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networks, convolutional neural networks, and generative adversarial networks
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techniques not only enhances the efficiency and accuracy of pulsar identification
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Abstract: As artificial intelligence (AI) technology has continued to develop,
its efficient data processing and pattern recognition capabilities have signifi-
cantly improved the precision and speed of decision-making processes, leading
to widespread application across various fields. In astronomy, Al techniques
have demonstrated unique advantages, particularly in the identification of pul-
sars and their candidates. Al is able to address the challenges of pulsar celes-
tial body identification and classification because of its accuracy and efficiency.
This paper systematically surveys commonly used Al models for pulsar candi-
date identification, analyzing and discussing the typical applications of machine
learning, artificial neural networks, convolutional neural networks, and genera-
tive adversarial networks in candidate identification. Furthermore, it explores
how the introduction of AI techniques not only enhances the efficiency and ac-
curacy of pulsar identification but also provides new perspectives and tools for
pulsar survey data processing, thus playing a significant role in advancing pulsar
research and the field of astronomy.

Keywords: Al technology; Candidate identification; Machine learning; Neural
networks

1. INTRODUCTION

With the rapid development of computer science and artificial intelligence (AI)
technology, their use in the field of astronomy has gradually grown, demonstrat-
ing unique advantages in the identification of pulsars and their candidates. Deep
learning methods can accurately and efficiently process and analyze the massive
astronomical observation data collected by radio telescopes for celestial object
identification and classification [1]. This paper discusses several commonly used
ATl models and their typical applications in pulsar candidate identification. Fo-
cusing on the challenges of pulsar celestial identification and classification, we
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emphasize the use of artificial neural networks (ANNSs) [2], convolutional neural
networks (CNNs) [3], and generative adversarial networks (GANSs) [4] in image
recognition and data augmentation. Al not only expedites the identification
of pulsar candidates but also enhances the depth and breadth of data analy-
sis, leading to new perspectives and methods for astronomical research. This
technology demonstrates immense potential and value in the identification of
pulsar candidates and broader astronomical studies, indicating that it will play
an increasingly important role in future scientific exploration.

2. COMMON AI MODELS FOR PULSAR CANDIDATE
IDENTIFICATION

A crucial branch of computer science, Al [5] has become an important driving
force for technological innovation and industrial transformation. Its core lies
in simulating and augmenting human intelligence through research on theories,
methods, technologies, and application systems, forming a new type of techno-
logical science. To address the challenges of searching for and identifying pul-
sar candidates, Al techniques provide various effective solutions and technical
means. Specifically, machine learning (ML) algorithms [6] demonstrate robust
learning and prediction capabilities when processing large-scale astronomical
data; ANNs [7] efficiently process complex data by mimicking the operational
mechanisms of biological neural networks; CNNs [1] excel in image recognition
and analysis, accurately extracting pulsar signal features from massive datasets
obtained by radio telescopes; and GANs [8] use adversarial training between
generative and discriminative models to further enhance data generation and
classification capabilities.

The application of these AT models not only improves the accuracy and efficiency
of pulsar candidate identification but also provides new methods and tools for
astronomical research, promoting a leap forward in astronomical data processing
and analysis.

2.1. ML

ML [9] is a class of computer techniques that are trained on a large volume
of data samples to obtain certain model parameters, enabling the analysis and
prediction of new samples. Based on whether the training data contains features
and labels, ML can be classified into three main types: supervised learning,
unsupervised learning, and semi-supervised learning.

Supervised learning [10] refers to input data comprising input feature values and
target values, where the output function value can either be a continuous value
(as in regression problems) or a finite set of discrete values (as in classification
problems). Given a training dataset (including features and labels), the model
learns the mapping relationship between input features and target values, allow-
ing it to predict new data. Common algorithms in supervised learning include
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linear regression [11], logistic regression [12], support vector machines (SVMs)
[13], decision trees [14], random forests [15], and neural networks.

