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This study aims to improve the performance of event classification in collider physics by intro-
ducing a foundation model based on deep learning. Event classification is a typical problem in
collider physics, where the goal is to distinguish the signal events from the background events as
much as possible in order to search for new phenomena in nature. A foundation model refers to a
pre-trained model, which is usually trained on a large amount of unlabelled data, and then trans-
ferred to downstream tasks and fine-tuned. In applying this foundation model concept to collider
physics, the following novelties are introduced in this study. First, the real particle collision data
collected by the CMS experiment are used to train the foundation model. A self-supervised learn-
ing technique is introduced to process this unlabelled data. Second, data augmentation techniques
based on physics knowledge are applied during the training process of the foundation model. This
paper describes details of the self-supervised learning and data augmentation techniques used in
this study, and shows the performance improvement in event classification by introducing this

foundation model.
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1. Introduction

In collider physics, a significant number of events are produced from particle collisions using
high-energy accelerators such as the Large Hadron Collider (LHC) [1]. Event classification is a
typical problem in collider physics, where the goal is to distinguish the signal events from the
background events as much as possible in order to search for new phenomena in nature. Although
Deep Learning (DL) can provide significant discrimination power in this event classification by
exploiting its large parameter space, a large amount of data is necessary to maximize its performance.
The training data are typically generated using Monte Carlo (MC) simulations based on theoretical
models of signal and background processes, as well as detailed detector geometries. Because there
are many data analyses that target various signal events, such as Higgs boson measurements and new
particle searches [2], generating sufficient training data using MC simulations is computationally
expensive. To address this problem, we propose the use of a foundation model that enables an
efficient training for the target event classification even with a small amount of data.

A foundation model refers to a pre-trained model, which is actively discussed in other fields
such as natural language processing [3]. A foundation model is usually trained on a large amount
of unlabelled data, and then transferred to downstream tasks and fine-tuned. It can be assumed
that the downstream tasks will achieve an efficient training even with a small amount of data if
common features are involved. By applying this foundation model concept to the event classification
problem, we can reduce the computational cost associated with generating the training data using MC
simulation. We have developed a self-supervised learning approach using real particle collision data
and data augmentation techniques to build a foundation model for event classification. This paper
describes the details of the self-supervised learning and data augmentation techniques employed
in constructing the foundation model and demonstrates their effectiveness in improving event
classification performance. The remainder of this paper is organized as follows: Section 2 describes
the related work, including the novelties of this study. Section 3 summarizes the datasets used in
the study. Section 4 provides details of the DL model. Section 5 presents the proposed pre-training
strategy and the experimental results. Finally, Section 6 summarizes the findings of the study.

2. Related work

DL has been successfully adapted to event classification in collider physics, and has outper-
formed traditional machine learning methods, such as Boosted Decision Tree [4]. A previous study
has also reported that DL models can provide discriminative power for different signal events by
applying the transfer learning technique [5]. This study on the transferability of DL models has
indicated that the effectiveness of transfer learning strongly depends on the similarity between the
source and target event types. For example, transfer learning between different Higgs-related events
results in significant performance gains, while transfer learning from Higgs events to searches for
new particles shows limited effectiveness. These findings lead to the need for a well-generalized
foundation model that can be applied to many types of events. The following novel contributions
are made in this study to build such a foundation model:

(1) The real particle collision data collected by the CMS experiments [6] are used to train the
foundation model. The advantages of using real data are as follows: First, there is no need



A study of foundation models for event classification in collider physics Tomoe Kishimoto

to generate a large amount of training data using MC simulations, which saves computing
resources. Second, the potential bias introduced by the arbitrary selection of physics process
for MC simulation is mitigated. It can be assumed that the foundation model is optimized for
the selected physics event if the MC simulation data are used. This bias is mitigated by using
the real data because many physics events are included in the real data. This will ensure the
transferability of foundation models for many data analyses.

(2) Data augmentation techniques based on physics knowledge are applied during the training of
foundation models. Data augmentation is a well-established method for expanding datasets
in the image processing field [7]. Data augmentation plays an important role because the
amount of data needs to be increased as much as possible to build a robust foundation model.
The Lorentz transformations are applied to the events based on our physics knowledge to
enhance data variations.

In a previous paper, we reported a preliminary study based on the first novelty, which is the use of
real data [8]. In this preliminary study, only one type of event classification was evaluated because
we focused on the proof-of-concept validation of pre-training strategy. In this updated study, we
have extended the evaluation to four different event classification tasks, as described in the next
section, to discuss the generalization capability of the foundation model. In addition, we have
updated the training strategy of the foundation model as discussed in Section 5.

