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Due to their complex, high-

dimensional nature, jets can be explored holistically by neural networks in ways that are not possible
manually. However, innovations in all areas of jet physics are proceeding in parallel. We show that
specially constructed machine learning models trained for a specific jet classification task can im-

prove the accuracy, precision, or speed of all other jet physics tasks.

This is demonstrated by

training on a particular multiclass classification task and then using the learned representation for
different classification tasks, for datasets with a different (full) detector simulation, for jets from a
different collision system (pp versus ep), for generative models, for likelihood ratio estimation, and
for anomaly detection. Our OMNILEARN approach is thus a foundation model and is made publicly
available for use in any area where state-of-the-art precision is required for analyses involving jets

and their substructure.
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I. INTRODUCTION

The study of high-energy hadronic final states — jet
physics — is seeing a paradigm shift from modern ma-
chine learning (ML). Jets are composed of many parti-
cles, each with properties of their own. This means that
jets are represented in high-dimensional spaces and are
thus difficult to analyze manually. There has been in-
credible progress over the last two decades in classical
jet physics to develop observables and other techniques
using direct physics reasoning [1-8], but the deep learn-
ing revolution of the last few years has shown that au-
tomation and indirect physics reasoning (e.g. through
simulations and general physics considerations) can sig-
nificantly improve performance in many tasks. For ex-
ample, classifying a jet as originating from a top quark
or a generic quark/gluon jet is over 20 times more ef-
fective with the latest deep learning solutions compared
with classical methods [9-11]. Deep learning has also
enabled new studies that were unimaginable before, like
unbinned differential cross sections in tens or hundreds
of dimensions simultaneously [12-21]. However, one fea-
ture these innovations have in common is that they are
all advancing in parallel. Our question is simple: can we
make progress on all jet physics tasks at the same time?

One answer to this question has been inspired by recent
progress in large language modeling (LLMs). Tools like
ChatGPT (https://chat.openai.com) and others [22]
are called foundation models because they are able to
approach many downstream tasks either with little or no
finetuning to the specific problem. They have many mil-
lions (or billions/trillions) parameters and are trained us-
ing many millions (or much more) of examples. Recently,
LLMs have also been adapted for particle physics-specific
queries [23]. Such tools complement our approach: they
target the process of particle physics research while we
focus on processing particle physics data.

Foundation models are usually trained using a form
of self-supervision (e.g. mask data and learn to fill in
the blanks) in order to learn to represent the structure
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of data. This sort of representation learning has been
studied recently in particle physics using a number of
interesting approaches [24-28]. As desired, the learned
representations are also demonstrated to improve down-
stream tasks. However, the way these models are trained
is not aligned with any actual analysis goal (we do not
actually want to fill in blanks). Our intuition is that
foundation models are useful because they increase the
effective size of the training dataset for a downstream
task. The closer the foundation model training is to the
downstream task, the larger the increase in the effective
size for a fixed sample size used to train the foundation
model. A key difference between foundation models in
(particle) physics and foundation models in society at
large is the existence of ab initio simulations. These sim-
ulations provide large datasets that can be used to target
specific tasks. Since we are in a privileged situation in
which machine learning models can be constructed for
dedicated problems, can such a ML model dedicated to a
specific jet physics task act as a foundation model?

The process of (pre)training an ML model for one task
and then applying it elsewhere, usually with some fine-
tuning to the downstream task, is called transfer learning.
This strategy has been shown to be effective in a number
of applications across particle physics [29-32]. In all of
these cases, there was only one downstream task. Fur-
thermore, either the pretraining was very far from the
target task (e.g. pretraining with generic non-physics
images) or very close to the target task (e.g. classify jet
of type A and transfer to type B). These papers were
not trying to build foundation models, but we hypothe-
size that a significantly scaled up version of the transfer
learning task can form the basis for a foundation model
in particle physics. As such, our goal is to see if we can
build a foundation model for jet physics by using a su-
pervised instead of self-supervised learning. Our neural
network will have many millions of parameters and will
be trained on 100 million jets. We will achieve success
if the implicit representation learned by our model im-
proves (in training speed, accuracy, or both) essentially
all downstream tasks in jet physics.

An approach with a similar philosophy to ours is OM-
NIJET-« [33]. The authors of OMNIJET-o use a gen-
erative model trained on a specific jet physics task in
order to build a foundation model. A key difference is
that OMNIJET-« is based on a language model and so jet
constituents are discretized (into ‘tokens’) and the gen-
eration is autoregressive (like generating a sentence from
left to right). On the application side, OMNIJET-«@ was
trained on one generative task and applied on one clas-
sification task using the same dataset, whereas we try
to explore most areas of jet physics across a variety of
datasets with our model.

Our paper is organized as follows. Section II describes
how jets can be represented as point clouds and the neu-
ral network architecture at the center of our foundation
model. Just how OMNIFOLD [12] can unfold all dimen-
sions simultaneously, our approach — called OMNILEARN

— can learn useful representations for all jet physics tasks
simultaneously. This is demonstrated in subsequent sec-
tions by showing that our model can enhance and/or
accelerate tasks other than the one it was trained on
(multi-class jets from fast simulation) to binary classi-
fication on a different dataset (Sec. III), to binary classi-
fication using a full detector simulation (Sec. IV), to jets
originating from a different collision system (Sec. V), to
generative models (Sec. VI), to likelihood ratio estima-
tion (Sec. VII), and to anomaly detection (Sec. VIII).
The paper ends with conclusions and outlook in Sec. IX.

II. POINT CLOUDS FOR JET PHYSICS

The interpretation of jets as point clouds motivated
the development of new neural network architectures
to naturally address the data structure represented by
an unordered set of particles with varying number of
constituents. Successful neural network models using
sets [34, 35], graph neural networks (GNNs) [36-38], and
more recently transformers [39-41], were all able to suc-
cessfully improve upon previous deep learning approaches
in collider physics. The first transformer model in high
energy physics [39] used graph-attention networks [42],
combining the advantages of both GNNs and transform-
ers. The rise in popularity of transformer models is also
attributed to their strong scaling properties [43], making
it the backbone of almost all modern foundational mod-
els and the choice of neural network architecture used to
build OMNILEARN.

For collider physics applications, we expect that in the
presence of large datasets and suitable tasks, a founda-
tional model for jets will be able to leverage the informa-
tion to learn a general representation of jets, thus pro-
viding a stronger inductive bias that will be transferable
to different datasets and tasks. We also notice that the
overwhelming majority of machine learning applications
for jet physics can be summarized as a classification or
generation tasks. These include the applications in jet
tagging and jet generation as well as complex tasks such
as event reweighting, unfolding, and anomaly detection.
Motivated by this observation, we conjecture that a flexi-
ble model, capable of learning both to generate and clas-
sify jets, will also learn a useful and general data repre-
sentation that can be employed to quickly adapt to new
downstream datasets and applications.

