these interactions as a function of nuclear 
recoil energy ER are shown in Fig. 2a. Among all interactions, the anapole 
moment yields the hardest recoil spectrum. The charge radius interac-
tion has the same spectrum as the commonly assumed spin-independent 
scattering. Owing to the massless photon propagator, the recoil spec-
tra for the dark matter magnetic and electric dipole moments both 
have a 1/ER dependence, leading to a rate enhancement at small recoil 
energy. As for dark matter with millicharge, the E1/ R

2 dependence of 
the cross-section yields a unique sharp feature at very low ER.

Individual dark matter–photon interactions are taken into the analy-
sis, one at a time, with characters illustrated in Fig. 2a in combination 
with the signal response model. Our signal response model in S1 versus 
S2b (S2 collected by the bottom PMT array to avoid the saturation of 
the top array) follows the NEST v.2.0 construction29–31 with parameters 
fitted from the low energy calibration data11 (Methods and Extended 
Data Fig. 2), from which the expected distributions of each background 
components and dark matter signal are generated. A two-sided profile 
likelihood ratio is constructed to test the signal hypothesis28, with the 
standard unbinned likelihood defined together with Gaussian penalty 
terms to account for systematic uncertainties (Methods). No signifi-
cant signals are observed above the background. Upper limits on the 
magnitudes of electromagnetic couplings between the dark matter 
and photon are derived, as shown in Fig. 3, with previous constraints 
from DEAP-3600 (ref. 13) and PICO-60 (ref. 14) overlaid. Note that for 
Majorana dark matter, it is only possible to have a non-zero anapole 
moment, with a value twice as large as that of Dirac dark matter for 
the same scattering rate21.

Among all dark matter direct detection experiments, we derive the 
first constraint on the dark matter’s charge radius, with a lowest upper 
limit of 1.9 × 10%10 fm2 for a dark matter mass of 40 GeV/c2. Our most 
stringent limits for dark matter’s millicharge, magnetic dipole moment 
and electric dipole moment are 2.6 × 10%11 e, 4.8 × 10%10 µB (Bohr mag-
neton of the electron) and 1.2 × 10%23 ecm for a dark matter mass of 

Dark matter
e–

S1

S2

Xe nucleus

Photon

Fig. 1 | Diagram showing photon-mediated interaction in a xenon detector. 
When dark matter scatters off a xenon nucleus in the PandaX-4T detector by 
means of the photon-mediated process, scintillation photons S1 and delayed 
electroluminescence photons S2 are generated and detected by PMTs.
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Fig. 2 | Expected distributions of photon-mediated interactions in the 
PandaX-4T detector. a, Differential event rate as a function of nuclear recoil 
energy ER for dark matter scattering off a xenon nucleus through millicharge, 
magnetic dipole moment, electric dipole moment, charge radius and  
anapole moment. We take ∣Q∣ = 5 × 10%11 e, ∣µχ∣ = 3 × 10%9 µB, ∣dχ∣ = 1 × 10%22 ecm, 
∣bχ∣ = 4 × 10%9 fm2 and ∣aχ∣ = 2 × 10%32 cm2 for dark matter mass of mχ = 100 GeV/c2 
(solid lines) and mχ = 30 GeV/c2 (dashed lines). b, Distribution of 1,058 data 

events after selection in nlog ( /S1)10 e  versus S1, where ne = S2b/(SEGb × EEE)  
is the number of ionized electrons with SEGb and EEE obtained from the data 
(Extended Data Table 1). Also overlaid are the 2σ contours for the millicharge 
(green) and anapole moment (magenta) interactions with the dark matter mass 
of mχ = 100 GeV/c2 (solid curves) and mχ = 30 GeV/c2 (short dashed curves), and 
fitted median of nuclear recoil distribution from the neutron calibration data 
(blue long-dashed line)11.
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Evolution of Jet Representation 
… leads to significant performance gains.

Attention Isn’t All You Need
… more physics = fast learning & better generalization.

Towards a Foundation Model

… efficient and scalable representation learning is the key! 

E
nc

od
er

Predictor/World Model

Transformation, Action

Decoder/World Model

Transformation, Action Transformation, Action

JEPA world modelGenerative World model Joint Embedding

Unconditional

Conditional

BYOL, SimSiam

Latent world models, I-JEPA, 
Equivariant SSL, IWM (Ours)

Denoising Autoencoders
Variational Autoencoders

Generative World Models
Masked Image Modeling N/A

Siamese, SimCLR, VICReg, DINO

Figure 2 Multiple families of methods with related architectures can be distinguished, in which the conditioning or not of their
world model is a key distinction. Generative World Models are trained to invert a transformation in input space, leveraging
an autoencoder framework. Methods for world modeling and representation learning can be instantiated in this way. Joint
Embedding methods get rid of the world model but operate in latent space by encoding what is common between transformed
inputs. It is the main class of SSL methods. JEPAWorldModels can be seen as a more general framework where a world model is
trained in latent space. This family has been very successful both in reinforcement learning and in representation learning, and is
where Image World Models (IWM) falls.