3. Datasets

There are two phases of training in this study: pre-training and event classification. In the
pre-training phase, a foundation model is trained using the real data, as described earlier. This
foundation model is then transferred to the event classification phase, where the model is fine-tuned
using MC simulation data corresponding to the target physics processes. Both the pre-training and
event classification phases utilize the CMS Open Data, which consists of proton-proton collision
events collected at a center of mass energy v/s= 13 TeV in 2016, along with the corresponding MC
simulation samples. Table 1 summarizes the datasets and event selection criteria used in this study,
where nP¢l denotes the number of reconstructed particles (hereafter referred to as objects) in each
event. Four types of signal sample are selected for the event classification phase. The background
sample for all event classification tasks is the z7+jets [9] process. The number of events allocated
for training, validation, and testing for each dataset is 1.0 X 10°, 1.0 x 10°, and 1.0 x 10° events,
respectively.

In this study, the input objects consist of lepton (electron and muon), T lepton, light-jet, b-jet,
and missing Et (hereafter MET). The four-momenta (E, 1, ¢, mass), charge, and object type for
each object are used as input variables. The ¢ is converted to (sin ¢, cos ¢) to handle the periodicity
correctly. The object type is represented in a one-hot vector format: lepton, 7, light-jet, b-jet, or
MET. Log transformation is applied to £ and mass to fit the values within a reasonable range.

4. Deep learning model

Figure 1 shows an overview of the input data structure and the proposed DL model. The input
data are prepared in a two-dimensional format of size n X m, where n is the number of objects and
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Table 1: Summary of datasets.

Phase Data samples Event selections
Pre-training Collision data [10, 11] (RIPON > 1) 4+ (it > 2) 4+ (Pt > 1)
(1) H*tb [12] (n'°PO" > 1) 4+ (Wi > 4) + (nPet > 1)
Event () H*HW [13] (PO > 1) 4+ (nT > 1) + (W > 3) + (n%et > 1)
Classification (3) 1tH [14] (RPN > 1) 4+ (i > 4) + (Pt > 2)
(4) 1tH [14] (PO > 2) 4 (it > 2) + (nPet > 1)

m is the number of feature variables. For each event, the top four leptons, 7 leptons, and b-jets are
selected in order of pt. The top eight light-jets are also selected in order of pr, as light-jets are
typically observed more frequently than the other object types. MET is treated as a single object,
and thus the number of MET objects is always one. Zero-padding is applied to obtain a fixed length
of input data when the number of objects for a given object type is less than the maximum. The
feature variables for each object are (E, 7, sin ¢, cos ¢, mass, charge, and one-hot vector for five
object types). As a result, the number of objects (n) and the number of feature variables (m) are 21
and 11, respectively.
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Figure 1: Overview of proposed DL model

The model consists of three modules: embedding, feature, and classifier modules. In the
embedding module, the input feature variables for each object are embedded through a fully
connected (linear) layer, and the outputs are then fed to the feature module. The transformer
encoder layer [15] is employed in the feature module to exchange information among the objects.
The zero-padded objects are masked in the transformer encoders. The feature module outputs
are equivariant to permutations of the input object order, which is important since each event is
represented as an unordered set of objects. The classifier module consists of a linear layer that
outputs predictions depending on the training phase: pre-training or event classification. The total
number of trainable parameters in the model is approximately 11 M.
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5. Experiments

The code for this experiment was implemented using PyTorch [16]. The training settings were
the same for both the pre-training and event classification phases. The cross-entropy loss function
was used as the loss function. The SGD algorithm [17] was used as an optimizer, and the learning
rate was decreased from 0.01 to 0.0001 by the cosine annealing algorithm [18]. The batch size was
set to 512. The training was performed up to 500 epochs for pre-training and 100 epochs for event
classification. The best epoch for the validation data was used as the final model parameters.

As described above, pre-training is performed using the real data. A self-supervised learning
technique is employed to handle this unlabelled data. In this study, one object in each event is
randomly replaced with another object of the same type from a different event during mini-batch
preparation. The DL is then trained to predict the type of object that was replaced. Figure 2 illustrates
an example of this object replacement procedure, where a lepton is replaced for prediction. The
total number of label classes is six, including the case where no replacement is applied. In our
previous study [8], the object types were randomly masked, and the DL model was trained to predict
the masked object types using a multi-label classification approach. However, this method was not
effective for handling leptons and MET since their types could be easily predicted from their mass
information. In contrast, the new replacement-based approach achieves more robust training by
requiring the DL model to learn the relationships among objects within the event.