Unsupervised learning [16], by contrast, refers to scenarios in which input data
consists solely of input feature values without target values, making it impos-
sible to directly judge the characteristics of samples within the training data.
This method is primarily used for clustering problems, analyzing the underlying
structure of datasets to group data and uncover potential patterns or structures.
Common unsupervised learning algorithms include K-means clustering [17], hi-
erarchical clustering [18], principal component analysis, independent component
analysis, and self-organizing maps.

Semi-supervised learning [19] merges the advantages of both supervised and
unsupervised learning. In traditional supervised learning, each training data
sample includes a target value (label), whereas in unsupervised learning, samples
lack labeled target values. By using both labeled and unlabeled data for training,
semi-supervised learning enhances model recognition performance. This method
is particularly suitable for scenarios where labeling data is costly or difficult to
obtain, and it has been widely applied in fields such as image classification and
text classification.

Using various ML methods and techniques, data can be effectively processed and
analyzed, providing corresponding solutions for different types of problems. This
not only accelerates the rapid development of Al technology but also introduces
new opportunities and challenges for research and applications in the field of
astronomy.

2.2. Deep Learning

Deep learning [20] is a learning method that uses the multilayer perceptron
structure to process nonlinear information. Deep learning models can automat-
ically extract features and perform tasks such as classification, regression, and
clustering. By training on large-scale datasets, deep learning not only improves
the accuracy and generalization ability of models but also effectively avoids
the laborious process of manual feature extraction and model training in tradi-
tional ML [21]. According to the types of data being processed, different network
structures for learning tasks, and the connectivity and hierarchical relationships
between neurons, deep learning can be classified into various types, including
ANNs, CNNs, recurrent neural networks, long short-term memory networks,
GANSs, and autoencoders.

ANNs [22] are computational models inspired by the structure and function
of the human brain’ s neural networks to process information. They consist
of numerous processing units, or neurons, interconnected through a series of
connections [23] (as shown in Fig. 1 [Figure 1: see original paper]). Neurons
receive input signals from other neurons, process these signals through an in-
ternal nonlinear transformation, and then output the results to other neurons.
ANNSs can perform complex parallel processing tasks using this structure and
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play a significant role in various fields, including classification, prediction, and
pattern recognition. The basic structure of an ANN includes an input layer,
hidden layers, and an output layer. The input layer receives external data, the
hidden layers are responsible for data processing and feature extraction, and the
output layer produces the final output of the network based on the processed
information. The number of hidden layers and the number of neurons in each
layer are critical parameters in network design, directly affecting the network’
s performance and complexity. In practical applications, the number and con-
figuration of neurons in the hidden layers are typically determined based on
the specific problem and characteristics of the dataset. ANNs provide powerful
technical support for handling complex data analysis and pattern recognition
problems by simulating the information processing mechanisms of the human
brain’ s neural system. With advancements in computational power and con-
tinuous optimization of algorithms, ANNs are expected to play an increasingly
important role in scientific research and industrial applications.

The ANN model is based on a learning process that uses the backpropagation
algorithm, which adjusts the synaptic weights in the network to minimize the
difference between the network’ s output and actual results [24]. Through exten-
sive iterative calculations, an optimal set of weight values is found, enabling the
network to accurately map input data to the desired output. Nonlinear process-
ing capability is another crucial characteristic of ANN models, allowing them
to handle problems that traditional algorithms struggle with by learning and
simulating complex functional relationships. Deep learning techniques, based
on deep neural networks (DNNs), have become a popular research topic in the
AT field and have demonstrated outstanding performance in various areas, such
as image recognition and natural language processing [25].

CNNs [26] are designed to mimic the hierarchical feature extraction mechanism
of the human brain’ s visual cortex, making them particularly well-suited for
tasks such as image recognition, classification, and localization. The core com-
ponents of a CNN [27] include the input layer, convolutional layers, pooling
layers, fully connected layers, and output layer, which work collaboratively (as
illustrated in Fig. 2 [Figure 2: see original paper]) to enable the model to
automatically learn and extract features from images, thereby facilitating the
efficient processing of complex image data.

