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Abstract
This manuscript explores the application and inherent challenges of artificial intelligence (AI) and machine learning 
(ML) within the context of text recognition. It proposes a suite of innovative methodologies designed to significantly 
augment the accuracy of text recognition models. These methodologies encompass strategies for enhancing data quality 
and diversity, optimizing processes for large-scale training and inference, offering comprehensive support for a multitude 
of languages and typographies, addressing variations in text layout and configurations, achieving precise recognition 
of handwritten text, and enhancing the interpretability and explainability of models. Through addressing these pivotal 
areas, the proposed solutions endeavor to markedly improve the efficacy and reliability of text recognition systems. 
This investigation provides a focused examination of the integration of AI and ML technologies in text recognition, 
presenting solutions that not only aim at augmenting accuracy but also at resolving critical challenges related to data 
quality management, scalability of training protocols, support for multilingualism and diverse fonts, adaptability to text 
layout variations, recognition of handwritten texts, and model transparency. By concentrating on these essential factors, 
the proposed approaches seek to advance the overall performance and reliability of text recognition systems, thereby 
extending the frontiers of AI and ML implementations in this domain.
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1. Introduction
The swift progression of artificial intelligence technology has 
positioned text recognition as a pivotal area of application. 
Nevertheless, this field faces myriad challenges that necessitate 
comprehensive solutions. These challenges include the 
management of data quality and diversity, optimization of large-
scale training and inference processes, provision of support for 
an array of languages and fonts, adept handling of variations in 
text arrangement and layout, precise recognition of handwritten 
texts, and assurance of model interpretability and explainability. 
This article endeavors to explore these challenges in depth and 
propose feasible solutions designed to substantially enhance 
the accuracy of text recognition models. Through a meticulous 
examination of these issues, the article contributes to advancing 
the field of text recognition, aligning with the ongoing evolution 
of artificial intelligence applications [1].

2. Basic Concepts and Methods of Text Recognition
2.1 Definition of Text Recognition
Optical Character Recognition (OCR), a pivotal technology 
in the domains of computer vision and pattern recognition, 
encompasses the transformative process of converting visual 
representations of text, whether imaged or handwritten, into an 

editable and searchable digital format. The primary objective of 
OCR technology is to employ automated mechanisms capable 
of transmuting printed or handwritten narratives into a digitally 
interpretable format, facilitating subsequent analyses, archival, 
and retrieval processes for a multitude of applications.

Recent years have witnessed substantial advancements in 
the realms of artificial intelligence (AI) and machine learning 
(ML), which have significantly propelled the evolution of text 
recognition technologies. Among the myriad of techniques, 
deep learning methodologies, notably Convolutional Neural 
Networks (CNNs) and Recurrent Neural Networks (RNNs), have 
emerged as frontrunners, demonstrating unprecedented efficacy 
in discerning complex textual patterns and structures. These 
sophisticated models exhibit the proficiency to meticulously 
recognize and transcribe text from diverse sources, including 
images and handwritten documents.

To enhance the precision of text recognition systems, a 
multifaceted approach must be adopted. Paramount to this 
endeavor is the enrichment and diversification of training data, 
which underpins the model's ability to learn a broad spectrum 
of text styles, fonts, and languages, thereby fortifying its 
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adaptability and robustness. Moreover, the refinement of large-
scale training and inference mechanisms plays a critical role in 
amplifying the efficiency and performance of OCR models.

In addition to the aforementioned aspects, the capacity to 
support multiple languages and fonts is indispensable for the 
global applicability of text recognition systems. The intricate 
characteristics and structural idiosyncrasies of different 
languages and typographies necessitate tailored recognition 
strategies. Further complexities arise from the need to adeptly 
navigate variations in text arrangement and layout, including 
challenges presented by skewed or rotated texts.

A particularly daunting challenge within text recognition is 
the accurate identification of handwritten text. The inherent 
variability in handwriting styles, coupled with the absence of 
standardized fonts, demands the development of specialized 
training methodologies and algorithms. Furthermore, enhancing 
the interpretability and explainability of OCR models is of 
utmost importance, as it engenders user trust and elucidates the 
model's decision-making processes.

The advent of AI and ML, especially through the lens of deep 
learning, has revolutionized the landscape of text recognition. 
By tackling critical challenges related to data quality, training 
scalability, language and font inclusivity, layout variation, and 
the recognition of handwritten texts, significant strides have 
been made towards refining the accuracy and broadening the 
scope of OCR models. Concurrently, advancements in model 
interpretability and explainability promise to foster greater 
user confidence and expand the utility of text recognition 
technologies.

2.2 Applications of Optical Character Recognition (OCR)
OCR technology finds its utility across a wide array of sectors, 
catalyzing transformative changes in document management, 
digital library curation, license plate recognition, and handwriting 
interpretation. In document management, OCR streamlines the 
conversion of physical documents into an editable electronic 
format, significantly enhancing data management efficiency. This 
automation of text input processes mitigates the need for manual 
data entry, thereby reducing errors and saving valuable time. The 
digitization and indexing of vast repositories of information, 
facilitated by OCR, have been instrumental in sectors such as 
banking, healthcare, legal, and governmental, where efficient 
and accurate document management is paramount.

