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High-performance machine learning tools in particle physics rest on two complementary directions:
encoding symmetries explicitly in the architecture, and implicitly learning the structure of the data through
large-scale (pre)training. We compare the performance of the representative Lorentz Geometric Algebra
Transformer and OmniLearn models on three especially challenging tasks: reweighting-based unfolding,
likelihood-ratio estimation, and weakly supervised anomaly detection. Across all benchmarks, both
methods achieve comparable performance given the statistical precision of the finetuning datasets,
suggesting that the significant efficiency gains from encoding known particle physics structures are largely
method independent.
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I. INTRODUCTION

Modern machine learning (ML) is becoming an essen-
tial tool in particle physics, transforming tasks such as data
acquisition, object reconstruction, event characterization,
process and detector simulation, cross section measure-
ments, parameter estimation, and anomaly detection [1–4].
A central aspect of ML in particle physics is encoding the
known structures governing the data, such as symmetries,
in a way that improves performance and robustness while
also being data efficient. Quantum field theory dictates the
unique symmetries underlying particle physics data, which
are often naturally represented as point clouds. How to best
integrate such structures is an active area of research [5].
Two general strategies for incorporating physics knowl-

edge into ML models have emerged. One approach is to
explicitly incorporate physics structures into the model
setup, either explicitly through the network architecture or
as part of the training [6–9]. An example is Lorentz-
equivariant networks [5,10–21]. The motivation of explicit
equivariance is that models do not need to learn known

critical structures of the input data, the cost is that the
models themselves tend to be more complex [22,23].
An alternative approach is to incorporate physical

reasoning implicitly through large-scale pretraining on
diverse datasets that represent similar structures. Here,
models learn appropriate representations through pretrain-
ing, and these representations are subsequently adapted
to downstream tasks through fine-tuning [24–36]. The
implicit approach shifts the focus from modifying the
architecture to curation of large-scale training datasets,
whereas the architectures mostly require substantial capac-
ity to learn the physical attributes of the data.
We provide a realistic comparison of explicit and implicit

approaches using two state-of-the-art models—the Lorentz
Geometric Algebra Transformer (L-GATr) [19,23,37] and
OmniLearn [38–42], a foundation model that acquires physics
priors implicitly through large-scale pretraining. Previous
studies have compared these approaches for top tagging
[43] or multilabel jet classification [44], where the classes
are quite different. These studies indicate that equivariance
yields substantial improvements in accuracy, data effi-
ciency, and robustness compared to nonequivariant models
with comparable parameter counts, but the best perfor-
mance is reached by pretrained transformers [19,40].
In the precision collider physics program, there is a

growing need for ML models that can faithfully capture
very subtle differences between two classes. Tasks such as
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simulation-based inference [45], unfolding [46], and
anomaly detection [47–49] seek high-fidelity likelihood
ratio estimation. The goal of this paper is to compare
explicit and implicit approaches in this context of nearly
identical classes.
The paper is organized as follows. Section II describes

our two representative models. Section III then analyzes
their performance in classification tasks involving similar
classes, namely reweighting-based unfolding for pp colli-
sions in Sec. III A, likelihood ratio estimation for ep
collisions in Sec. III B, and weakly supervised anomaly
detection in Sec. III C. We close with an outlook in Sec. IV.

II. EXPLICIT VERSUS IMPLICIT PHYSICS
KNOWLEDGE

Collider physics data are defined in a highly structured
space that respects a number of known exact or approxi-
mate symmetries. This allows us to compare two ways of
including them in neural networks, either explicitly through
constrained data representation and operation space, or
implicitly as universally learned data features. Methods
with explicit priors factorize out the known symmetry
structure and methods with implicit priors achieve this
through large-scale data exposure. As a result, both
approaches can learn the breaking patterns of approximate
symmetries and can learn additional structures that cannot
be encoded in a symmetry group. We use L-GATr and
OmniLearn as representatives and cutting-edge examples of
the explicit and implicit methods, respectively.

A. Lorentz-equivariant transformer

L-GATr [19,23,37] is a transformer architecture equivar-
iant under Lorentz transformations Λ of phase space points
x,

L-GATrðΛðxÞÞ ¼ ΛðL-GATrðxÞÞ: ð2:1Þ

It embeds its inputs into the spacetime geometric algebra.
In this representation, their geometric structure is manifest,
and operations on them can be restricted to operations that
preserve Lorentz symmetry, with the option of learning an
explicit breaking. The elements of the algebra are called
multivectors, which can be written as

x ¼ xS1þ xVμ γμ þ xBμνσμν þ xAμ γμγ5 þ xPγ5

with

0
BBBBBBB@

xS

xVμ

xBμν

xAμ

xP

1
CCCCCCCA

∈R16: ð2:2Þ

This expression combines scalars xS, vectors xVμ , bivectors,
xBμν, axial vectors xAμ , and pseudoscalars xP.
The vector space is expanded to the geometric algebra

