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Summary

In modern physics, experimental setups produce vast volumes of complex data, the
processing of which is becoming increasingly labor-intensive for traditional analytical meth-
ods. This is particularly relevant for tasks involving the analysis of multidimensional signals,
images, and time series, where the speed and accuracy of interpretation play a critical role.

The purpose of this work is to investigate the capabilities of deep neural networks for the
automated analysis of experimental physical data. Within the scope of this study, the applica-
tion of various deep learning architectures is considered, including convolutional and recurrent
networks, as well as transformer-based models. Significant attention is paid to the preparation
of input data — specifically its normalization, annotation, and the generation of simulated sam-
ples (Baldi, P, Sadowski, P, & Whiteson, D., 2014).

The conducted modeling has demonstrated that the proposed approaches allow for
high-accuracy identification of experimental event types, detection of hidden patterns, and
prediction of physical system behavior (Goodfellow, I., Bengio, Y., & Courville, A. 2016).
The results obtained showcase the promise of using deep learning to increase the efficiency of
processing physical research results, reduce manual labor, and improve the quality of interpre-
tation. Future research directions include integration with explainable Al models and applica-
tion in real-time environments (Agostinelli, S., Allison, J., Amako, K., et al. 2003).
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1. Introduction

In recent years, physics has advanced significantly due to the development of sophis-
ticated experimental setups that generate massive volumes of data. This data can be highly
diverse — ranging from images and spectra to time series and high-frequency signals. However,
traditional analytical methods, which primarily rely on classical statistical approaches or man-
ual interpretation, are increasingly unable to handle such scale and complexity. This is particu-
larly evident in real-time applications, where it is necessary to rapidly evaluate and classify
events occurring during the experiment.

In this context, machine learning and Deep Neural Networks (DNNs) hold immense
potential. They are capable of automatically detecting complex, non-linear dependencies within
data, adapting to various information formats, and improving the quality of analysis without
direct human intervention. Already, deep neural networks are successfully being applied to
classify experimental events, reconstruct particle trajectories, detect anomalies, and predict the
behavior of physical systems (Baldi, P, Sadowski, P, & Whiteson, D., 2014).

At the same time, new challenges arise. First, the specific nature of physical data — its
multidimensionality, noise levels, and the requirement for precise labeling — complicates the
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process of preparing input data for neural network training. Second, it is crucial that models not
only demonstrate high accuracy but also remain interpretable, ensuring that researchers under-
stand how the network arrives at its decisions. This is especially critical in scientific research,
where results must be validated from a physical perspective (Goodfellow, I., Bengio, Y, &
Courville, A. 2016).

* Therefore, the development and refinement of deep neural network training methods
that account for the specific characteristics of physical experiments remain a highly relevant
task. It is equally important to test such models on real-world data to ensure their reliability and
efficiency.

* The objective of this experiment was to develop and evaluate a Deep Convolutional
Neural Network (CNN) capable of automatically classifying events in a physical experiment
by recognizing particle types based on a large array of input data. The developed model demon-
strated high accuracy and stability under the challenging conditions of real-world physical
measurement analysis.

* Theoretical Foundations

* Brief Overview of Deep Neural Networks (CNN, RNN, LSTM, Transformers)

* Deep neural networks are modern tools increasingly utilized in physics for experi-
mental data analysis. They assist in identifying complex patterns where conventional methods
often prove insufficient. The most common types of such networks are Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM)
networks, and Transformers.

* CNNs are ideally suited for processing data with a spatial structure, such as images
obtained from detectors in physical experiments. They facilitate the extraction of specific fea-
tures, such as signal shape or intensity, which is crucial for classifying various events (Baldi, P,
Sadowski, P, & Whiteson, D., 2014).

* RNNs and LSTMs specialize in handling sequential data, such as time series or series
of measurements where data points are temporally interdependent. These networks are useful,
for instance, in analyzing the dynamics of experimental systems where accounting for signal
history is vital (Goodfellow, 1., Bengio, Y., & Courville, A. 2016).

» Transformers represent a more recent type of network that, through the attention
mechanism, can simultaneously analyze large volumes of information and "focus" on its most
significant parts. They are increasingly applied to complex tasks in physics that require integrat-
ing different data types or working with multidimensional signals (Mehta, P, Bukov, M., Wang,
C.-H., et al. 2019).