Original event Modified event

~
N
N
~
~
N

Object replacement
meT & OPlectrep

Figure 2: Illustration of the object replacement procedure used for self-supervised learning.

A data augmentation technique based on Lorentz transformations is applied during pre-training
to enhance data variations. The DL model is expected to maintain consistent label predictions even
after the Lorentz transformations are applied since the physics processes are invariant under the
transformations. The following three types of Lorentz transformations are randomly applied to the
events in this study:

(1) Azimuthal rotation around the beam axis,
(2) Inversion of the beam-axis direction,

(3) Lorentz boost along the beam axis with § values ranging from 0 to 0.3.

Figure 3 shows the loss values during pre-training with and without data augmentation. By
comparing the loss values of the training and validation datasets, it can be confirmed that data aug-
mentation helps suppress overfitting when the number of available events is limited (Figure 3 (a)).
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On the other hand, the effect of data augmentation becomes negligible when sufficient data are
available (Figure 3 (b)).
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Figure 3: The loss values during pre-training with data augmentation (red lines) and without data augmen-
tation (blue lines). The solid and dashed lines indicate the loss values for training and validation datasets,
respectively. (a) 3.0x10* and (b) 1.0x10° events of the real data are used.

In the event classification phase, all input objects and feature variables without the replacement
are used as a standard supervised classification problem. The weight parameters of the embedding
and feature modules, which are obtained by pre-training, are used as the initial model parameters
for event classification. These weight parameters are then fine-tuned during the event classification
phase. The classifier module is trained from scratch because it is assumed that the embedding and
feature modules extracted common knowledge, and the classifier module is highly dependent on the
target task.

6. Results

Figure 4 shows the Area Under the Curve (AUC) values observed on the test datasets in
event classification. The AUC values are shown for each signal dataset in terms of the number of
events used for training in the event classification phase. The orange and green markers represent
the AUC values with and without pre-training, respectively, where 1.0 x 10° events were used
for pre-training. These results confirm that pre-training leads to significant improvements across
all datasets, indicating that the pre-trained model generalizes well and is transferable to different
types of analyses. The initial assumption was that transfer learning is particularly effective when
the number of events is limited, whereas its performance gains would converge when a sufficient
number of events are available. Figure 4 (b) supports this tendency; however, the other datasets
show consistent improvements even when 1.0 x 10° events are available for event classification.
Therefore, an important future task is to investigate whether the performance improvements in event
classification converge as more data are used in datasets (1), (3), and (4).

Figure 5 shows the performance gains from pre-training in event classification, as a function
of the number of events used in pre-training. The y-axis indicates the differences in AUC values
with and without pre-training, that is (AUCY/ pre-training _ AyjCW/o pre—trainingy = 3 () 5 10* events
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Figure 4: The AUC values in terms of the number of events in event classification. 1.0 x 10° events were
used in pre-training. The error bands indicate one standard deviation of ten runs. The figures (a), (b), (c),
and (d) indicate (1), (2), (3), and (4) datasets in Table 1, respectively.

were used in event classification. The red and blue markers indicate the values with and without
data augmentation, respectively. The scalability of performance improvements with respect to the
number of events used in pre-training is consistently observed across all datasets. Data augmentation
results in higher average performance; however, the improvements remain within one standard
deviation of ten independent runs.

7. Conclusion

In this study, the concept of foundation models was applied to event classification in collider
physics. The proposed foundation model was successfully pre-trained on real data by using a
self-supervised learning approach, in which an object within an event was replaced with one from
another event for predictions. In addition, the data augmentation techniques based on the Lorentz
transformations were applied during pre-training, which effectively suppressed overfitting when the
number of available events was limited.

Our experiments confirmed that the AUC values in event classification are improved by intro-
ducing the pre-trained model across all four datasets. This finding demonstrates that the pre-trained
model generalizes well across different types of analyses. Furthermore, the experimental results
also indicate that improvements would be greater when more data are available in pre-training.
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Figure 5: The improvements in AUC values in terms of the number of events in pre-training. The y-axis
indicates the differences in AUC values with and without pre-training. The red and blue lines indicate the
values with and without data augmentation, respectively. 3.0 x 10* events were used in event classification.
The error bands indicate one standard deviation of ten runs. The figures (a), (b), (c), and (d) indicate (1), (2),
(3), and (4) datasets in Table 1, respectively.

Investigating this scalability with larger models and more data remains an important direction for
future work. This study may contribute to reducing the demand for computing resources for future
collider experiments since the need for generating a large amount of training data by simulation can

be eliminated.
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