through a geometric product, in analogy to an outer
product. It constructs higher-order geometric objects
through an antisymmetric product of the algebra elements.
Specifically, vectors can be paired antisymmetrically to
define the new basis elements σμν, γμγ5 and γ5. Together
with the scalar basis element 1, they define a decomposition
of multivectors in grades, encoding the dimension of the
objects. The notation reflects the close relation of the
spacetime geometric algebra with the Dirac algebra, where
both share the operational and representation properties,
but the Dirac algebra is defined over complex space.
The multivector representation provides a simple way to

enforce equivariance for a wide range of network oper-
ations and across many network architectures. The only
constraint that needs to be imposed is that a given network
acts independently on each multivector grade, as every
grade transforms under a different representation of the
Lorentz group. L-GATr applies this representation to trans-
former architectures, so it can take advantage of the
desirable scaling and expressivity of transformers.
In practice, L-GATr organizes the data as a collection of

tokens and encodes their geometric content into a multi-
vector. For jet physics, the tokens correspond to the
constituents, each in a multivector representation following
from the 4-vector input,

xVμ ¼ pμ and xS ¼ xTμν ¼ xAμ ¼ xP ¼ 0: ð2:3Þ

L-GATr can also process constituent features not contained
in the 4-vector and separately from the multivector repre-
sentation, with interactions in the linear and attention
layers. This allows the network to use features such as
the particle-ID, the transverse momentum pT or the rapidity
y, at the cost of a potential equivariance breaking. Given
this input structure, we can limit ourselves to Lorentz
scalars and vectors for many collider physics applications
using the L-GATr-slim implementation [23].
Finally, L-GATr can accommodate any additional infor-

mation not linked to a specific constituent through extra
tokens. We will use such tokens to process event-level
features and use a one-hot encoding to distinguish them
from the constituent-level features. The extra tokens can
circumvent Lorentz equivariance, an essential feature
whenever Lorentz symmetry is only partially preserved.
Symmetry-breaking tokens are engineered so that any
operation involving them breaks the equivariance down
to the subgroup that leaves the new input multivectors
invariant. This mechanism also covers scalar inputs, where
the extra features will induce symmetry breaking down to
subgroups for which the input selection behaves like
Lorentz scalars. This enables tunable and dynamic sym-
metry breaking without adjusting the architecture [20].
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The output of the L-GATr transformer requires an extra
step that undoes multivector embedding. Throughout this
study, the L-GATr output should be a scalar for each jet or
event, so we add an extra class token and select its scalar
component as the network output.
With this architecture, L-GATr achieves excellent perfor-

mance in several tasks [19], such as amplitude regression,
jet tagging, event generation, and generative unfolding
[50]. The equivariance allows us to work with relatively
small datasets to reach competitive performance. The cost
is an increased memory use due to the size of the multi-
vector representation. It can be reduced by restricting the
algebra grades to scalars and vectors and removing the
geometric product [23]. We test this L-GATr-slim version
together with the full model in Sec. III A and analyze the
computational costs of L-GATr, L-GATr-slim, and OmniLearn

for jet classification in Appendix A. Instead of L-GATr, we
could also use the LLoCa realization of a Lorentz-
equivariant transformer [20], but we do not expect a
qualitatively different result.

B. OmniLearn

OmniLearn [38] is a foundation model whose backbone is
based on the point-edge transformer (PET), a hybrid
architecture combining transformer blocks with graph
network layers. PET uses a shared representation learned
from large-scale pretraining, whose output is subsequently
passed to task-specific heads. The model is pretrained on
approximately 108 jets from the JetClass dataset [44].
Through this large-scale pretraining, OmniLearn learns gen-
eral representations of jets that capture correlations among
constituents and characteristic substructure patterns.
The PET backbone processes constituent 4-vectors for

each jet, treating jets as unordered sets of constituents. The
constituent features are conditioned on diffusion time
parameters and augmented with local geometric informa-
tion via graph convolution layers. To accommodate hetero-
geneous input features, always including kinematic
information but not always features such as particle ID
or vertex information, the model employs a feature
dropout. In this approach, additional input features are
randomly dropped with fixed probabilities and replaced
with zeros during training, enabling the model to learn
robust representations in the presence and absence of
auxiliary information.
The output of the PET backbone is provided to a

classifier head and a generative head. The classifier head
operates on the constituent-level representations and incor-
porates additional global jet kinematic information. The
generative head, used for diffusion-based generation, sim-
ilarly consumes constituent and jet information, while
explicitly incorporating diffusion time conditioning. This
dual-head design enables OmniLearn to be jointly trained on
classification and generative tasks.

The foundation-model approach offers significant
flexibility: no architectural redesign is required when
adapting the model to different collision systems or
detector configurations, as the model adapts through
fine-tuning. The effectiveness of this approach has been
demonstrated in systematic transfer learning studies, where
OmniLearn achieves state-of-the-art performance on binary
classification such as top tagging and quark–gluon dis-
crimination, while requiring 50%–70% fewer training
epochs compared to models trained from scratch.

OmniLearn has a substantial one-time computational cost,
pretraining with 128 GPUs for 20 epochs on 108 jets.
However, this leads to a significant efficiency gain in terms
of reduced training time for downstream tasks. Fine-tuned
models typically converge 2 to 3.5 times faster than
comparable architectures without pretraining. We quantify
the computational cost in Appendix A. The performance
may be further improved with bigger models and more
pretraining data [40].