2. Principles of Neural Network Operation

The core concept of using neural networks in physical research is that the network pro-
cesses input data, gradually "learning" to recognize patterns, and subsequently makes decisions
or classifies events based on these findings. In this process, each layer of neurons performs
specific transformations to extract increasingly complex features from the input data.

Training occurs by comparing the network's predictions with the actual experimental
results and incrementally adjusting the parameters to minimize errors. In the context of phys-
ics, this means that over time, the neural network "learns" the specifics of the experiment and
helps automate the data analysis process, which previously required significant time and effort
(Goodfellow, 1., Bengio, Y., & Courville, A. 2016).
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3. Selecting Architecture for Physics Tasks

The selection of a specific neural network type depends on the nature of the data to be
processed. If the data consists of images or spatial data (for instance, signal maps from a detec-
tor), CNNs are the most suitable choice, as they can recognize local features without redundant
human intervention.

For time series or signal sequences with temporal dependencies, RNNs or LSTMs should
be chosen. These networks retain information about past states, which is crucial for tracking
changes during the course of an experiment.

If the task is more complex, requiring the simultaneous analysis of heterogeneous data or
the processing of vast amounts of information, Transformers prove useful by helping to isolate
the most significant details for decision-making.

Thus, the correct choice of architecture facilitates the most efficient solution to specific
physical experiment tasks, enhances the quality of analysis, and reduces data processing time.

4. Example of Data Preparation for Particle Detector Experiment Analysis

In this work, we examined data obtained from an experimental detector used to detect
and classify subatomic particles emerging during beam collisions in an accelerator.

The data were derived from two primary sources. First, real experimental measurements
were collected by the detector during operation. Second, we utilized simulated data generated
using the GEANT4 software. Simulations enabled us to precisely label events, as particle types
and their properties are known beforehand, which is crucial for training the neural network
(Baldi, P, Sadowski, P, & Whiteson, D., 2014).

Prior to training, we performed data preprocessing. The raw measurements contained
significant noise levels due to background signals and electronic interference; therefore, we
applied low-pass filters and anomaly clipping methods. All key parameters — energy, time of
registration, and spatial coordinates — were normalized to a single scale $[0, 1]$ to ensure the
stability and efficiency of the training process (Goodfellow, 1., Bengio, Y., & Courville, A. 2016).

For data annotation, we utilized existing labels from the simulation and partially trans-
ferred them to the experimental data using semi-supervised learning methods. This enabled the
model not only to classify primary particle types (electrons, muons, pions) but also to recognize
potential anomalies that may indicate new physical phenomena (Radovic, A., Williams, M.,
Rousseau, D., et al. 2018).

To improve training quality and expand the training dataset, we applied data augmenta-
tion techniques. Specifically, these included the addition of random noise, temporal and spatial
shifts, and the generation of new events with physically grounded parameter variations. This
enhanced the neural network's robustness to varying experimental conditions (Mehta, P., Bukov,
M., Wang, C.-H., et al. 2019).

Overall, this approach achieved high accuracy in event classification and effective detec-
tion of non-standard signals, confirming the potential of deep learning for automating the anal-
ysis of physical experiments.

126



SCIENTIFIC JOURNAL OF POLONIA UNIVERSITY 74 (2026) 1

5. Deep Neural Network Training Methodology

To analyze the data obtained from the particle detector, we developed a deep neural
network tailored to the specific requirements of physical experiments. The model is based on
Convolutional Neural Networks (CNNs), as they are well-suited for processing spatially organ-
ized data, such as signals from detector sensors.

The network architecture consisted of three convolutional layers with 32, 64, and 128 fil-
ters, respectively, using a 3x3 kernel size. After each convolutional layer, MaxPooling was
applied to reduce data dimensionality and focus the network on key features. This was followed
by two fully connected (dense) layers with 256 and 128 neurons, utilizing ReLU as the acti-
vation function. The output layer employed Softmax for multi-class classification. We selected
Categorical Cross-Entropy as the loss function, as it is optimal for multi-class classification
tasks. The primary metrics for model evaluation were Accuracy and F1-score, which provide a
better assessment of performance on imbalanced datasets.