In 1998, Lecun et al. [28] proposed the LeNet-5 model (as shown in Fig. 3
[Figure 3: see original paper]), which marked the birth of CNNs. This model
was initially designed for handwritten digit recognition and successfully demon-
strated the potential of CNNs for specific image recognition tasks. LeNet-5
effectively extracts key features from input images through a series of convolu-
tional and pooling operations, followed by classification decisions made in the
fully connected layers. This process highlights the powerful ability of CNNs
to automatically learn features. Subsequent research by Lou et al. further ex-
panded the application of CNNs in the field of image recognition. By introducing
convolutional operations to extract feature values from images, their research
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used these values for image recognition and analysis. Not only did this vali-
date the effectiveness of CNNs in image recognition tasks, it also propelled the
further development of image recognition techniques. By optimizing the size,
number, and depth of the convolutional kernels, as well as adjusting the pool-
ing strategies, the recognition accuracy and generalization ability of the model
were enhanced, leading to significant results across a broader range of image
recognition tasks [29]. As a powerful deep learning model, CNNs flexibly apply
their unique structure and efficient feature extraction capabilities in fields such
as image processing [30] and pattern recognition, making them an essential tool
in modern Al research.

GANs [31] are a cutting-edge class of generative models that have garnered
widespread attention in both academia and industry in recent years. A GAN
consists of two main components: a generator and a discriminator (as shown in
Fig. 4 [Figure 4: see original paper]). These two networks engage in a process
of adversarial training, competing against each other to achieve a common op-
timization goal. The generator aims to learn the distribution of real data and
generate new, seemingly real samples to deceive the discriminator, while the dis-
criminator’ s task is to differentiate whether the input samples come from real
data or have been fabricated by the generator. This adversarial training mech-
anism endows GANs with powerful generative capabilities, enabling them to
capture the intrinsic structures and distribution characteristics of complex data.
GANSs are widely applied in various fields, including sample data generation,
image generation, image restoration, image-to-image translation, and natural
language generation. In image generation, GANs can produce high-quality and
diverse images, significantly advancing the fields of computer vision and graph-
ics. In image restoration, GANs can effectively fill in missing parts of images,
restoring their completeness and aesthetic appeal. In image translation, GANs
facilitate transformations between different styles, resolutions, or modalities,
providing robust tools for image editing and enhancement. In natural language
generation, GANs also demonstrate substantial potential for generating fluent
and coherent textual content. As a generative model with robust capabilities,
GANSs exhibit broad application prospects and profound research value across
multiple domains, and they are poised to exert a significant impact on related
fields, driving ongoing innovation and progress in related technologies.

3. APPLICATIONS OF AI IN PULSAR IDENTIFICA-
TION

The application of AI in radio astronomy, particularly in the field of pulsar
identification and timing, has not only enhanced data processing efficiency but
also significantly broadened our understanding of the universe. By incorporat-
ing advanced algorithms such as deep learning and residual networks, scientists
are now able to analyze complex astronomical data more accurately and swiftly,
thus providing robust support for cutting-edge scientific areas such as pulsar
physics and gravitational wave detection. Zhang et al. [32] noted that the intro-
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duction of AI techniques has notably improved the efficiency of pulsar searches
and candidate identification, enabling a more comprehensive analysis of the spa-
tial distribution and temporal evolution of pulsars. They also summarized the
current Al models applied to pulsar candidate identification. Zhang et al. [33]
introduced relevant ML theories for pulsar candidate identification and reviewed
the research status of methods based on SVMs and neural networks in recent
years. With continuous technological advancements, the prospects of AI appli-
cations in astronomy will become even broader, potentially leading humanity to
explore more mysteries of the universe.