III. PRECISION CLASSIFICATION WITH
SIMILAR CLASSES

Although networks in collider physics have been shown
to improve with an appropriately scaled increase in network
size, training dataset size, training time, GPU investment,
and energy consumption [51,52], this scaling also leads to
significant cost on the application side, in terms of memory
and evaluation time. This is why our study instead focuses
on efficiency gains from explicitly or implicitly using
physics information, at comparable and realistic training
and application cost.
Our precision classification tasks are based on likelihood

ratio estimations, but differ in the relationship between
classes, the physical processes involved, and the down-
stream applications. Sections III A and III B use the
classifier output to reweight simulations to data distribu-
tions for LHC and HERA observables, using the OmniFold

unfolding method [53,54]. Section III C focuses on dis-
tinguishing two data distributions that differ only by the
presence of a small fraction of anomalous events in one of
them. This task is relevant for new physics searches where
the effect of the new physics phenomena on the data is
expected to be very small.

A. Reweighting-based unfolding for pp collisions

Unfolding statistically corrects for unwanted distortions
in the data. This task requires an accurate forward model of
the effects to be corrected. Once unfolded, the data can be
readily compared between experiments and with theoretical
predictions. In our application, we unfold detector effects
and represent data in terms of particles as objects entering
the detector. This is a common step in many measurements
of Standard Model processes in collider physics. Unfolding
requires the observed data and a matched sample of
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simulated events before and after the corresponding for-
ward simulation. For our example of detector unfolding,
these configurations are referred to as particle level and
detector level.
Traditional unfolding methods bin the data and simu-

lation and adjust the resulting histograms [55–61]. ML
unfolding allows for the correction of high-dimensional
distributions without binning [53,54,62–64]. For OmniFold

[53,54] we train a classifier to reweight a sample of
simulated events to represent the unfolded data. This is
done through an iterative procedure that requires training
two classifiers per iteration, although a more direct
approach might be feasible [65]. By assumption, the data
and simulation are very similar, providing us with a perfect
example for classification with nearly identical classes.
We compare L-GATr and OmniLearn as reweighting clas-

sifiers on a benchmark dataset containing simulated colli-
sions for

pp → Z þ jets with pT;Z > 200 GeV ð3:1Þ

at 14 TeV [53,66]. The dataset consists of two sets of events
generated by different simulators, each at detector and
particle levels. The first set is generated with Herwig 7.1.5

[67–69] with the default tune and is used as “data.” The
second set is generated with Pythia8 [70] with Tune 26 [71]
and is used as “simulation.” Both datasets use Delphes

[72–74] and the particle flow reconstruction Compact
Muon Solenoid (CMS) tune to simulate detector effects.
The jet content consists of particle flow objects at detector
level and stable truth particles at particle level. Jets are
clustered with the anti-kT algorithm [75–77] with R ¼ 0.4,
as implemented in FastJet 3.3.2 [77].

OmniLearn uses constituent-level and jet-level inputs. The
input for the classifier training is summarized in the scalar
column in Table I. Its training follows the exact setup
described in Ref. [38] and uses the pretrained network
weights provided in the public data release as the starting
point for the fine-tuning. We could have used previous

OmniLearn results, but the change in the Pythia8 tune used in
this study required retraining it for a trustworthy compari-
son. We also train the PET network from scratch using the
same configuration, to quantify the impact of pretraining.

L-GATr is trained from random weight initializations and
matches OmniLearn in inputs, training epochs, and network
size. The scalar inputs in Table I are standardized and given
to the scalar channels, and the constituent and jet 4-
momenta are added as multivector inputs. We also test a
minimal setup, where we train both networks using only
constituent vectors. The number of parameters in L-GATr is
either 106 or 2 × 106, where the former is roughly the size
of the PET body used in OmniLearn without task-specific
heads, and the latter is the total OmniLearn size. L-GATr-slim
only uses 7 × 105 parameters. We observe that all tested
L-GATr versions reach their maximum performance with at
most ten training epochs, which matches the amount of
fine-tuning steps that OmniLearn takes to reach convergence
on all studied tasks [38]. For a simple hyper-parameter
optimization of the L-GATr networks, we start with the
OmniLearn hyper-parameters and then optimize the batch
size, learning rate, number of attention blocks, and weight
decay parameter, as described in Appendix B.
First, we compare the performance of L-GATr, L-GATr-

slim, the PET network trained from scratch, and OmniLearn

on the first step of the first iteration of OmniFold, which we
call reweighting. The unfolding task is to reweight the
“simulated” events to the “data” distribution at detector
level. We observe a large variability in the performance of
L-GATr on repeated trainings across a wide range of
hyperparameter setups, which complicates network opti-
mization. L-GATr-slim is also unstable under multiple runs,
but its behavior is much more predictable under hyper-
parameter changes. We show the best-performing trainings
from L-GATr and L-GATr-slim and give the full details about
our training setup in Appendix B. The results from
OmniLearn are stable against repeated trainings.
We use a standard set of observables to quantify the

unfolding performance,

(
jet massm N-subjettiness ratio τ21 groomedmomentum fraction zg
jet widthw constituentmultiplicityN groomedmass log ρ

)
: ð3:2Þ

TABLE I. Input features for L-GATr and L-GATr-slim on the Z þ jets dataset and for L-GATr on the H1 dataset. For
the Z þ jets dataset, fðPIDÞ is additionally included as a scalar feature for jet constituents. The variables listed in the
scalar column are the input features used to train OmniLearn on both tasks.