To optimize the model parameters, we initially utilized the Adam algorithm with an
initial learning rate of 0.001 and standard coefficients ($\beta 1=0.93, $\beta 2=0.9998$). Sub-
sequently, to refine the results, we switched to SGD with a momentum of 0.9 and a reduced
learning rate of 0.0001. This approach allows for rapid convergence while avoiding stagnation
in local minima. To prevent overfitting, which often occurs due to limited experimental data,
several regularization methods were implemented. Specifically, we added Dropout at a rate of
0.3 after the dense layers, applied L2 regularization with a coefficient of 0.0001, and monitored
training via Early Stopping with a patience of 10 epochs (terminating training if no improve-
ment was observed on the validation set for 10 consecutive epochs).

The model was trained for up to 100 epochs with a batch size of 64, ensuring a balance
between training speed and gradient estimation stability.

Table 1
Core Training Parameters
Parameter Value Comment
Architecture CNN with 3 conv layers Filters: 32, 64, 128; 3x3 kernel
Pooling MaxPooling After each conv layer
Fullylconnected 2 layers (256 & 128) ReLU activation
ayers

Output layer

Softmax

For multi-class classification

Loss function

Categorical Cross-entropy

Optimal for classification

Metrics Accuracy, F1-score For accuracy and class balance
Optimizer | Adam LR=0.001, $:=0.9, B-=0.999
Optimizer 2 SGD with momentum LR=0.0001, momentum=0.9

Dropout 0.3 After each fully connected layer

L2-regularization 0.0001 Prevents overfitting
Early stopping patience = 10 epochs Stop if no improvement
Batch size 64 Balance between speed and stability
Number of epochs Up to 100 Training until convergence or stop
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6. Application of Models to the Analysis of Physical Experiments

The developed deep convolutional neural network was applied to event classification in
a particle detector experiment recording proton collisions at an energy of 13 TeV. The training
and testing datasets comprised approximately 100,000 events, including both real experimental
records and simulated events generated using the GEANT4 toolkit (Agostinelli, S., Allison, J.,
Amako, K., et al. 2003). The primary objective was the automated recognition of particle types
(electrons, muons, pions, and kaons) emerging during interactions. A comparison of the neu-
ral network's performance with classical data analysis methods, such as multinomial logistic
regression and Support Vector Machines (SVM), demonstrated significant advantages in clas-
sification accuracy.

The CNN model achieved an average accuracy of approximately 92.5% on the test set,
while logistic regression yielded an accuracy of about 81%, and SVM reached approximately
85%.

Furthermore, the CNN provided a better balance between sensitivity and specificity, as
evidenced by a higher F1-score (0.91 compared to 0.79 for logistic regression).

These results indicate that deep neural networks can effectively identify complex nonlin-
ear patterns in physical data that traditional methods often overlook. They also exhibit higher
robustness to noise and variability in experimental measurements. The application of this meth-
odology significantly accelerates the processing of physical experiments, automates the inter-
pretation of results, and enhances accuracy — factors that are critically important for modern
physics research involving large-scale data volumes (Agostinelli, S., Allison, J., Amako, K., et
al. 2003).

7. Examples of Model Applications in Various Fields of Physics

Deep neural networks, similar to the one described above, are already being actively uti-
lized across various branches of physics to automate analysis and improve the quality of results:

— Nuclear and Particle Physics — used for recognizing nuclear decay events, particle
identification, and searching for rare processes within large-scale collaborations such as ALICE
and CMS (Baldi, P, Sadowski, P, & Whiteson, D., 2014).

— Quantum Physics — applied for the classification of quantum states, optimization of
quantum experiments, and signal processing in quantum systems (Radovic, A., Williams, M.,
Rousseau, D., et al. 2018).

— Solid-State Physics — used for analyzing crystal structures, predicting material prop-
erties, and interpreting spectroscopic data (Goodfellow, I., Bengio, Y., & Courville, A. 2016).

— Consequently, the application of deep learning opens up broad opportunities across
various fields of physics where traditional methods are either overly complex or insufficiently
precise (Agostinelli, S., Allison, J., Amako, K., et al. 2003).