In modern astronomy, radio telescopes such as the Five-hundred-meter Aperture
Spherical Telescope (FAST) [34,35], located in Guizhou, China, serve as major
national scientific infrastructure projects. FAST [36] is the world’ s largest
single-dish radio telescope and plays a crucial role in exploring cosmic myster-
ies. Particularly in pulsar survey projects, the introduction of AT methods has
greatly enhanced the efficiency and accuracy of data processing and analysis in
the face of massive observational data.

In the pulsar survey project, which generates millions of pulsar candidates, Xu
et al. [37] employed AI methods to automatically screen and analyze the char-
acteristics of FAST’ s vast data. They summarized existing pulsar candidate
screening methods regarding test data, accuracy, and construction methods,
emphasizing the importance of Al techniques in astronomical data processing.
Notably, researchers often face challenges because of the large volume and com-
plexity of data in the selection process of pulsar candidates, whereas Al can
effectively recognize and classify potential pulsar candidates through efficient
pattern recognition and data mining techniques.

3.1. Application of ML in Identifying Pulsar Candidates

In the field of pulsar research, the introduction of ML has significantly enhanced
the process of identifying and filtering pulsar candidates. Devine et al. [42] first
applied ML to single-pulse search candidate identification in 2016, proposing
a two-stage method for recognizing and classifying dispersed pulse groups. By
training and testing binary and multiclass versions of six ML algorithms (as
shown in Table 2 ), they empirically evaluated 48 classifiers, achieving auto-
mated filtering with a performance efficiency rate of 41%, which notably im-
proved the efficiency of candidate identification.

Punia et al. [43] conducted experiments using actual data from the HTRU sur-
vey, comparing the performance of learning algorithms such as SVMs, random
forests, and DNNs (as shown in Table 3 ). They assessed the accuracy and ef-
ficiency of these algorithms in identifying pulsar signals. The study found that
DNNs exhibited superior performance in pulsar detection, as demonstrated by
their higher accuracy and faster detection speeds.

To address the time-consuming issue of labeling massive datasets, Balakrishnan
et al. [44] proposed a semi-supervised generative adversarial network (SGAN)
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model that greatly expanded the training set using a small amount of labeled
data, thereby improving the efficiency and accuracy of candidate identification.
The model achieved an accuracy of 94.9% and an average F-score of 94.9%
when trained on 100 labeled and 5,000 unlabeled candidates. When trained on
a larger labeled dataset, it achieved an accuracy of 99.2% and average F-score
of 99.2% with a recall rate of 99.7%.

To tackle the automatic classification problem of fast transient astronomical
phenomena, Agarwal et al. [45] introduced a deep learning-based classification
model called Fast Extragalactic Transient Candidate Hunter (FETCH) that
uses 11 different deep-learning architectures. Each model achieved accuracy
and recall rates of over 99.5% on a test dataset comprising real radio frequency
interference and pulsar candidate data, demonstrating outstanding classification
performance. The FETCH classifier enables its models to be deployed alongside
any symbiotic search pipeline, facilitating rapid identification and classification
of newly observed fast transient events.

Zhang et al. [46] explored single-pulse candidate identification methods based
on FAST observational data by comparing seven different ML classifiers, with
results indicating that the SPEGID Model performed best, yielding an F1-score
of 95.1%, recall rate of 95.4%, and false positive rate of 4.7%, further enriching
the theory and practice of pulsar identification.

For the problem of extracting large-scale and rapidly sampled scalar data, Liu
[47] proposed a clustering-based pulsar candidate screening scheme. Compar-
ative experimental results on the High Time Resolution Universe Survey II
(HTRU2) pulsar dataset and the actual Fast Transient Bursts (FAST) observa-
tional dataset AOD-FAST indicated that this algorithm achieved an accuracy of
0.946 and recall rate of 0.905 on HTRU2, while on AOD-FAST, the F1-score was
0.846 and recall rate was 0.994, effectively meeting the needs of unsupervised
and semi-supervised learning scenarios.