Input Scalar 4-vector

Constituents Δηi;jet, Δϕi;jet, logpT, logE,

log
�
1 − pT;i

pT;jet

�
, log

�
1 − Ei

Ejet

�
, ΔRi;jet, charge

E, px, py, pz

Jets pT, η, m, multiplicity E, px, py, pz
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We show histograms comparing the reweighted and target
distributions at the detector level in Fig. 1. We also present
the triangular discriminator distance metrics [78–80] in
Table II, which are computed as

Δλðp; qÞ ¼
1

2

X
i

ðpiðλÞ − qiðλÞÞ2
piðλÞ þ qiðλÞ

ð×10−3Þ; ð3:3Þ

where λ denotes the examined observable, p, q are the two
compared distributions represented as histograms and the
sum is done over all bins.

In general, we observe a significant improvement from
OmniLearn, L-GATr, and L-GATr-slim compared to the PET
trained from scratch. This illustrates that explicit and
implicit physics priors offer a clear performance boost.
The L-GATr and OmniLearn results are similar for all metrics,
with a small edge for OmniLearn over L-GATr for this
reweighting step. There is no clear improvement in the
L-GATr results from including the scalar OmniLearn inputs,
increasing the network size beyond 106 parameters, or
prolonged training. This suggests that the L-GATr perfor-
mance is limited by the amount of training data. However,

FIG. 1. Reweighted distributions for six observables obtained from L-GATr, PET and OmniLearn after one classifier training. The data
events are generated with Herwig, and the simulation events are generated with Pythia. The L-GATr architecture consists of 106 learnable
parameters.

TABLE II. Detector-level triangular discriminators (×1000) between the Herwig and reweighted Pythia distributions after the first step
of the first iteration of OmniFold using L-GATr, L-GATr-slim, PET trained from scratch and OmniLearn as event classifiers. The uncertainties
are computed as the standard deviation of 100 uniform samples of each observable within their statistical uncertainties. The best results
are in bold.

Method Params. m w N log ρ zg τ21

PET 2 × 106 0.10� 0.02 0.11� 0.02 0.15� 0.02 0.09� 0.01 0.05� 0.01 0.09� 0.01
OmniLearn 2 × 106 0.09� 0.02 0.08� 0.01 0.15� 0.02 0.06� 0.01 0.04� 0.01 0.07� 0.01

L-GATr-slim 7 × 105 0.10� 0.02 0.10� 0.01 0.23� 0.03 0.08� 0.01 0.07� 0.01 0.08� 0.01
L-GATr 106 0.08� 0.01 0.07� 0.01 0.16� 0.02 0.08� 0.01 0.06� 0.01 0.08� 0.01
L-GATr 2 × 106 0.08� 0.01 0.07� 0.01 0.17� 0.02 0.09� 0.01 0.05� 0.01 0.07� 0.01
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we also find that it is possible to match OmniLearn by using a
smaller network size and a simpler set of data inputs.
The second OmniFold step is classifier reweighting at

particle level. The final result of this procedure after five
iterations is the actual unfolding. We show the same set of
histograms as before, but now for particle-level reweighting
in Fig. 2, and the triangular discriminator distance metrics
in Table III. Again, the explicit and implicit physics priors
lead to a significant performance boost, now with a small
edge for L-GATr over OmniLearn. As before, the L-GATr
performance does not change when upscaling the network

or the training time, indicating the limiting effect of the
training dataset size.
Finally, we observe that L-GATr-slim underperforms with

respect to L-GATr on the majority of metrics by a small
margin, but it reaches comparable and even superior
performance to the full model for several observables.
This suggest that the significantly faster L-GATr-slim imple-
mentation can indeed be a viable alternative for L-GATr in
scenarios with high computational constraints [23].
Let us remark that the difference in performance that

we observe for the L-GATr networks upon retraining are

FIG. 2. Unfolded distributions for six observables obtained from L-GATr, PET and OmniLearn after five reweighting iterations. The data
events are generated with Herwig, and the simulation events are generated with Pythia. The L-GATr architecture consists of 106 learnable
parameters.

TABLE III. Particle-level triangular discriminators (×1000) between the Herwig and reweighted Pythia distributions after five iterations
of OmniFold using the L-GATr, L-GATr-slim and OmniLearn networks as classifiers. The uncertainties are computed as the standard deviation
of 100 uniform samples of each observable within their statistical uncertainties. The best results are in bold.