While multiple generative models have been proposed
for point cloud generation in particle physics based on
generative adversarial networks [44, 45|, variational au-
toencoders [46], normalizing flows [47, 48], and auto-
regressive transformers [49, 50], we choose to focus on dif-
fusion generative models [51]. Diffusion generative mod-
els use time-dependent perturbations applied to the data
to learn an approximation of the score function, or gra-
dients of the logarithm of the probability density of the
data. This choice also aligns with the classification task.
Since the perturbation process is designed such that no
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FIG. 1. Neural network architecture used to train OMNILEARN. The main neural network blocks of the architecture are shown
in the further left with detailed architecture design shown for each block in the right. See the text for more details.

perturbation is applied at the initial time ¢ = 0, condi-
tioning the model over the time parameter ensures the
network is able to accommodate both perturbed and un-
perturbed data simultaneously. To build OMNILEARN,
we design the architecture with a shared representation
whose outputs are then fed to task-specific neural net-
works. This approach enables flexibility and efficient de-
sign, since downstream task applications only need to
load the shared representation and relevant task-specific
network, reducing the overall model. The main building
blocks of the network are summarized in Fig. 1. In the
following subsections we will provide a detailed descrip-
tion of the model and the core design choices.

A. Point-Edge Transformer

The shared representation of the network takes as in-
puts the particles clustered inside the jets and is condi-
tioned on the diffusion time parameter. The time infor-
mation, following previous diffusion models for collider
physics [20, 52-55], is encoded to a higher dimensional
space using a time embedding layer. The time embedding
consists Fourier features [56] followed by two multi-layer
perceptrons (MLPs) with GELU activation function [57].
Unless otherwise stated, all MLP layers used in this work
are followed by a GELU non-linear activation. Contrary
to previous diffusion models, we modify the time embed-
ding by multiplying the output of the Fourier features
by the time parameter, such that the output of the time
embedding is zero when the input time is also zero. This
choice ensures the time embedding is effectively turned
off when the model is evaluated in classifier mode. The
next step is to combine the time information with the in-
put particle information. Datasets store different levels
of information for each particle. The most basic infor-
mation, described by the kinematic information of each
particle, is always stored. However, additional informa-
tion such as particle identification (PID) and vertex in-
formation for charged particles is only available in spe-

cific datasets, with the latter only provided in the Jet-
Class dataset [41] among benchmark, public jet datasets.
To avoid training multiple models to accommodate each
dataset, and thus defeating the purpose of a generalized
model, we instead adopt a feature drop approach. Dur-
ing training, we consider as inputs both the kinematic
information for each particle and their respective PID?.
With a probability p = 0.2 we drop the PID information
by replacing it with zeros. This approach is similar to
dropout layers [58] that encourage the network to learn
a useful representation both in the presence and absence
of these features. After the feature drop, the inputs are
encoded to a higher dimensional space using a feature
embedding consisting of two MLP layers. The outputs of
the feature embedding are then combined with the time
information though a shift and scaling operation. Before
the transformer block we introduce a positional token to
encode the geometrical information of the neighborhood
surrounding each particle inside the jet. Even though
transformers are capable of learning general correlations
between particles, the addition of local information can
generally improve performance [40], creating a better la-
tent representation that is aware of the distances between
particles. We create the local encoding using dynamic
graph convolution (DGCNNS) layers where the neighbor-
hood is defined using a k-nearest neighbor algorithm with
number of neighbors fixed to 10. The distances are cal-
culated in the pseudorapidity-azimuthal angle space. For
each of the k-neighbors, edge features are defined based
on the particle features concatenated with the subtrac-
tion between the particle features and each of the respec-
tive neighbors. An MLP is used over all edges before
an average pooling operation over the neighbor dimen-

1 The vertex information while present in the JetClass dataset is
not used during training. While that could also be included in
the training methodology, our focus is the application to multiple
datasets without this information, hence for simplicity we skip
these features.



sion. The result of the operation represents the new
particle features. A second DGCNN layer is then cre-
ated with distances calculated based on the Euclidean
distances between particles after the updated features.
This second operation allows the dynamic construction
of edges between particles in a learned geometrical space
that pulls relevant particles closer together and far apart
otherwise. The particle embedding equipped with local
information is then passed through multiple transformer
blocks. The transformer block closely follows the original
proposal [59], combining multi-head attention modules
with additional skip connections. Our main modification
is the addition of LAYERSCALE [60] layers. The LAy-
ERSCALE operation introduces a learnable multiplicative
factor to each skip connection in the transformer block.
Using a small initial value (107> in our implementation),
the operation improves the stability and convergence of
the model by allowing each transformer block to learn
the relevance of each attention block in the transformer
architecture. The outputs of the transformer blocks are
then added to the original particle embedding after the
combination with the local tokens, improving the infor-
mation flow over the entire model. The outputs are then
used as inputs of the task-specific blocks. Since our pro-
posed backbone architecture combines edge creation with
transformer modules we refer to it as Point-Edge Trans-
former (PET), noting that OMNILEARN refers to the join
training strategy, while PET refers to the specific neural
network architecture used to implement OMNILEARN.

B. Classifier Head

The classification task across different jet types is ac-
complished through a dedicated classification head that
takes as inputs the particles after the shared network,
now referred to as the PET body. Additionally, we also
include the overall information from the jet kinematics,
including the jet mass, transverse momentum pr, pseu-
dorapidity 7, and particle multiplicity. Even though the
additional information is partially redundant compared
to the initial particle features, the addition of the jet kine-
matic information helps the model converge faster when
evaluated over datasets covering different fiducial regions
than the ones used during training. The jet information
is embedded in a higher dimensional space using a jet em-
bedding layer that includes two MLP layers of same size
as the current particle embedding dimensionality. This
information is then combined with the outputs of the
PET body through a scaling and shift operations. A
trainable class token [61] is then used to summarize the
information of the particle embeddings before the classi-
fication output. The class token is essentially interpreted
as an additional particle, concatenated to the true parti-
cle inputs. Inside the transformer block, the outputs of
the PET body are not updated but only the class token
is allowed to change at the end of each transformer block.
The output predictions are then determined by passing

the updated class tokens over one last MLP with output
size determined by the number of classes in the dataset.

C. Generator Head

Similarly to the classification head, the generator head
takes as inputs both particle embeddings and jet kine-
matic information. Additionally, we include the time in-
formation and the set of class labels to condition the
generator over the jet types to be simulated. The time
and jet information are embedded in a higher dimensional
space using the same encoding blocks used in the PET
body and classifier head, respectively. This information
is then combined through an addition operation followed
by an MLP. The classification labels are also mapped to
a higher dimensional space using a single MLP. The out-
puts of the MLP are then passed through a layer drop
operation that, similarly to the feature drop, has a prob-
ability p = 0.1 to replace the entire output of the MLP
with zeros. This choice is motivated by two observa-
tions: when the model is used during downstream tasks,
the classes used to condition the PET architecture are
hardly going to be the same as the ones used during train-
ing. Randomly ignoring the class labels encourages the
entire architecture to learn both a general and special-
ized representation, leading to quicker convergence when
adapted to other datasets. Second, this technique is sim-
ilar to classifier-free guidance, observed to improve the
generation quality of diffusion models [62]. The results
of the layer drop operation are then added to the outputs
of the combined jet and time embeddings. The result of
this combination is then used as a diffusion token, where
similarly to the classification token, is tasked to summa-
rize the particle embedding information inside the trans-
former block. However, while the classification token is
interpreted as an additional particle, we interpret the dif-
fusion token as a conditional shift of the particle embed-
dings produced by the PET body. Initially, all particles
are simultaneously shifted by the diffusion token created
from the combined class labels, time, and jet informa-
tion. The diffusion tokens are then updated with every
transformer layer. The diffusion prediction is then the
sum of the original PET body outputs with the learned
diffusion tokens.

D. Loss Function

The loss function of OMNILEARN consists of multiple
terms designed to combine both the classification and
generation tasks. Each of the terms is shown in Equa-
tion 2.