Wang et al. [48] designed a residual network model consisting of 15 layers (as
shown in Fig. 6 [Figure 6: see original paper]) to replace CNNs in the pulsar
image-based classification system (PICS). Their experimental results demon-
strated that this model could classify 96% of real pulsars in the top 1% of all
candidate pulsars. To evaluate the practical applicability of the model, they
conducted tests using dual GPUs and a 24-core computer, showing that the
model could classify over 1.6 million candidate pulsars daily.

With the development of radio telescope technology, there has been a signifi-
cant increase in the quantities and types of pulsar candidate data. This poses a
challenge in accurately identifying pulsar candidates. To address this issue, Liu
et al. [49] proposed a deep learning model called the multimodal fusion-based
pulsar identification model (MFPIM) (as shown in Fig. 7 [Figure 7: see original
paper]), which uses a multimodal fusion technique to improve the efficiency and
accuracy of pulsar candidate identification. In MFPIM, each diagnostic image
of a pulsar candidate is considered as a modality, and multiple CNNs are em-
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ployed to extract effective features from these diagnostic images. Experiments
conducted on the FAST dataset demonstrated that MFPIM can effectively iden-
tify pulsars within the dataset with an identification accuracy exceeding 98%.
Furthermore, to evaluate the robustness of the model, transfer learning was used
to apply MFPIM on a high time-resolution cosmic dataset. The test accuracy
and Fl-score achieved in this scenario exceeded 99%. These results illustrate
the effectiveness and reliability of MFPIM in pulsar identification tasks.

To address the adverse effects of multi-view heterogeneous data and class im-
balance on traditional single-modal supervised classification methods for real
pulsar and non-pulsar candidate objects, You et al. [50] proposed a multimodal
semi-supervised learning method based on a pulsar candidate screening algo-
rithm. The method uses a hybrid ensemble clustering scheme based on density
and partitioning (as shown in Fig. 8 [Figure 8: see original paper]). It also
incorporates feature-level fusion strategies and data partitioning strategies for
parallelization. Experiments conducted on the HTRU2 and actual FAST obser-
vation data demonstrate the effectiveness of this algorithm in pulsar identifica-
tion. On HTRUZ2, the parallel mode achieved precision and recall rates of 0.981
and 0.988, respectively. On the FAST data, the values of its parallel mode are
0.891 and 0.961. Moreover, as the number of parallel nodes increased within a
certain range, the runtime significantly decreased.

In response to the extreme imbalance data issue faced in pulsar candidate selec-
tion, Zeng et al. [51] pre-trained a model using the ImageNet dataset (as shown
in Fig. 9 [Figure 9: see original paper]), analyzed the performance of the model
on the pulsar dataset, and evaluated the transferability of the model using the
LogME method. They then proposed a pre-training method. The LogME re-
sults were reported for 14 models, with experimental evidence indicating that
the Fl-score reached 85.56 for the swin_ {v2}s model, which achieved a precision
of 0.9143 and a recall rate of 0.8040. This approach not only can be applied to
pulsar screening tasks but also can enhance the model’ s effectiveness, simplify
the process, and improve timeliness.

3.2. Application of ANNs in Pulsar Recognition

Morello et al. [52] constructed a basic network model based on artificial neu-
rons (as shown in Fig. 10 [Figure 10: see original paper]) and proposed a
direct method for identifying pulsars using a neural network called SPINN. Us-
ing the SPINN algorithm to analyze 2,400 candidate stars generated during
post-processing, they successfully discovered four new pulsars (as shown in Fig.
11 [Figure 11: see original paper]), accounting for 0.06% of the survey output.
Among them, three are millisecond pulsars, while one has a signal-to-noise ra-
tio below 10, providing new clues and evidence for further exploration of the
mysteries of the universe.