Method Params. m w N log ρ zg τ21

PET 2 × 106 2.35� 0.06 0.22� 0.02 0.49� 0.03 0.17� 0.02 0.35� 0.02 0.12� 0.02
OmniLearn 2 × 106 2.06� 0.05 0.18� 0.02 0.33� 0.03 0.12� 0.01 0.27� 0.02 0.09� 0.01

L-GATr-slim 7 × 105 2.63� 0.07 0.14� 0.02 0.54� 0.04 0.14� 0.02 0.28� 0.02 0.07� 0.01
L-GATr 106 2.05� 0.06 0.12� 0.02 0.24� 0.02 0.23� 0.02 0.28� 0.02 0.08� 0.01
L-GATr 2 × 106 2.01� 0.06 0.17� 0.02 0.47� 0.04 0.13� 0.02 0.37� 0.03 0.08� 0.01
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substantial enough that for some singular trainings we
observe that the hierarchy of results quality is completely
reordered. We have no clear explanation as to why the
results from the L-GATr networks are so sensitive to the
weight initialization seeds. Since we only observe this
behavior on this task, we can conjecture that this is caused
by the gap between the training target and the examined
metrics. More specifically, it is possible that the training
loss can be optimized in multiple ways such that the correct
modeling of a different set of observables is promoted in
each instance.

B. Likelihood ratio estimation for ep collisions

As a second example, we reweight high Q2 deep-
inelastic scattering (DIS) events at the H1 detector, i.e.,
with a distinct collision type, detector, and event generator.
The simulated data is the same as in Refs. [81–83]. We use
particle-level simulations from Djangoh 1.4 [84] and Rapgap

3.1 [85], where Djangoh plays the role of “data” and Rapgap

the role of “simulation.” The particle-level events are
reconstructed using an energy-flow algorithm [86–88] after
an H1 detector simulation with GEANT3 [89]. They are

required to have Q2 > 100 GeV2 and at least one particle
in the event. Detector-level events are required to have
Q2 > 150 GeV2, inelasticity 0.08 < y < 0.7, and particles
with ppart

T > 0.1 GeV and −1.5 < ηpart < 2.75. Both Rapgap

and Djangoh simulations have 30 constituents per jet and
amount to a total of 2.5 × 106 events for training, 4 × 106

events for testing, and 5 × 105 events for validation.
We again classify jets produced by one generator from

the other. Compared to Sec. III A, the differences between
the constituent-level and jet-level features from the two
generators are much more subtle. We again use the features
listed in Table I as inputs to L-GATr and handle the
information at the constituent and jet levels following
Sec. II A. We standardize the scalar features prior to
training.
As in Sec. III A, we evaluate two L-GATr builds with

approximately 106 and 2 × 106 parameters trained from
scratch and compare their performance to OmniLearn. To
match the OmniLearn training setup as closely as possible, we
use a batch size of 256, an initial learning rate of 3 × 10−5,
and a weight decay of 0.2. A scan over batch size, learning
rate, and weight decay is discussed in detail in Appendix B.
All models are trained for 20 epochs, with no improvement

FIG. 3. Reweighted distributions for four observables obtained from L-GATr, PET and OmniLearn after five classifier trainings. The data
events are generated with Djangoh, and the simulation events are generated with Rapgap. The L-GATr architecture consists of 106 learnable
parameters.
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in validation loss observed beyond epoch 10. The resulting
reweighted distributions are shown in Fig. 3. All three
methods successfully correct the Rapgap simulation toward
the Djangoh reference across all four observables, with the
reweighted distributions lying significantly closer to the
data than the unweighted simulation. L-GATr, OmniLearn and
PET show comparable performance and achieve good
agreement with the data across the full kinematic range,
with slightly larger deviations from the reference in the tails
of the distributions.
The network performance is evaluated using the accu-

racy, Area Under Curve (AUC) and rejection rate at 50%
signal efficiency on the test dataset, and is listed in Table IV.
For robustness, each model is trained three times with
different random seeds, and the best performing run is
reported. We find that L-GATr with 106 parameters is
slightly, but consistently worse than, both, OmniLearn and
the PET trained from scratch. Given that OmniLearn only
leads to a small improvement over a simple PET training, it
appears that the architecture itself is the main performance
driver for this task. The cause for this may be the local
feature treatment present in PET, which is the main
architecture feature that is completely absent in L-GATr.
Increasing the L-GATr size to 2 × 106 parameters, our
closest match to OmniLearn, yields only marginal improve-
ments. In particular, the limited improvement when
increasing the L-GATr capacity suggests that scaling the
number of model parameters does not match the perfor-
mance gains provided by the design of the PETarchitecture
and to a lesser degree OmniLearn’s large-scale pretraining on
the data side.

C. Weakly supervised anomaly detection

Anomaly detection employs ML methods to conduct
model-independent searches for new phenomena in particle
physics [47,90,91] without a given signal hypothesis. One
class of techniques relies on classification without labels,
where a classifier is trained to separate a background-only
reference dataset from the data, which is a mixture of many
background events and a fraction of signal events [92]. The
signal fraction is small by assumption, so the background-
only reference dataset and the data are assumed to be nearly
identical, making this type of anomaly detection another
example of a classification problem with nearly identical
classes.