»C = »Cclass + »Cgen + »Cclass smear (1)
= CE(ya ypred) + ||V - Vpred”2 + OKQCE(y, Qpred) . (2)



For input data x, the cross-entropy (CE) loss is cal-
culated using the output of the PET classifier ypr.q and
true class labels y. The PET generator takes as inputs
perturbed data x = «a(t)x + o(t)e with time-dependent
perturbation parameters a(t) and o(¢) and predicts a ve-
locity parameter vppeq that is compared with the true
velocity value v = «a(t)e — o(t)x. Additionally, the per-
turbed inputs can also be interpreted as a form of data
augmentation that can further improve the classifier per-
formance. We evaluate the PET classifier over the per-
turbed inputs to get the predictions fpreq used in the
calculation of the cross entropy loss. A weight of «(t)?
is applied to ensure that at ¢ = 0, where «(0) = 1 and
a(0) = 0, we recover the classifier loss over clean inputs
and at ¢ = 1, where (1) = 0 and o(1) = 1, the com-
pletely corrupted data does not negatively impact the
classification performance.

E. Training Details

We train OMNILEARN using the JetClass dataset [41].
A total of 10 different jet classes are provided, simulated
using MADGRAPH5 aMC@NLO [63] for the matrix el-
ement calculation and PYTHIA [64, 65] to perform the
parton showering and hadronization. Detector effects are
simulated using DELPHES [66—-68] with the CMS detector
configuration. Jets are clustered using the anti-kr algo-
rithm with radius parameter of R = 0.8. [69-71]. Jets
with transverse momentum between 500-1000 GeV and
pseudorapidity |n| < 2.0 are saved. The training dataset
consists of 100M jets, divided equally between each of
the 10 classes. The kinematic information and PID for
each particle is used as input features for the training
and listed in Appendix A.

Up to 150 particles are saved per jet to be used during
training. The training is carried out on the Perlmut-
ter Supercomputer [72] using 128 GPUs simultaneously
with Horovod [73] package for data distributed training.
A local batch size of size 256 is used with model train-
ing up to 200 epochs. OMNILEARN is implemented in
TeENSORFLOW [74] with KERAS [75] backend. The co-
sine learning rate schedule [76] is used with an initial
learning rate of 3 x 10~°, increasing to 3v/128 x 107°
after three epochs and decreasing to 10~% until the end
of the training. The LION optimizer [77] is used with
parameters $; = 0.95 and B2 = 0.99. The fine-tuning of
OMNILEARN across different datasets and tasks is per-
formed by setting the learning rate of the PET body to
be a factor 10 smaller than the learning rate used in the
rest of the PET architecture. The PET body model has
1.3M trainable weights, while the classifier and generator
heads have 268k and 416k trainable parameters, respec-
tively.

In every application, all pre-trained weights are loaded
unless there is a change in input dimensions. This is
only the case for the output layer of the classification
model and the input class labels in the generator model,

where the number of classes used in each downstream
task changes. In these cases, a new layer with correct
input and output sizes replaces the trained weights and
is initialized using random weights. We evaluate OM-
NILEARN across 10 different datasets with results de-
scribed in the following sections.

IIT. GENERALIZATION ACROSS JET TYPES

TABLE I. Comparison between the performance reported for
different classification algorithms on the top tagging dataset.
The uncertainty quoted corresponds to the standard deviation
of five trainings with different random weight initialization. If
the uncertainty is not quoted then the variation is negligible
compared to the expected value. Bold results represent the
algorithm with highest performance.

Acc  AUC 1/eB

es = 0.5 es = 0.3
ResNeXt-50 [37] 0.936 0.9837 302 + 5 1147 + 58
P-CNN [37] 0.930 0.9803 201 £+ 4 759 £ 24
PFEN [34] - 0.9819 247 +£ 3 888 + 17
ParticleNet [37] 0.940 0.9858 397 £ 7 1615 + 93
JEDI-net [36] 0.9300 0.9807 - 774.6
PCT [40] 0.940 0.9855 392 £ 11 1559 + 98
LGN [78] 0.929 0.964 - 435 + 95
rPCN [38] - 0.9845 364 + 9 1642 + 93
LorentzNet [10] 0.942 0.9868 498 + 18 2195 £ 173
PELICAN [79] 0.9425 0.9869 2289 + 204 -
ParT [41] 0.940 0.9858 413 £16 1602 + 81
ParT-f.t. [41] 0.944 0.9877 691 + 15 2766 + 130
PET Classifier 0.938 0.9848 340 &= 12 1318 £ 39
OMNILEARN 0.942 0.9872 568 +9 2647 + 192

TABLE II. Comparison between the performance reported
for different classification algorithms on the quark and gluon
dataset. The uncertainty quoted corresponds to the standard
deviation of nine trainings with different random weight ini-
tialization. If the uncertainty is not quoted then the variation
is negligible compared to the expected value. Bold results rep-
resent the algorithm with highest performance.

Acc  AUC 1/ep

es = 0.5 es = 0.3
P-CNN [37] 0.827 0.9002 34.7 91.0
PFN [34] - 0.9005 34.7+0.4 -
ParticleNet [37] 0.840 0.9116 39.840.2  98.6+1.3
rPCN [38] - 0.9081 38.6 £ 0.5 -
ParT [41] 0.840 0.9121 41.3 £0.3 101.2 £ 1.1
ParT-f.t. [41] 0.843 0.9151 42.4 £+ 0.2 107.9 £+ 0.5
PET classifier 0.837 0.9110 39.92+0.1 1049 £ 1.5
OMNILEARN 0.844 0.9159 43.7+0.3 107.7 £ 1.5

We first evaluate OMNILEARN on two widely-used
benchmark datasets for jet tagging: the top quark tag-
ging [9] and quark/gluon [34] classification. In the
top quark tagging dataset, events are simulated using
PyTHIA 8 and DELPHES with the ATLAS configuration.
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FIG. 2. Validation loss curves obtained in the top quark tagging (left) and quark/ gluon (rights) datasets. The OMNILEARN
validation loss is compared with the PET classifier trained from scratch.

The background consists of dijets produced via QCD and
the signal consists of top quark pair production with all-
hadronic decays. The default energy flow algorithm in
DELPHES is used to create jet constituents, which are
clustered using the anti-kp algorithm with R = 0.8. All
jets in the range 550 GeV < pr < 650 GeV and |n| < 2
are saved. Note that while top quark and QCD cate-
gories are present in the JetClass dataset, the DELPHES
detector configuration and pr ranges are different. The
quark/gluon dataset consists of stable particles clustered
into jets, excluding neutrinos, using the anti-kp algo-
rithm with radius R = 0.4. The quark-initiated sam-
ple (signal) is generated using a Z(vv) + (u,d,s) while
the gluon-initiated data (background) are generated us-
ing Z(vv) +g processes. Both samples are generated us-
ing PYTHIA8 without detector effects. Jets are required
to have transverse momentum pr € [500,550] GeV and
rapidity |y| < 1.7 for the reconstruction. For each dataset
we evaluate the results of adapting OMNILEARN on each
dataset and compare with the training carried out with
the PET classifier architecture from scratch. The results
are compared with other models using the same datasets
in Tables I and II.