Eatough et al. [53] introduced an innovative technique in the field of pulsar
surveys, using the ANN algorithm to automatically identify credible pulsar can-
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didates. By applying this method to reanalyze candidates in the Parkes Multi-
beam Pulsar Survey, 34 previously unrecognized pulsars were successfully dis-
covered, significantly increasing the discovery rate of pulsars. Their research
shows that approximately 92% of pulsars in a test sample of 2.5 million candi-
date pulsars can be recovered by their neural network.

Bates et al. [54] further explored the development and application of ANN in
data processing pipelines, especially the potential in classifying pulsar candi-
dates. Using basic statistical data obtained from pulsar candidate plots as
inputs for ANN, pulsar candidates were effectively classified, leading to the dis-
covery of 75 pulsars in the HTRU survey data processing. The results indicate
that this model can reject over 99% of non-target candidates in the data pro-
cessing stage while achieving blind detection capability for 85% of pulsars. This
study not only demonstrated the strong capabilities of ANNs in astronomical
data processing but also provided a more efficient and accurate identification
method for future pulsar surveys, holding significant importance in the pulsar
research field.

3.3. Application of CNNs in Pulsar Identification

Zhu et al. [55] proposed an innovative classification system, PICSAI, which
features a two-layer hierarchical structure (as shown in Fig. 12 [Figure 12: see
original paper]). This system is based on pulsar images and aims to identify
candidate pulsars. By analyzing four key features—average pulse profile, time-
phase diagram, frequency-phase diagram, and dispersion measure curve—the
candidates were observed using pulsar PSR J1914+08 as an example (as shown
in Fig. 13 [Figure 13: see original paper]|). The incorporation of features with
algorithms enabled the successful recovery of over 90% of legitimate candidate
pulsars, with a corresponding false positive rate below 0.5%. This method
demonstrated significant effectiveness in early pulsar candidate identification,
providing a powerful tool for pulsar research.

Wang et al. [56] further advanced this field by designing a deep CNN (DCNN)
to analyze the features of pulsar candidates in greater detail. The DCNN con-
sists of eight convolutional layers (as shown in Fig. 14 [Figure 14: see original
paper]), which are used to extract complex features from the sub-integrated and
sub-band images of the candidates. The DCNN can automatically learn the in-
tricate patterns of pulsar candidates, thus exhibiting excellent performance in
classification tasks. A pooling layer is introduced to reduce the dimensionality
of feature maps while retaining key information, followed by two fully connected
layers for precise classification of the deeply analyzed 11-layer pulsar candidates.
Experiments on the HTRU1 dataset showed that the model achieved a recall
rate of 0.962 and an accuracy of 0.963. This not only improved the accuracy of
pulsar identification but also provided a more robust tool for subsequent pulsar
studies, advancing the field of astrophysics.

Yin et al. [57] proposed a deep CNN model (called AR {Net}) that incorporates
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attention mechanisms and residual connections (as shown in Fig. 15 [Figure
15: see original paper]), aiming to enhance the accuracy of pulsar identification.
The constructed AR_ {Net} model strengthens the network’s learning ability re-
garding pulsar features, enabling the model to exhibit better generalization and
recognition efficiency when processing complex data. Experimental results indi-
cate that this method achieved an F1-score of 0.9981, a recall rate of 0.9988, and
an accuracy of 0.9975. Compared with the DCGAN+SVM method, all metrics
—F1-score, recall rate, and accuracy—showed significant improvement. Compre-
hensive evaluations in multiple experiments demonstrated that the AR,_ {Net}
model exhibits high recognition precision and reliability in distinguishing be-
tween positive and negative samples of pulsars.

To address the issue of detecting transients in survey images, Cabrera et al. [58]
proposed a rotation-invariant CNN model (as shown in Fig. 16 [Figure 16:
see original paper]) designed to classify transient candidate images as arti-
facts or real sources, particularly in high-transient survey (HiTS) contexts.
Practical implementation of this classification model has shown a significant
improvement in the overall accuracy of the HiTS pipeline, increasing from
98.96%$+0.03+$0.03%. Using Deep-HiTS, approximately 2,000 transients can
be processed each night, successfully reducing the number of missed transients
to about one-fifth.