Table 2
Performance Comparison of Models for Particle Classification
Accuracy ) Sensitivity Specificity
Method (%) F1-score (%) (%)
Deep CNN 92.5 0.91 90.8 93.7
SVM 85.0 0.83 81.5 87.2
Logistic Regression 81.0 0.79 78.0 83.0
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Visual Comparison of Accuracy:
* CNN (92.5%)
* SVM (85.0%)
* Logistic Regression (81.0%)

8. Discussion of Results

The results of training the CNN model for physical event classification have demon-
strated its high efficiency. As indicated by the preliminary findings, the model achieved an
accuracy of 92.5%, significantly outperforming classical methods such as SVM and logistic
regression. In addition to high accuracy, the neural network exhibits strong noise robustness
and the ability to learn complex nonlinear dependencies within the data. Furthermore, it elim-
inates the need for manual feature engineering, which is a major advantage over traditional
analytical methods (Baldi, P, Sadowski, P, & Whiteson, D., 2014).

However, several limitations should be noted:

* Data Dependency: The model requires large volumes of data for high-quality training.

* Computational Intensity: Training time is substantial, particularly for large-scale
architectures.

* Hardware Requirements: It necessitates high-performance hardware, specifically
Graphics Processing Units (GPUs).

 Interpretability (The "Black Box" Problem): It is often difficult to interpret precisely
how the network arrives at its decisions (Radovic, A., Williams, M., Rousseau, D., et al. 2018).

Table 3
Advantages and Limitations of Models

Parameter Deep CNN Classical Nielt{l)mds (SVM,
Accuracy High (>90%) Medium (80-85%)
Interpretability Low High
Manual Processing Minimal High
Noise Sensitivity Low High
Resource Needs High (GPU) Moderate
Scalability Scales well Limited

Diagram 1. Influence of Training Set Size on Accuracy

100k: 92.5%

50k: 89.1%

20k: 84.2% As shown, accuracy drops noticeably as data volume decreases, highlighting
the need for sufficient representative physical data.

Generalization and Scalability of Models

One of the critical properties of a CNN is its generalization capability — the ability to
apply learned patterns to new, previously unseen data types. In physics, this allows for:

* Adapting the same model to different experimental energy levels;

» Transferring the model from simulated data to real-world data (using transfer learning
techniques) (Mehta, P, Bukov, M., Wang, C.-H., et al. 2019);

* Scaling the approach to new fields (e.g., from nuclear physics to solid-state physics).
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9. The Interpretability Problem

Despite their high efficiency, deep neural networks face a significant challenge: inter-
pretability. In scientific research, it is vital not only to obtain the correct answer but also to
understand why the model made a specific decision. This is crucial for validating results and
avoiding erroneous conclusions. Currently, efforts are being made to improve model transpar-
ency using the following approaches:

* Grad-CAM - for visualizing activations within the CNN (Goodfellow, I., Bengio, Y.,
& Courville, A. 2016);

* SHAP values — for assessing the impact of specific features on the result;

* LIME — for explaining local model decisions.

However, these methods still do not provide full transparency and remain a subject
of active research (Radovic, A., Williams, M., Rousseau, D., et al. 2018).

10. Conclusions

This study has demonstrated that deep neural networks, specifically CNNs, can be effec-
tively utilized for the analysis of physical experiment data. The constructed model achieved an
accuracy of over 92%, significantly exceeding the results of classical methods such as SVM
or logistic regression. It handles noise effectively, identifies hidden patterns, and eliminates
the need for manual feature engineering (Baldi, P, Sadowski, P., & Whiteson, D., 2014).

Deep learning has proven to be a powerful tool in physical research — it is flexible,
scalable, and capable of processing the large volumes of data characteristic of modern science
(Radovic, A., Williams, M., Rousseau, D., et al. 2018). At the same time, certain difficulties
remain, including high resource requirements and challenges in explaining model outcomes.

Future efforts should focus on refining architectures, adapting models to diverse types
of physical tasks, and developing decision interpretation methods. Another promising direction
is the use of transfer learning and generative models for data simulation or augmentation.
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