For this weakly supervised anomaly detection, we have
to construct a suitable background template using data-
driven techniques [93]. We compare the performance
of L-GATr and OmniLearn classifiers on the LHC Olympics
anomaly detection benchmark dataset [94], solving the
weakly supervised classification task with background
events sampled directly from a predefined distribution.
This is often termed “idealized anomaly detection,” since in
real applications such samples are not available.
Our background consists of dijet final states produced

through QCD processes, while the signal is represented by
resonant boson production following the decay chain

A → Bð→ qq0ÞCð→ qq0Þ
with mA ¼ 3.5 TeV; mB ¼ 0.5 TeV;

mC ¼ 0.1 TeV: ð3:4Þ

Following in particular Ref. [39], we define a signal where
the dijet mass satisfies

3.3 TeV < mjj < 3.7 TeV: ð3:5Þ

Events in this region are used to construct two datasets that
form the stand-ins for the data and the background model.
The data consists of 105 background events mixed with a
varying number of signal events. The background model is
composed of 350k independently generated background
events.
Given that both L-GATr and OmniLearn are large point-

cloud models, we consider full phase-space anomaly
detection [95], where the constituent kinematics of each
jet are provided to the classifiers, in addition to jet-level and
event-level kinematic information.
We train an L-GATr model with 1.8 × 106 trainable

parameters and compare to the OmniLearn performance from
Ref. [39]. In contrast to Secs. III A and III B, full phase
space anomaly detection requires processing events rather
than individual jets. We allow L-GATr to process events by
providing both scalar and 4-vector representations of the
constituents of all jets in each event. The constituents are
identified with the appropriate jet through a one-hot
encoding added as a scalar feature. The jet-level kinematics
are provided as an additional token following Sec. II A. The
scalar inputs used to represent the constituents and jets are
identical to Refs. [39,95]. All scalar input features are
standardized. Finally, the dijet mass mjj, known to be
particularly useful, is included as an extra scalar feature for
each item in the event sequence. A summary of the inputs
given to L-GATr is provided in Table V. A full description of
the hyperparameters is provided in Appendix B.
Following standard practice in the anomaly detection

literature, we use the maximum of the significance
improvement characteristic curve (SIC) as a performance
metric. We train L-GATr classifiers with 500 to 104 injected

TABLE IV. Performance comparison of classifiers on the H1
dataset.

Method AUC Acc 1=ϵBðϵS ¼ 0.5Þ
PET 0.5691 0.547 2.467� 0.002
OmniLearn 0.5695 0.547 2.470� 0.003
L-GATr (106 parameters) 0.5603 0.541 2.396� 0.003
L-GATr (2 × 106 parameters) 0.5630 0.543 2.408� 0.002
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signal events and then take the model checkpoint that
minimizes the validation loss to calculate the maximum
SIC on a held-out testing set. For each signal injection, we
train ten classifiers and evaluate the maximum SIC pro-
duced by each. We then calculate the mean maximum SIC
over the ensemble.
The performance of L-GATr and the different reference

benchmarks as a function of the number of injected signal
events is shown in Fig. 4. Shaded bands represent the
68% confidence band over the ten independent classifier
trainings. The results are compared to the randomly
initialized PET model and OmniLearn [39]. The physics-
primed L-GATr and OmniLearn substantially outperform the
PET model in terms of the raw classification power
captured by the maximum SIC performance metric.

An application of these classifiers to a realistic data
analysis would require a more careful consideration of
potential false positives [96]. The maximum SIC of
L-GATr and OmniLearn are the same within uncertainties
for all signal injections tested. L-GATr and L-GATr-slim
models with an order of magnitude fewer trainable param-
eters showed a significantly reduced performance, indicat-
ing that this event-level classification requires larger
networks even when explicit physics priors are used.

IV. OUTLOOK

We have presented a systematic comparison between two
strategies for incorporating known physics structures into
neural networks: explicit Lorentz equivariance, represented
by L-GATr, and implicit priors learned through large-scale
pretraining, represented by OmniLearn. We considered pre-
cision classification tasks, involving nearly identical
classes:

(i) As reweighting classifiers in OmniFold, the explicit
and implicit approaches show very similar perfor-
mance with no clear pattern for a preference. Both
estimate the likelihood ratio within the accuracy
supported by the dataset. Even the much more
efficient L-GATr-slim reaches competitive perfor-
mance on some observables.

(ii) For the likelihood ratio estimation between DIS
events, L-GATr consistently underperforms, even with
increased network size. This suggests that the effi-
ciency gain from assuming broken Lorentz-equivar-
iance does not match the benefits from local feature
processing and large-scale pretraining for the given
size and complexity of the H1 training dataset.

(iii) For weakly supervised anomaly detection, L-GATr
and OmniLearn achieve comparable performance. We
see slight potential benefits of the implicit approach
for small signal injections and of the explicit
approach for large signal injections.

Finally, it is not clear whether the two approaches learn
exactly the same underlying physics. One possible way to
bring more clarity into this matter would be a dedicated
study into the internal representations of pretrained and
equivariant networks. However, such an analysis would be
very challenging, since it would entail probing data

TABLE V. Input features to the L-GATr networks for the LHCO data set. Each feature is provided for each item in
the sequence representing the event, i.e., two jets and a variable number of jet constituents. For constituents, jet-level
features are zeroed, and for jets, constituent-level features are zeroed. The one-hot features are set to one if the item
corresponds to the higher or lower pT jet, respectively.