3.4. Application of GANs in Pulsar Identification

Radford et al. [59] proposed a deep convolutional GAN (DCGAN) model (shown
in Fig. 17 [Figure 17: see original paper]), which integrates a GAN with a
CNN and uses convolutional operations to extract spatial features, significantly
improving the clarity and quality of the generated images. This combination
allows DCGAN to excel in image generation tasks, producing images that closely
resemble real ones.

To address the issue of imbalanced datasets, Douzas et al. [60] introduced an im-
balance data oversampling method based on conditional GANs (CGAN). They
compared the performance of CGAN with various standard oversampling algo-
rithms and found that CGAN could more effectively enhance model performance
when dealing with imbalanced datasets, especially on binary classification tasks.
CGAN notably improved the model’ s performance on minority class samples,
thereby enhancing the overall model’ s generalization capability.

Wang [61] proposed a pulsar candidate recognition method based on a semi-
supervised attention GAN (SA-SGAN; shown in Fig. 18 [Figure 18: see original
paper]). The research results indicated that, compared with traditional semi-
supervised GAN models, this method achieved a 4.41% increase in recall rate
and a 3.39% increase in Fl-score when handling small sample datasets.

Zhou [62] proposed a semi-supervised learning model called SSL-ATJD (shown
in Fig. 19 [Figure 19: see original paper]), which was applied to pulsar candi-
date datasets to address recognition issues in imbalanced datasets. Experiments
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showed that, for labeled samples with (200, 3,800) time markers, the SSL-ATJD
model achieved a recognition effect of 87.88%, slightly outperforming the CNN
model, which had a recognition effect of 87.25% across all training samples (as
shown in Table 4 ). This method not only improved the model’ s accuracy in
pulsar identification tasks but also effectively used limited labeled data. By
leveraging the characteristics of GAN, it enhanced the model’ s ability to rec-
ognize pulsar features, thus achieving better recognition results on imbalanced
datasets.

Currently, significant progress has been made in AI models used for pulsar
candidate identification. These models can efficiently and rapidly extract useful
features from complex signals and classify them accordingly (as listed in Table
5).

4. DISCUSSION

This study conducted an in-depth research and analysis on the application of
AT technology in identifying pulsar candidates. The improvement in observa-
tional capabilities has led to a sharp increase in data volume. Traditional data
processing and analysis methods are no longer sufficient to handle such mas-
sive scales of data. Therefore, training AT models based on massive-scale big
data will become key to enhancing data recognition capabilities. This approach
will lead to new algorithms and model optimization strategies for pulsar can-
didate identification, effectively addressing key issues such as data processing,
feature learning, and model transfer, providing strong technical support for the
discovery and study of pulsars.

While AI addresses the issue of data volume, enhancing real-time data processing
technology to automate and make systems more intelligent will be a future de-
velopment direction in pulsar candidate identification. The aim of this approach
will be to enhance processing efficiency and accuracy by reducing manual inter-
vention. Furthermore, the integration and fusion of technologies are crucial for
future development. By combining real-time data processing techniques with
advanced Al methods such as ML, neural networks, and federated learning, a
more powerful and comprehensive processing system can be constructed. To
cope with the constantly changing scale of data and processing requirements in
the future, the design of real-time data processing systems will emphasize scala-
bility and flexibility to ensure that systems can adapt to the evolving astronomi-
cal observation environment. Introducing more powerful attention mechanisms,
graph convolutional networks, or GANs and other AT methods will enable more
complex data patterns to be addressed and improve model generalization ability.
These new architectures are expected to play a greater role in pulsar candidate
identification, enhancing accuracy and efficiency.