In both cases we observe the performance obtained by
OMNILEARN to be significantly better than other mod-
els trained from scratch, while matching and sometimes
surpassing the performance observed by the fine-tuned
version of the state-of-the-art model PartT [41]. In Fig-
ure. 2, we show the loss curve obtained during training
in the validation set. After a single epoch, OMNILEARN
already reaches the performance from the PET classi-
fier with convergence observed after only three epochs
in both datasets, reducing the overall training time by a
factor 3.

IV. GENERALIZATION ACROSS DETECTORS
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FIG. 3. Validation loss curves obtained in the CMS Open
Data quark gluon tagging dataset. The OMNILEARN valida-
tion loss is compared with the PET classifier trained from
scratch.

A more realistic scenario is to consider a complete sim-
ulation of the detector response. In this scenario, the gen-
eralization power from OMNILEARN trained on fast simu-
lations could greatly reduce the need for large simulation
samples with full detector simulation for the training of
particle taggers at the LHC or be quickly deployed using
open data released by the LHC Experiments. We investi-
gate this scenario using the public CMS Open Data [80]
and ATLAS Top tagging dataset [81]. We use the sim-
ulations from the CMS Open Data release for 2011A
run period [82] processed by the MIT Open Data soft-
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TABLE III. Comparison between the performance reported
for different classification algorithms on the CMS Open Data
dataset. Bold results represent the algorithm with highest
performance.

AUC Acc 1/en
es = 0.5 es = 0.8
PET classifier 0.875 0.796 23.91 £ 0.07 4.770 £ 0.001

OMNILEARN 0.877 0.797 24.36 £+ 0.01 4.836 £+ 0.004

TABLE IV. Comparison between the performance reported
for different classification algorithms on the ATLAS top tag-
ging dataset. Bold results represent the algorithm with high-
est performance.

AUC  Acc 1/en

es = 0.5 €5 =0.8
ResNet 50 0.885 0.803 214 5.13
EFN 0.901 0.819 26.6 6.12
hIDNN 0.938 0.863 51.5 10.5
DNN 0.942 0.868 67.7 12.0
PEFN 0.954 0.882 108.0 15.9
ParticleNet 0.961 0.894 153.7 20.4
PET classifier (4M) 0.959 0.890 146.5 194
OMNILEARN (4M) 0.961 0.894 172.1 20.8
PET classifier (40M) 0.964 0.898 201.4 23.6
OMNILEARN (40M) 0.965 0.899 207.30 24.10

ware [83] to select simulated QCD jets in proton-proton
collisions at a center-of-mass energy of /s = 7 TeV pro-
duced with PyTHIA6 [64] and Geant4 [84] for detector
effects. Particle-Flow objects [85] are used to define the
objects that are clustered into jets using the anti-kp al-
gorithm with radius parameter 0.5 with additional re-
quirement to have pr > 375 GeV to achieve high trigger
efficiency. The jet flavor is defined by the hard parton as-
sociated to the jet. We define quark-initiated jets as jets

associated to uds partons and save these jets for the clas-
sification task against gluon-initiated jets. For simplicity,
we fix the number of quark and gluon jets to be the same
and around 20M events in total. We train OMNILEARN
using 70% of the simulated jets and report the results
compared to the PET classifier trained from scratch us-
ing a separate test set consisting of 10% of the events in
Table ITI. We observe the performance achieved by Om-
NILEARN to be better in all metrics compared to a classi-
fier trained from scratch. This observation is encouraging
since OMNILEARN shows that classification performance
can be enhanced even when available datasets are of simi-
lar size as the ones used to train OMNILEARN. Moreover,
OMNILEARN is able to converge 2 times faster and to a
better minimum than training from scratch as shown by
the progression of the validation loss in Figure 3.

Next, we use the data released by the ATLAS Col-
laboration consisting of top quarks and QCD jets sim-
ulated using the ATLAS detector simulation based on
Geant4. Events are generated with PYTHIAS8 using the
NNPDF2.3LO [86] set of parton distribution functions
and the Al4 [87] set of tuned parameters. Pileup effects
are simulated by overlaying inelastic interactions on top
of the underlying hard scattering process based on the
2017 data taking period. Hadronic boosted top quarks
are obtained in simulated events containing the decay of
a heavy Z’' boson with mass of 2 TeV. The cross sec-
tion of this process is reweighted to produce an approxi-
mately flat jet pr distribution to efficiently populate the
full kinematic region. Background QCD jets are obtained
in simulated events containing pairs of light quarks or
gluons. Unified Flow Objects [88] are used to determine
the jet constituents. Jets are clustered using anti-kp al-
gorithm with R=1.0 with additional pileup mitigation al-
gorithms [89-91] applied. The Soft-Drop algorithm [92]
is also applied to remove soft and wide-angle radiation.



We investigate two scenarios. One where we fine-tune
OMNILEARN using all 40M training events available in
the dataset and one where we evaluate the fine-tuning
performance using only 4M events. Results are shown
in Table. IV compared to other architectures trained us-
ing the same dataset and with the PET classifier trained
from scratch.

Once again, OMNILEARN is able to achieve state-of-
the-art performance, surpassing the results reported by
all previous models trained using the same dataset. The
difference between the OMNILEARN and PET classifiers
trained over the entire dataset is less significant since the
40M training events are only a factor 2 smaller than the
entire JetClass dataset. Conversely, OMNILEARN fine-
tuned on 4M events already matches the performance of
all previous models trained from scratch using the entire
dataset, requiring less examples to achieve the same per-
formance. In Figure. 4 we show the validation loss curves
obtained during the training. In both cases, OMNILEARN
already starts from a lower loss and converges quicker to
a lower value than the classifier trained from scratch.

V. GENERALIZATION ACROSS COLLISION
SYSTEMS
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FIG. 5. Validation loss curves obtained in the DIS dataset.
The OMNILEARN validation loss is compared with the PET
classifier trained from scratch.

TABLE V. Comparison between the performance reported for
different classification algorithms on the DIS dataset. Bold
results represent the algorithm with highest performance.

AUC Acc 1/ep
es = 0.1 es = 0.5
PET classifier 0.5691 0.547 17.73£0.04 2.4674-0.002
OMNILEARN  0.5695 0.547 17.78+0.06 2.4704+0.003

We also evaluate the generalization capability of OM-
NILEARN for jets measured in different collision sys-
tems, covering completely different fiducial regions of the
phase space compared to the LHC. We use simulations of
neutral-current deep inelastic scattering (DIS) generated
using the Rapgap 3.1 [93] generator for electron-proton
collisions with electron and proton beam energies of 27.6
GeV and 920 GeV, respectively. The simulations are pro-
vided by the H1 Collaboration using the Heracles rou-
tines [94-96] for QED radiation, CTEQ6L PDF set [97],
and the Lund hadronization model [98]. The detector
simulation is performed using the Geant3 [99] package.
An energy-flow algorithm [100-102] is then used to re-
construct the particles clustered into jets using the kp
algorithm with R=1.0. A second simulation using the
Djangoh 1.4 [103] generator is used during the classifi-
cation. The task is to separate jets between the two
different simulations. Notice that both simulations tar-
get the description of DIS events, hence their differences
are more subtle than the previous classification tasks in-
vestigated thus far. This choice of classification problem
is motivated by previous studies on the unfolding of jet
substructure observables [104]. One of the leading uncer-
tainties, the closure test performed between two different
simulations, is carried out using the same simulation rou-
tines and classification task used in this study, thus any
improvements driven by OMNILEARN could also lead to
better unfolding algorithms to be developed for current
and future unfolding analyses. A total of 2.5M events
are generated for each simulation and used during the
training. The performance obtained is listed in Table V.