Input type Scalar 4-vector One-hot Event

Jet constituents Δyi;jet, Δϕi;jet, logpT, logE,

log pT;i

pT;jet
, log Ei

Ejet
, ΔRi;jet

E, px, py, pz 1j1, 1j2 mjj

Jets pT, y, ϕ, E, m E, px, py, pz 1j1, 1j2 mjj

FIG. 4. Maximum SIC against the number of injected signal
events for the randomly initialized PET and L-GATr models, as
well as the pretrained OmniLearn. Solid lines plot the mean
maximum SIC across an ensemble of 10 independent trainings,
and shaded bands represent the 68% confidence band over the
ensemble.
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representations with very high dimensions and there is no
clear indication about which features of either the data or
the architectures are relevant to improve performance on
any given task. Furthermore, there is no practical impedi-
ment for combining the two approaches. Potential benefits
of leveraging the two strategies at the same time will again
have to be evaluated in terms of performance, computa-
tional cost, and usability in practice.
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APPENDIX A: COMPUTATIONAL RESOURCE
ANALYSIS

We compare the computational requirements for training
L-GATr, L-GATr-slim and OmniLearn on a benchmark classi-
fication task. Naïve comparisons using training time are

highly dependent on the compute resources, batch
size, data loading routines, and other factors. In order to
benchmark the usage of training resources properly, we
perform our measurements in a fixed environment with a
single Nvidia A100 GPU and floating point precision to
float32. We measure the forward pass time, peak
memory usage and floating point operations (FLOPs), as
well as the compute required to train both networks. The
full training runs last for 20 epochs, which is a represen-
tative training length for all the tasks considered in this
paper.
We perform these measurements by training both net-

works on a dataset consisting of 2 × 106 jet events with 101
particles on a single A100 GPU. The 4-momenta of each jet
constituent are used as inputs for L-GATr and L-GATr-slim,
while 13 features per particle and four features per jet are
used for OmniLearn. This setup serves as a proxy for the
Z þ jets dataset studied in Sec. III A. We also consider the
same network sizes studied in that section. We consider a
realistic batch size of 512 for the full training and a batch
size of 1 for the forward pass measurements. In all cases,
we set the numerical floating point precision to float32.
We use the time. perf_counter() module to

measure time and average over ten independent measure-
ments. We measure the peak memories by using torch.
cuda.max_memory_allocated in the case of
L-GATr and L-GATr-slim and tf.config.experimen-
tal.get_memory_info in the case of OmniLearn.
Finally, we measure the compute FLOPs using model
profilers from the respective libraries for each network.
The floating point operations required by a full training are
calculated by multiplying the operations required by a
forward pass by 3 × dataset size × epochs, where the 3
coefficient comes from the added computation cost
involved in the backward pass.
We present the results of our measurements in Table VI.

L-GATr requires roughly ten times more compute and
memory than OmniLearn over a single forward pass. This
is an expected property of L-GATr. However, L-GATr is three
times faster than OmniLearn for a single forward pass. We
attribute this to differences on the backend implementation
of the two networks. More specifically, L-GATr is built on a
suite of attention backends that optimize network speed and
memory usage. Once we consider L-GATr-slim, we observe
that the compute cost and memory usage improve by a
factor of 10 and 3, respectively. Additionally, the network
becomes even faster, improving by a factor of 4. This
results also represent a significant improvement with
respect to OmniLearn, positioning L-GATr-slim as our most
efficient framework.
We also consider the FLOPs spent during the pre-

training of OmniLearn to our full training compute measure-
ments. This element marks an important difference with
respect to L-GATr, which is always performed from scratch.
Once we add it to the total cost, we observe that OmniLearn
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requires roughly 25 times more computing resources than
L-GATr. This cost is not present for ordinary fine-tunings
that use the readily available pretrained weights, but it
should be taken into account in cases where a new
pretraining is required.

APPENDIX B: L-GATr DETAILS

We summarize the details of the L-GATr trainings for the
tasks presented in Sec. III. The hyperparameter setups are
summarized in Table VII.

1. Reweighting-based unfolding for pp collisions

We discuss here the training setup that we use for the L-
GATr and L-GATr-slim networks in Sec. III A. The L-GATr
architecture with 106 parameters consists of 16 multivector
channels, 32 scalar channels, four attention heads, and 12
transformer blocks. The 2 × 106 parameter network
increases the number of transformer blocks to 24.
Variations on these network shapes do not have a visible
effect on both reweighting and unfolding performance. All
networks are trained for 20 epochs and validated every

epoch. No improvement is observed from increasing the
training time to 40 epochs.
Concerning the hyperparameter setup, we perform the

following sweep of training parameter values:
(i) Learning rate: f105; 3 × 105; 104g
(ii) Batch size: f512; 1024; 2048g
(iii) Scheduler: {No scheduler, Cosine Annealing, Co-

sine Decay}
(iv) Weight decay: f0; 0.05; 0.1g
Wehighlight the hyperparameter values that are used on the