AT methods have made significant progress in pulsar recognition and have at-
tracted widespread attention in the scientific community. However, there are
still limitations in current Al techniques for pulsar recognition, which require
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further research and improvement. In pulsar recognition, different data sources
and sensors are commonly used to obtain different types of information, such
as radio waveband, X-ray waveband, and gamma-ray waveband data. It is
challenging to effectively integrate multi-modal data to improve the recognition
performance of pulsars. The cost of manually labeling a large amount of data
is high, and the labeled samples may be limited or only have partial label in-
formation. How to efficiently identify pulsar candidates using limited labeled
data and unlabeled data is an urgent problem that must be solved. The de-
velopment of weakly supervised learning provides more possibilities for pulsar
candidate recognition and helps improve recognition performance in situations
where data annotation is difficult. Reinforcement learning is not commonly ap-
plied in pulsar recognition, but it could optimize the decision-making strategy
of a system by interacting with the environment to improve the performance
of pulsar recognition. Further research is needed on how to design appropri-
ate state representations, reward functions, and suitable reinforcement learning
algorithms for pulsar recognition.

Although AT has achieved important achievements in pulsar recognition, there
are still limitations. In the future, AI techniques such as multi-modal learning,
weakly supervised learning and reinforcement learning could be applied to the
field of pulsar candidate recognition for further exploration and research to im-
prove the accuracy and efficiency of pulsar recognition. In the study of pulsar
identification, computer science provides powerful data processing capabilities,
physics offers a profound understanding of pulsar characteristics, and astronomy
provides observation data and research scenarios. Only by combining the ex-
pert knowledge and technologies from these fields can we comprehensively and
deeply understand pulsars and unleash the full potential of Al in pulsar identi-
fication. Therefore, interdisciplinary cooperation not only promotes knowledge
sharing among disciplines but also advances the boundaries of scientific research.
By collaborating with experts in computer science, physics, astronomy, and
other fields, we can collectively explore the application of Al in pulsar candi-
date identification, providing a more comprehensive and in-depth perspective
for astronomical research. Interdisciplinary cooperation is also an important
direction for future research. AI not only improves the efficiency and accuracy
of pulsar identification but also provides new perspectives and tools for pulsar
survey data processing, making significant contributions to pulsar research and
the development of astronomy.

5. CONCLUSIONS

This study systematically investigated commonly used Al techniques for identi-
fying pulsar candidates, analyzing and discussing the typical applications of ML,
ANNs, CNNs, and GANs. It showed that the introduction of AI technology not
only enhances the efficiency and accuracy of pulsar identification but also pro-
vides new perspectives on pulsar survey data processing. With the continuous
development of technology and the enhancement of data processing capabilities,
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the prospects for Al in astronomy remain very broad, exerting profound influ-
ence on pulsar research and other astronomical research fields. Further research
into innovative neural network architectures, multimodal data fusion, deep rein-
forcement learning, and collaboration with domain experts will further drive the
application of Al in pulsar candidate identification, providing more accurate and
comprehensive results for astronomical research, and this research is expected
to achieve more breakthroughs in pulsar studies. In the future, it will be pos-
sible to focus on optimizing the quality and scale of pulsar datasets, improving
the signal-to-noise ratio of the data; reducing noise interference; and exploring
new denoising, feature extraction, and normalization preprocessing methods to
optimize the quality of input data. Selecting appropriate features is crucial for
the accurate identification of pulsar candidates. It would also be possible to
study feature extraction methods in the time domain, frequency domain, and
pulse profile; reduce feature dimensions and complexity; and improve classifi-
cation performance through research on automatic feature selection algorithms.
In the process of pulsar candidate identification, multimodal data fusion pro-
vides more comprehensive and accurate information. In the future, it would be
possible to explore multimodal data fusion methods that integrate radio wave-
band data with optical, X-ray, or gamma-ray data to improve the accuracy and
robustness of classification. By conducting research in data optimization and
preprocessing, feature extraction and selection, model optimization and inte-
gration, uncertainty modeling and interpretability, and multimodal data fusion,
the accuracy and efficiency of pulsar candidate identification can be improved.
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