y; in this case, the transformation parameters a (lo-
cations of masked image patches), are also fed to the
decoder network. Methods based on joint-embedding
predictive architectures (JEPAs), such as I-JEPA (As-
sran et al., 2023) or data2vec (Baevski et al., 2022),
operate similarly, but can be seen as learning a latent
image world model, which learns to infer the e!ect
of the masking action on the representation of an
image. If one does not condition the predictor on
the transformation parameters, then the best we can
hope for is learning representations that are invariant
to the data transformations, as in BYOL (Grill et al.,
2020) and SimSiam (Chen and He, 2020), wherein
the image transformations correspond to various pho-
tometric and geometric data augmentations.
However, despite some of the apparent similarities
between world modelling in reinforcement learn-
ing and self-supervised learning from images, the
learned world model in reinforcement learning is typ-
ically leveraged in downstream tasks, e.g., for plan-
ning (Hansen et al., 2022). In contrast, the learned
world model in self-supervised learning is typically
discarded after pretraining, as the main focus is often
on the representation quality of the learned encoder
network. This stems from the fact that most down-
stream tasks in computer vision are unrelated to the
world modeling task. Common tasks of interest focus
on discriminative aspects and as such, even when
the predictor learns useful information, it is simply
discarded. We postulate that discarding the world
model in representation learning is wasteful, and that
just like in RL, we can reuse this world model for
downstream tasks. This motivates us to study, in

more depth, learning world models as a paradigm for
representation learning. We thus introduce Image
World Models (IWM, illustrated to the right of fig-
ure 2) as a way to learn both good representations
and strong reusable world models. IWM is based on
JEPA and extends the usual latent inpainting to also
include photometric transformations, allowing us to
demonstrate the key aspects in learning a capable
world model, which include the choice of predictor
conditioning, the strength of the transformations,
and the capacity of the world model.
We then focus on leveraging the learned world model
for downstream tasks, and find that it can be lever-
aged through finetuning. Specifically, we find that
finetuning the world model on top of the frozen en-
coder for downstream tasks provides improved perfor-
mance over encoder finetuning; this is also achieved
at a fraction of the cost and number of finetuned
parameters. Moreover, only the world model learned
by IWM exhibits this behavior; finetuning a ran-
domly initialized network of the same architecture as
the predictor does not provide such a performance
improvement. This suggests that the world model
should be a key part of the inference process, in-
stead of being discarded. Inspired by instruction
tuning (Wei et al., 2022; Zhang et al., 2023), we fur-
ther show that the world model can be finetuned
to solve multiple tasks at once, further improving
e"ciency.

Our study reveals another key aspect of representa-
tion learning with world models: the capacity given
to the world model has a direct influence on the

2

Scaled Dot-Product Attention Multi-Head Attention

Figure 2: (left) Scaled Dot-Product Attention. (right) Multi-Head Attention consists of several
attention layers running in parallel.

query with all keys, divide each by
p
dk, and apply a softmax function to obtain the weights on the

values.

In practice, we compute the attention function on a set of queries simultaneously, packed together
into a matrix Q. The keys and values are also packed together into matrices K and V . We compute
the matrix of outputs as:

Attention(Q,K, V ) = softmax(
QK

T

p
dk

)V (1)

The two most commonly used attention functions are additive attention [2], and dot-product (multi-
plicative) attention. Dot-product attention is identical to our algorithm, except for the scaling factor
of 1p

dk
. Additive attention computes the compatibility function using a feed-forward network with

a single hidden layer. While the two are similar in theoretical complexity, dot-product attention is
much faster and more space-efficient in practice, since it can be implemented using highly optimized
matrix multiplication code.

While for small values of dk the two mechanisms perform similarly, additive attention outperforms
dot product attention without scaling for larger values of dk [3]. We suspect that for large values of
dk, the dot products grow large in magnitude, pushing the softmax function into regions where it has
extremely small gradients 4. To counteract this effect, we scale the dot products by 1p

dk
.

3.2.2 Multi-Head Attention

Instead of performing a single attention function with dmodel-dimensional keys, values and queries,
we found it beneficial to linearly project the queries, keys and values h times with different, learned
linear projections to dk, dk and dv dimensions, respectively. On each of these projected versions of
queries, keys and values we then perform the attention function in parallel, yielding dv-dimensional
output values. These are concatenated and once again projected, resulting in the final values, as
depicted in Figure 2.

Multi-head attention allows the model to jointly attend to information from different representation
subspaces at different positions. With a single attention head, averaging inhibits this.

4To illustrate why the dot products get large, assume that the components of q and k are independent random
variables with mean 0 and variance 1. Then their dot product, q · k =

Pdk
i=1 qiki, has mean 0 and variance dk.

4