OmniLearn setup in Ref. [38]. The Cosine Decay setup matches
exactly the OmniLearn configuration. We experiment with
changes on the learning rate and scheduler just on the first
unfolding iteration.We fix the learning rate to 10−6 on the later
iterations, following once again the OmniLearn prescription.We
run all of our trainings with the Lion optimizer [99]. We
perform six independent trainings for each combination of
these values and display the top performer on each task in
Tables II and III and Figs. 1 and 2.
As for the L-GATr-slim network, we apply the prescrip-

tion outlined in Ref. [23] to adapt the L-GATr setup with 106

parameters for the simplified architecture, resulting in a

TABLE VI. Performance comparison between L-GATr, L-GATr-slim and OmniLearn in terms of training speed, peak
memory, and compute per forward pass on a single A100 GPU using a single jet event with 101 particles. Forward-
pass time is averaged over 10 independent measurements. We also report the total compute over a full training of 20
epochs. The additional computation cost from the pretraining of OmniLearn is shown in parentheses.

L-GATr L-GATr-slim OmniLearn

Forward pass time (ms) 58.16� 0.45 15.39� 0.16 191.22� 2.04

Forward pass compute (FLOPs) 3.7 × 109 2.4 × 108 4.8 × 108

Full training compute (FLOPs) 4.4 × 1017 2.9 × 1016 5.8 × 1016ðþ1.2 × 1019Þ
Peak memory (MB) 154.41 47.95 22.26

Number of parameters 106 7 × 105 2 × 106

TABLE VII. Hyperparameter summary for all trainings performed for Sec. III. We include a description for both L-GATr and L-GATr-
slim networks trained for the reweighting-based unfolding task presented in Sec. III A. We remark that wide hyperparameter changes on
the unfolding and HERA classification tasks result in similar performance. Here we just indicate the hyperparameter setup that best
matches OmniLearn. The learning rates in parentheses denote the fixed values used for the later iterations of the unfolding procedure.

Hyperparameter Unfolding (L-GATr) Unfolding (L-GATr-slim) HERA classification Anomaly detection

Architecture 32 scalar ch.
16 multivector ch.

12 blocks
8 heads

64 scalar ch.
32 vector ch.
12 blocks
4 heads

32 scalar ch.
16 multivector ch.

12 blocks
8 heads

32 scalar ch.
16 multivector ch.

12 blocks
8 heads

Parameters 106 7 × 105 106 1.8 × 106

Optimizer Lion [99] Lion [99] Lion [99] AdamW [100]
Learning rate 3 × 10−5ð10−6Þ 2 × 10−6ð10−6Þ 3 × 10−5 5 × 10−4

Weight decay 0.1 0.1 0.2 10−3

Batch size 512 1024 512 1024
Scheduler Cosine Decay Cosine Decay Cosine Decay Cosine Decay
Epochs 20 20 20 60
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build with 32 vector channels, 64 scalar channels, four
attention heads and 12 network blocks, amounting to a total
of 7 × 105 parameters. We observe performance instability
upon changing the network shape or size.
Concerning hyperparameter optimization, the results

from L-GATr-slim are much more predictable under different
training setups. More specifically, changing the scheduler
and weight decay from the OmniLearn reference results in a
clear performance degradation, whereas we observe that the
optimal learning rate is 2 × 10−6. By contrast, we observe a
very weak dependence on the batch size, prompting us to
run all our trainings with a fixed value of 1024.We also find
that performance improves significantly when including
scalar inputs. We run three repeated trainings with the
optimal setup and display the best results on Tables II
and III.

2. Likelihood ratio estimation
for ep collisions

We discuss the scan over the hyperparameters of the L-
GATr model performed for the training setup in Sec. III B.
106 parameters consists of 16 multivector channels, 32
scalar channels, eight attention heads and 12 transformer
blocks. The 2 × 106 parameter network changed the num-
ber of multivector channels to 20, scalar channels to 40,
four attention heads and 15 transformer blocks. All of our
networks are trained for 20 epochs, and no improvement is
observed from increasing the training time to 40 epochs.

We also perform a scan over the following
hyperparameters:

(i) Learning rate: f10−5; 3 × 10−5; 10−4g
(ii) Batch size: 128, 256, 512
(iii) Weight decay: f0; 0.05; 0.2g

We run all of our trainings with the Lion optimizer. We
perform six independent trainings for each hyperparameter,
while keeping the other hyperparameters fixed to the
OmniLearn values, and display the top performer in Table IV.

3. Weakly supervised anomaly detection

The L-GATr network used in Sec. III C consists of 16
multivector channels, 32 scalar channels, eight attention
heads and 12 transformer blocks, amounting to a total of
about 1.8 × 106 parameters. Training a smaller network
with about 1.4 × 105 parameters produces significantly
worse results.
Unlike the rest of our studies, we observe a weak

dependence on the rest of the hyperparameters for this
task, so there is no need to run a scan to maximize
performance. We train the network with the following
values:

(i) Learning rate: 5 × 10−4

(ii) Batch size: 1024
(iii) Weight decay: 10−3

The training lasts for 60 epochs or until the validation loss
fails to decrease for ten epochs, and we use the AdamW
optimizer.
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