We observe the same level of performance between OM-
NILEARN and the PET classifier. Compared to the pre-
vious classification tasks, both accuracy and AUC values
are much lower, evidencing the challenge of distinguish-
ing jets from the two simulations apart. While the fi-
nal performance is the same, we observe a much quicker
convergence from OMNILEARN as shown in the valida-
tion loss curve in Figure 5, resulting in a factor 3.5 faster
training compared to starting from scratch. As described
in [104], the full determination of the uncertainties re-
quire the training of thousands of classifiers, making any
improvements in training speed an important asset for
the applicability of the algorithm. These results also
highlight the capability of OMNILEARN to quickly adapt
to new datasets, providing a strong asset for future ex-
perimental facilities such as the EIC.

VI. CONDITIONAL GENERATION

Next, we evaluate the generation quality obtained by
OMNILEARN using the JetNet [44] datasets consisting of
jets initiated by light-quarks, gluons, top quarks, W and
Z bosons. The jets are generated with transverse mo-
menta pr around 1 TeV and are clustered using the anti-
k; algorithm with a radius parameter of 0.4. Each jet has
a maximum number of particles stored fixed to 30 [105]



0.730

JetNet30 OmniLearn
—— JetNet30

0.728

0.726

e
~
N
i

Validation Loss
IS4
~
N
N

0.720

0.718

0.716

0 5 10 15 20 25 30
Epochs x 10

0.752
------- JetNet150 OmniLearn
—— JetNet150
0.750
2]
8 0.748
—
=
g
¥
o}
=]
E 0.746
0.744

0.742

0 5 10 15 20 25 30
Epochs x 10

FIG. 6. Validation loss curves obtained in the JetNet dataset with 30 particles (left) 150 particles. The OMNILEARN validation

loss is compared with the PET classifier trained from scratch.

or 150 [106]. For each jet, the four-momentum infor-
mation (ijetvnthv Gjet, Mjet) is provided, as well as the
particle multiplicity. We adopt the two-model strategy
presented in [52], training a model that only learns the
kinematic information of the jets and using that infor-
mation as conditional information for the diffusion model
trained using particles as inputs. Note that in this case,
OMNILEARN is used only to learn the particle informa-
tion while the overall jet kinematic information model is
always trained from scratch. The performance of the gen-
eration is evaluated using multiple physics-based metrics
proposed in [44] and listed in Tables VI and VII. We also
provide the results of OMNILEARN and the PET gener-
ator in the ideal case, where the jet information, used to
condition the particle generation model, is taken directly
from the validation set of the JetNet dataset, effectively
separating the impact of the jet generation, that does not
benefit from OMNILEARN, from the particle generation
process.

In all metrics investigated in this study, OMNILEARN
shows similar or improved performance compared to pre-
vious models for both datasets consisting of 30 and 150
particles. We also notice that differences between the
idealized version of OMNILEARN and PET generator are
more significant than at full generation level where the jet
generation quality also affects the overall model perfor-
mance. Additionally, statistical uncertainties determined
from the bootstrapping method are often above the 20%
level for some metrics, requiring access to larger evalua-
tion sample sizes to provide a more precise comparison
between models. In Figure 6 we show the validation loss
curve for the PET generator and OMNILEARN training
in the JetNet dataset. Similarly to previous results, the
OMNILEARN training starts from a lower value of the
loss function and is able to converge quicker, requiring
roughly 20% and 30% fewer training epochs than a model

trained from scratch.

VII. REWEIGHING AND UNFOLDING

Unfolding, or correcting observables for detector ef-
fects, is a fundamental task in collider physics to enable
efficient comparisons between measurements and the-
ory predictions. Traditional unfolding methods use his-
tograms to estimate the unfolded response through a reg-
ularized inversion of the detector response matrix [107—
113]. Machine learning greatly increase the flexibility
and potential of unfolding by allowing the simultane-
ous correction of multiple distributions without the use
of histograms [17]. The OMNIFOLD algorithm [12, 16]
introduced an iterative approach for unfolding based
on reweighting functions. In the first iteration of the
method, a reweighting function that corrects simulations
towards measured data, is determined using a classi-
fier. We examine the potential of OMNILEARN applied
to high-dimensional reweighting and complete unfolding
using all available features and the same dataset intro-
duced in Ref. [12], available on Zenodo [114]. The dataset
consists of proton-proton collisions producing a Z bo-
son, generated at a center-of-mass energy of /s = 14
TeV. A sample used as the ‘data’ representative is sim-
ulated using particle collisions with the default tune of
Herwig 7.1.5 [115-117]. A second dataset, representative
of the ‘simulation’ we want to correct, is simulated using
PYTHIA8 with Tune 26 [118]. Detector distortions are
simulated with DELPHES and the CMS tune that uses
a particle flow reconstruction. Jets are clustered using
all particle flow objects at detector level and all stable
non-neutrino truth particles at particle level. They are
defined by the anti-kr algorithm with radius parameter
R = 0.4 as implemented in FastJet 3.3.2. The Z bosons
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TABLE VI. Comparison of the results obtained between different generative models in the task of particle property generation
in the dataset consisting of 30 particles. Lower is better for all metrics except Cov. FPND metrics are not available for W and
7 bosons, hence omitted.

Jet class Model WM (x1073)[WT (x1073) [WLEFE (x107°)[  FPND  |Covt|MMD
FPCD [52] 0.36 = 0.08 |{0.34 £ 0.09| 0.47 £ 0.13 0.07 0.55 | 0.03
Gluon FPCD 1 [52] 0.65 £ 0.11 [{0.34 = 0.06| 0.60 £ 0.09 0.11 0.55 | 0.03
MP-GAN [44] 0.69 + 0.07 1.8 £ 0.2 0.9 £ 0.6 0.20 0.54 | 0.037

EPIC-GAN [45] 0.3 £ 0.1 1.6 £0.2 0.4 +0.2 1.01 £ 0.07 | - -
PET generator 0.42 £ 0.10 [0.36 + 0.08| 0.35 + 0.08 0.04 0.55 | 0.03
PET generator (Ideal)| 0.36 &+ 0.08 |0.34 + 0.09| 0.47 + 0.13 0.07 0.55 | 0.03
OMNILEARN 0.38 + 0.08 {0.33 £ 0.07| 0.33 £+ 0.09 0.02 0.55 | 0.03
OMNILEARN (Ideal) | 0.33 + 0.06 |0.29 + 0.08| 0.30 + 0.07 0.02 0.55 | 0.03
FPCD [52] 0.52 + 0.07 [0.27 £+ 0.06| 0.38 + 0.11 0.08 0.49 | 0.02
Light Quark FPCD 1 [52] 0.59 + 0.08 | 0.36 £ 0.08 | 0.50 + 0.08 0.09 0.48 | 0.02
MP-GAN [44] 0.6 + 0.2 49+ 0.5 0.7+ 04 0.35 0.50 | 0.026

EPIC-GAN [45] 0.5 £0.1 4.0+ 04 0.8 £04 043 £0.03 | - -
PET generator 0.39 £0.12 | 0.35 £ 0.06 | 0.24 £ 0.10 0.03 0.54| 0.02
PET generator (Ideal)| 0.31 4+ 0.08 | 0.38 £ 0.10 | 0.23 + 0.07 0.03 0.53 | 0.02
OMNILEARN 0.24 + 0.03 |0.32 + 0.07| 0.24 £ 0.08 0.02 0.54| 0.02
OMNILEARN (Ideal) 0.31 £ 0.08 [0.30 = 0.09| 0.26 £ 0.08 0.01 0.54| 0.02
FPCD [52] 0.51 £ 0.07 | 0.41 £ 0.12 1.25 £ 0.19 0.17 0.58 | 0.05
Top Quark FPCD 1 [52] 1.22 +0.09 | 0.46 £ 0.10| 2.66 £+ 0.26 0.56 0.57 | 0.05
MP-GAN [44] 0.6 £0.2 2.3 £0.3 2+1 0.37 0.57 | 0.071

EP1C-GAN [45] 0.5 + 0.1 2.14+0.1 1.7+ 0.3 0.31 £ 0.037| - -
PET generator 0.44 £ 0.03 [0.29 = 0.07| 1.09 £ 0.23 0.07 0.58 | 0.05
PET generator (Ideal)| 0.41 + 0.07 [0.34 £+ 0.08| 1.22 + 0.23 0.07 0.58 | 0.05
OMNILEARN 0.43 +0.06 |0.30 + 0.07| 1.31 +0.18 0.04 0.58 | 0.05
OMNILEARN (Ideal) | 0.36 £ 0.05 | 0.41 £ 0.08 | 1.02 £+ 0.20 0.03 0.58 | 0.05
FPCD [52] 0.26 £ 0.03 | 0.39 £ 0.08 | 0.15 £ 0.02 - 0.56 | 0.02
W Boson FPCD 1 [52] 0.94 £ 0.06 | 0.42 £+ 0.09 0.35 £ 0.03 - 0.56 | 0.02
PET generator 0.17 £+ 0.04 |{0.26 £+ 0.05| 0.11 £ 0.02 - 0.56 | 0.02
PET generator (Ideal)| 0.15 + 0.02 [0.31 + 0.07| 0.12 + 0.03 - 0.57| 0.02
OMNILEARN 0.19 £+ 0.03 |{0.27 £ 0.07| 0.10 £ 0.02 - 0.57| 0.02
OMNILEARN (Ideal) | 0.16 + 0.06 |0.28 + 0.04| 0.10 + 0.02 - 0.57| 0.02
FPCD [52] 0.21 + 0.04 | 0.40 £ 0.13 | 0.18 £ 0.03 - 0.56 | 0.02
Z Boson FPCD 1 [52] 0.99 +£0.05 | 0.35 £ 0.06 | 0.49 + 0.03 - 0.56 | 0.02
PET generator 0.22 £+ 0.04 {0.32 £ 0.07| 0.20 £ 0.04 - 0.57| 0.02
PET generator (Ideal)| 0.18 + 0.10 [0.30 &+ 0.08| 0.14 + 0.02 - 0.56 | 0.02
OMNILEARN 0.19 + 0.07 |0.32 + 0.09| 0.12 £ 0.03 - 0.57| 0.02
OMNILEARN (Ideal) | 0.22 + 0.05 |0.27 + 0.06| 0.13 + 0.02 - 0.57| 0.02

are required to have pr > 200 GeV in order to mitigate
acceptance effects. While all clustered particles are used
during the training, we report the performance obtained
by different algorithms using the same set of observables
reported in the original OMNIFOLD publication.

First, we investigate the capability of OMNILEARN to
determine the full phase space reweighting function by
fine-tuning the classifier. We also compare with the
results obtained from a classifier trained from scratch
(PET classifier). The results of the reweighted distri-
butions at reconstruction level are shown in Figure 7.
From a visual inspection we see that both OMNILEARN
and the PET classifier are able to correctly reweight
the distributions of all high-level observables we inves-
tigated, however OMNILEARN shows a better agreement
with the ‘data’. We quantify the improvement brought
by OMNILEARN by calculating the triangular discrimi-
nator [119-121] for each observable with results reported
in Table VIII. In all cases, the values obtained by OMm-

NILEARN are significantly better than the baseline train-
ing.

In Figure 8, we show the validation loss curve obtained
during the reweighting training for both OMNILEARN
and PET classifier. Similarly to previous classifier re-
sults, OMNILEARN starts from a lower validation and
and converges faster to a lower minimum compared to
a classifier trained from scratch.

Next, we investigate the impact of using OMNILEARN
during the entire unfolding process. We follow the OMNI-
FoLD methodology training the model for five iterations,
similarly to the original OMNIFOLD publication. In the
first iteration, we either start from a model trained from
scratch, in the case of the PET classifier baseline, or use
OMNILEARN as the starting point. Each following itera-
tion starts from the trained model of the previous itera-
tion. The results of the unfolded distributions are shown
in Figure 9 with numerical comparison of the triangular
discriminator shown in Table IX. Results are compared
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TABLE VII. Comparison of the results obtained between different generative models in the task of particle property generation
in the dataset consisting of 150 particles. Baseline FPCD [52] uses 512 time steps during sampling. Distilled models are listed
alongside number of time steps used. Lower is better for all metrics except Cov.

Jet class Model WM (x107%)[ WT (x1073) [WEEFT (%x107°)[Covt|MMD

FPCD [52] 0.44 £ 0.11 |0.28 + 0.05 091 £0.16 |0.56| 0.03

Gluon FPCD 1 [52] 0.65 £ 0.12 | 0.58 = 0.03 1.49 £+ 0.34 0.55 | 0.03
EP1C-GAN [45] 04+0.1 3.2£02 1.1 +£ 0.7 - -

PET generator 0.32 £ 0.09 | 0.34 £ 0.07 1.19 £ 0.26 |0.56| 0.02

PET generator (Ideal)| 0.32 + 0.18 | 0.29 + 0.07 0.95 £ 041 |0.56| 0.02

OMNILEARN 0.47 £ 0.18 | 0.31 £ 0.11 1.05 £0.23 |0.56| 0.02

OMNILEARN (Ideal) | 0.32 £ 0.09 | 0.22 £ 0.06 | 0.65 + 0.20 | 0.55 | 0.02

FPCD [52] 0.46 £ 0.05 |0.24 £ 0.02 | 0.43 £+ 0.09 | 0.54 | 0.02

Light Quark FPCD 1 [52] 0.39 £ 0.04 | 0.61 £ 0.03 0.57 £ 0.10 |0.54| 0.02
EPIC-GAN [45] 0.4 £ 0.1 3.9=£0.3 0.7+ 0.4 - -

PET generator 0.41 £+ 0.04 | 0.34 £ 0.08 0.74 £0.18 |0.55| 0.02

PET generator (Ideal)| 0.34 + 0.09| 0.34 4+ 0.12 0.50 = 0.17 |0.55| 0.02

OMNILEARN 0.46 £0.13 | 0.39 £0.11 0.54 £ 0.14 0.53 | 0.02

OMNILEARN (Ideal) | 0.34 + 0.15 | 0.41 £ 0.11 0.41 £+ 0.12 | 0.54 | 0.02

FPCD [52] 0.40 £ 0.07 |0.30 + 0.03 | 2.23 £0.16 [0.58| 0.05

Top Quark FPCD 1 [52] 0.85 £ 0.09 | 0.87 £ 0.03 3.82+ 024 |0.58] 0.05
EPIC-GAN [45] 0.6 + 0.1 3.7+ 0.3 2.8 + 0.7 - -

PET generator 0.40 + 0.08 |0.28 + 0.08 1.81 £+ 0.33 0.57 | 0.04

PET generator (Ideal)| 0.29 £+ 0.07 | 0.36 + 0.05 | 1.27 + 0.30 |0.57 | 0.04

OMNILEARN 0.38 £ 0.05 |0.30 £ 0.07 | 1.84 £0.30 |0.57| 0.04

OMNILEARN (Ideal) | 0.30 +£ 0.07 | 0.28 + 0.07 | 1.16 + 0.39 | 0.57 | 0.04

FPCD [52] 0.29 £ 0.02 | 0.23 + 0.02] 0.22 £ 0.04 0.55 | 0.02

W Boson FPCD 1 [52] 0.93 £0.04 | 0.67 £ 0.01 0.37 £0.03 |0.56| 0.02

PET generator 0.15 £ 0.02 | 0.27 £ 0.07 0.12 + 0.03 | 0.55 | 0.02

PET generator (Ideal)| 0.12 + 0.03 | 0.24 + 0.06 | 0.13 + 0.03 | 0.55 | 0.02

OMNILEARN 0.18 £ 0.01 0.27 £ 0.05 0.14 + 0.04 |0.56| 0.02

OMNILEARN (Ideal) | 0.13 £+ 0.04 | 0.26 + 0.04 | 0.11 £+ 0.03 | 0.55 | 0.02

FPCD [52] 0.28 £ 0.05 |0.22 £ 0.03| 0.23 £0.03 |0.55| 0.02

7 Boson FPCD 1 [52] 1.04 £0.08 | 0.69 £ 0.02 0.62 £ 0.06 |0.57| 0.02

PET generator 0.24 £ 0.06 | 0.35 £ 0.06 0.20 £+ 0.04 0.55 | 0.02

PET generator (Ideal)| 0.13 + 0.02 | 0.22 + 0.06 | 0.16 + 0.04 | 0.55 | 0.02

OMNILEARN 0.19 £0.05 | 0.38 £0.11 0.19 £ 0.03 | 0.56 | 0.02

OMNILEARN (Ideal) | 0.12 £+ 0.03 | 0.28 + 0.09 | 0.14 + 0.04 | 0.55 | 0.02

TABLE VIII. Comparison of the triangular discriminator be-
tween different algorithms for reweighting. Uncertainties from
PET and OMNILEARN are taken from 100 histogram vari-
ations within the statistical uncertainty of the prediction.
Quantities in bold represent the method with best perfor-
mance.

PET classifier OMNILEARN

Jet mass 0.13+£0.03  0.0274+0.008
N 0.1340.03 0.054+0.02
Jet Width  0.09+£0.02 0.02+0.01
log p 0.08+0.02 0.03+0.01
T21 0.08+0.03 0.024+0.01
Zg 0.04+0.01 0.001+0.004

with the values reported in the original OMNIFOLD pub-
lication, where particle-level unfolding was accomplished
using a DEEPSETS architecture [122].

Once again OMNILEARN shows an improvement in per-
formance compared to other methods and same classifier
architecture trained from scratch. These results are en-
couraging since data availability is strictly limited at col-

lider experiments, presenting a limiting factor to the ap-
plicability of OMNIFOLD. However, using OMNILEARN
as the starting point, we can mitigate this issue to achieve
better performance.

VIII. WEAK SUPERVISION AND RESONANT

ANOMALY DETECTION

The search for new particle interactions is a challenging
task at collider experiments. Expected to be rare, signs
for new physics might be subtle, affecting only very spe-
cific observables. While traditional approaches rely on
theory predictions to narrow down possible new physics
scenarios, the current lack of new physics discoveries at
the LHC motivates new strategies to search for new phe-
nomena. Anomaly detection brings a change in this
paradigm [123-125]. Unexpected data structures can be
automatically identified by algorithms as possible hints
for new physics. One well-studied approach designed
for resonant anomaly detection is based on Classification
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FIG. 7. Reweighted distributions for six different physics observables obtained from the OMNILEARN and PET classifier.

TABLE IX. Comparison of the triangular discriminator between different algorithms for unfolding. Uncertainties from PET
and OMNILEARN are taken from 100 histogram variations within the statistical uncertainty of the prediction. Quantities in

bold represent the method with best performance.

Metric MurriFoLp UniForp IBU OwmnNiFoLD

DeepSets PET classifier OMNILEARN
Jet mass 3.80 8.82 9.31 2.77 2.8+0.9 2.6+0.8
N 0.89 1.46 1.51 0.33 0.50+0.15 0.34+0.1
Jet Width 0.09 0.15 0.11 0.10 0.09+0.02 0.074+0.01
log p 0.37 0.59 0.71 0.35 0.23+0.07 0.144+0.03
T21 0.26 1.11 1.10 0.53 0.13+0.03 0.05+0.01
Zg 0.15 0.59 0.37  0.68 0.1940.03 0.214+0.04

Without Labels (CWoLa) framework [126-128], where
weakly-supervised learning enables training directly on
(unlabeled) data. In the CWoLa approach, samples with
mixed fractions of a possible signal and background are
used to train a classifier whose goal is to identify the
origin of the sample. In the best case, we can imag-
ine a sample consisting of only the background process,
possibly as part of a background simulation or derived
from a control region, that is then used to train the clas-
sifier against data possibly containing new particle in-
teractions in addition to the background process. We
examine the benefits of using OMNILEARN during the
classification process and evaluate the performance us-
ing the R&D dataset from the LHC Olympics data chal-
lenge [123, 129]. The background consists of dijet final
states from QCD production while the signal is a resonant

boson production A — B(— ¢¢')C(— qq’) with masses
my,mp,mc = 3.5, 0.5, 0.1 TeV, respectively. Signal
and background vents are generated with PYTHIAS inter-
faced with DELPHES3.4.1 for detector simulation. Jets
are defined using the anti-k7 algorithm as implemented
in FASTJET with R = 1. We focus on the two leading
jets in transverse momentum space and require the lead-
ing jet to have pt > 1.2 TeV. After selection, we save all
particles associated to the two most energetic jets, result-
ing in a maximum particle multiplicity of 279 particles
per jet.

During weakly-supervised training, we follow previous
studies [53, 130-142] and define the signal region of in-
terest for events with dijet mass 3300 GeV < m;; <
3700 GeV. In the region of interest, we call ‘data’ the
combination of 100k background events with varying



OmniFold Z+Jets OmniLearn

0.690 OmniFold Z+]Jets

0.685

0.680

Validation Loss
g g g
[=2} (=)} (=)}
(=} ~ ~
(2} (=} (2}

0.660
0.655
0.650
0 5 10 15 20
Epochs

FIG. 8. Validation loss curves obtained in the first iteration
and first step of the OMNIFOLD dataset. The OMNILEARN
validation loss is compared with the PET classifier trained
from scratch.

amounts of signal events. The background-only distri-
bution consists of 350k independently simulated back-
ground events. Differently to previous applications of
OMNILEARN described in this paper, here, we need to
include the information of both jets in the classifier. We
modify the PET classifier to accommodate the changes in
the dataset while also preserving the permutation equiv-
ariance of the complete network. This is achieved by first
passing the particles present in each jet through the PET
body independently, such that particles belonging to dif-
ferent jets do not interact with each other. The outputs
of the PET body are then shifted and scaled by the out-
puts of the jet embedding block that takes as input the
kinematic information of each jet. This strategy allows
us to maintain the permutation equivariance of the model
while giving jet specific information to each particle. The
shifted and scaled particles are then passed to the clas-
sifier head, reshaped as if all particles belonged to the
same jet. Since the shift and scaling operations are jet-
dependent, the reshaping operation allows all particles
to be conditionally mapped to the same space without
loss of information. The classifier head is unchanged,
with a class token used to summarize the information of
all particles before the classification output. We use the
output of the classifier as the anomaly score to determine
the sensitivity to this specific new physics scenario. We
quantify the performance based on the maximum value of
the significance improvement characteristic curve (SIC)
defined as the signal efficiency divided by the square root
of the background efficiency versus the signal efficiency.
The SIC represents a multiplicative factor by which the
initial significance of a signal present in the data would
increase when a particular threshold of the classifier out-
put is chosen. Maximum SIC values above unity indi-
cate value added. We show the results in Figure 10 and
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compare the results obtained by OMNILEARN and PET
classifier with the results reported in [53]. Since the ref-
erence background process is statistically identical to the
background presented in the ‘data’ construction, we call
this scenario idealized?.

OMNILEARN shows non-negligible signal sensitivity for
signals injections above 600, corresponding to an initial
significance S/ VB ~ 2, representing a large increase in
sensitivity compared to previous results where signal sen-
sitivity was only achieved for signal injections above 1500
(S/v/B ~ 5). Compared to previous results, we also ob-
serve the performance of PET classifier to be similar at
lower signal injections to the results reported in [53] and
performing worse at higher signal injections. The reason
for this difference is due to the limited amount of data
in the signal region (around 100k). Even with the larger
generated background of 350k events, the dataset size of
this application is at least 2 times smaller than all previ-
ous datasets investigated so far. In the low data regimes,
data efficient models are often observed to perform bet-
ter than large transformer models, a limitation that is
mitigated by OMNILEARN.

In general, a pure background process in the region
of interest is often not readily available, requiring alter-
native strategies to produce a background-only descrip-
tion. In the resonant case, a natural strategy is to use
sidebands around the region of interest to determine the
properties of the background process. As in a number
of previous weakly supervised studies [53, 131, 132, 135
140, 142, 143], a generative model conditioned on the
resonant variable and trained only in the sidebands can
be used to interpolate the background description in the
region of interest. We use this strategy to train Owm-
NILEARN in the sidebands using the dijet mass value as
a conditional variable replacing the class labels as inputs
to the PET generator head. After training of the gener-
ative model, predicted background events in the region
of interest are created by generating 350k background
events. The same classifier used in the weakly supervi-
sion case is used to separate events from the generated
background and ‘data’, created using true background
events and different amounts of signal injected. Even
though the training of the generative model is carried
out using all clustered particles, we require particles in
the generated and data samples to have pyr > 1 GeV,
to reduce the impact of low energy particles driving the
classifier performance. Results are shown in Figure 11
with idealized results also included for completion.

Similarly to the idealized scenario, OMNILEARN in-
creases the reach in signal sensitivity to signal injections
above 700 (S/vB ~ 2.2) and greatly improving upon
previous results. While the CATHODE method, using 6

2 The authors of Ref. [140] show that it is possible to achieve even
better performance if the functional form is known - it would be
interesting to see such a strategy combined with OMNILEARN in
the future.
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FIG. 9. Unfolded distributions for six different physics observables obtained from the OMNILEARN and PET classifier.
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FIG. 10. Maximum values of the SIC curve evaluated over
different values of injected signal. OMNILEARN and PET
classifier results are compared with other algorithms used for
the same task.

high level observables [132], is still more sensitive to the
specific new physics scenario at lower signal injection val-
ues, we expect the use of all particles enhanced by the
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FIG. 11. Maximum values of the SIC curve evaluated over
different values of injected signal. OMNILEARN and PET
classifier results are compared with other algorithms used for
the same task.

OMNILEARN model to attain sensitivity to a more gen-
eral class of possible new physics scenarios, that would
otherwise not be identified by the specific set of high level



observables chosen. This application highlights the po-
tential of OMNILEARN for anomaly detection, where the
data used to train the generative model and classifiers
is limited by the experimental setup and thus cannot be
increased arbitrarily.

Finally, we also investigate the changes in validation
loss as the training of the generative model progresses.
The results are shown in Figure 12.
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FIG. 12. Validation loss curves obtained in the LHCO

dataset. The OMNILEARN validation loss is compared with
the PET generator trained from scratch.

Not only do we observe OMNILEARN starting from a
considerably lower loss, but OMNILEARN also reaches an
overall lower validation loss and matches the minimum
validation loss from the PET generator in half the num-
ber of epochs. Reducing the training time for the gen-
erator is important for realistic applications at the LHC,
where a scan using multiple signal windows is necessary
to cover the entire dijet mass spectrum, requiring the
training of several generative models for each signal re-
gion of interest.

IX. CONCLUSION AND OUTLOOK

In this paper, we have introduced a foundation model
for jet physics called OMNILEARN. This machine learn-
ing approach is a neural network capable of advancing a
wide variety of research areas within jet physics. We
have shown that even though this model was trained
on one specific dataset, it accelerates and/or improves
the accuracy of other classification tasks and generation
quality evaluated over nine additional datasets across
initial states, final states, and simulation levels as well
as of tasks in jet generation, reweighting/unfolding, and
anomaly detection. While our neural network has mil-
lions of trainable parameters, it is much smaller than
many other foundation models (i.e. it is not ‘large’ in
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the sense of an LLM). We view this as a strength for us-
ability and we hypothesize that this is possible because
our model had a training task close to the application
tasks.

In all tasks, OMNILEARN is nearly always as good or
(much) better than previous dedicated models. This is
potentially transformative in a number of applications
and we highlight three to illustrate the immense potential
of this new approach:

1. For tasks with expensive simulations, we have
shown that OMNILEARN can effectively amplify
the training statistics to improve the performance.
For example, on a full detector simulation dataset
for top tagging from ATLAS [81], we show that
we can achieve (or exceed) state-of-the-art perfor-
mance with only 10% of the training dataset. This
could lead to significant computational savings for
the experiments when developing new taggers.

2. For full phase space unfolding, OMNILEARN is not
only more precise, but also much faster - converg-
ing in about half the time as a dedicated approach.
This is critical for practical applications of unfold-
ing, where ensembling and statistical uncertainties
require the training of a computationally expensive
number of models [104, 144-148].

3. For anomaly detection, we have shown for the
first time that full phase space methods are capa-
ble of non-trivial discoveries. Previous work in res-
onant anomaly detection [53] had shown that full
phase-space methods could significantly amplify in-
jected signals, but only if their starting significance
was well above 2. With OMNILEARN, this is pushed
down to 2.

Our methodology and trained model are publicly avail-
able. While we have focused on jet physics, it would be
exciting to see OMNILEARN applied in other, related ar-
eas with similar challenges and thus also similar potential
rewards.

CODE AVAILABILITY

The code for this paper can be found at https://
github.com/ViniciusMikuni/OmniLearn.
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Appendix A: Input Variables

The input features used to train OMNILEARN are de-
scribed in Table X.
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TABLE X. Input features used during the OMNILEARN train-
ing. Binary flags consisting of charge and PID information are
included in the ‘is *’ observables.

Object Observables

_ _pbT
1°g(1 pTuet))
E

~ E(et)

Particles AR
charge
is electron
is muon
is photon
is charged hadron
is neutral hadron
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particle multiplicity
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