Digital libraries benefit immensely from OCR technology, as 
it enables the conversion of printed materials into digital texts, 
simplifying access and preservation. In traffic management 
and security, OCR's application in license plate recognition 
supports efficient vehicle tracking and monitoring. Moreover, 
the capability to recognize handwritten text opens avenues for 
digitizing personal notes and processing handwritten forms, 
thereby enhancing accessibility and processing efficiency.

2.3 Evolution of Optical Character Recognition Methods
Historically, OCR methodologies have evolved from template-

based and feature extraction-based approaches to sophisticated 
statistical model-based methods, each with its inherent 
strengths and limitations. Template-based methods, reliant on 
pre-constructed character libraries, often falter in the face of 
character deformation and environmental variances. Conversely, 
feature extraction methods, despite their utility in character 
differentiation, struggle with rotational and scaling challenges.

Statistical models like Hidden Markov Models (HMMs) and 
Conditional Random Fields (CRFs) have introduced a degree 
of resilience to layout variations, albeit at the expense of 
computational intensity and complex model training requisites. 
The paradigm shift towards deep learning-based OCR methods 
marks a significant leap forward, overcoming traditional 
constraints through the autonomous learning of character 
features and robust handling of diverse textual challenges. Deep 
learning's ascendancy in OCR is a testament to its capability 
to accommodate multiple languages, fonts, and intricate text 
patterns, heralding a new era of text recognition.

2.4 The Convergence of AI and Machine Learning in OCR
The integration of AI and ML in text recognition is foundational, 
enabling the extraction and learning of character patterns from 
extensive datasets. Deep learning models, such as CNNs and 
RNNs, stand at the forefront of this integration, showcasing 
exceptional adaptability and generalization capabilities. These 
models excel in navigating the complexities of character 
deformation, lighting variations, and other environmental 
factors, setting new benchmarks in OCR accuracy and reliability. 
The application of advanced AI techniques, including transfer 
learning and reinforcement learning, further amplifies the 
efficacy and scope of text recognition systems, underpinning the 
continuous evolution and application of OCR technology in the 
digital age.

3. The Application of Artificial Intelligence Machine 
Learning in Text Recognition
3.1 The Application of Deep Learning in Text Recognition
DeeThe utilization of artificial intelligence (AI) and machine 
learning (ML) techniques in text recognition has emerged as a 
transformative force within the field of computational linguistics 
and computer vision. Among the myriad of machine learning 
methodologies, deep learning stands out for its capacity to 
construct and analyze multi-layered neural networks, thereby 
facilitating a nuanced comprehension of complex data structures. 
Specifically, within the domain of text recognition, deep learning 
methodologies have heralded significant advancements, 
leveraging deep neural networks, such as Convolutional Neural 
Networks (CNNs) and Recurrent Neural Networks (RNNs), 
to autonomously extract salient features from textual data and 
render precise predictions. The hierarchical architecture of these 
networks enables the encapsulation of complex patterns and 
dependencies present in text, thereby enhancing the capability 
of these models to perform intricate recognition tasks with 
remarkable accuracy. The proficiency of deep learning in 
learning layered representations and adapting to diverse textual 
datasets has fundamentally revolutionized text recognition, 
broadening the horizons for applications in document analysis, 
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automated transcription, and natural language processing.

3.2 Convolutional Neural Networks (CNN) in Text Recognition
Convolutional Neural Networks (CNNs) are a specialized 
category of neural networks that excel in feature extraction from 
images through convolutional operations. In text recognition, 
CNNs have proven adept at discerning meaningful characteristics 
from characters and executing classification tasks efficiently. 
The essence of CNNs lies in their ability to progressively 
abstract features from images via a sequence of convolutional 
and pooling layers, culminating in classification through dense 
layers. This process of hierarchical feature extraction facilitates 
the recognition of both local and global textual patterns, thus 
enabling high-accuracy recognition. The deployment of CNNs 
in text recognition has significantly propelled the field forward, 
fostering a myriad of practical applications in document 
processing, automated transcription, and beyond.

3.3 Recurrent Neural Networks (RNN) in Text Recognition
Recurrent Neural Networks (RNNs), with their inherent memory 
capabilities, are uniquely suited for processing sequential data, 
making them invaluable in text recognition tasks that exhibit 
temporal dependencies. RNNs utilize recurrent connections 
to integrate contextual information during each character's 
processing. This sequential context consideration allows RNNs 
to unravel dependencies between characters, thereby enhancing 
text recognition accuracy. RNNs are instrumental in various 
text recognition endeavors, including language modeling 
and text generation, leveraging their memory attributes to 
produce coherent and contextually aligned text outputs, thereby 
cementing their role in advancing natural language processing 
techniques.

3.4 Transfer Learning in Text Recognition
Transfer learning, a potent mechanism for facilitating swift 
learning transitions, enables the application of insights gained 
from pre-established text recognition models to novel tasks. 
This approach significantly curtails the need for extensive 
annotated datasets and augments the model's generalization 
capacity to novel instances. By harnessing the knowledge and 
representations cultivated from prior tasks, transfer learning 
allows models to swiftly acclimate to new text recognition 
challenges, thereby optimizing performance and operational 
efficiency. This methodology is particularly efficacious in 
scenarios where labeled data for the target task is scarce or 
procurement is cost-prohibitive.

3.5 Reinforcement Learning in Text Recognition
Reinforcement learning, characterized by its iterative 
optimization of behavior through interactions with the 
environment, offers a dynamic avenue for refining text 
recognition methodologies. By fostering an interactive loop 
wherein the model iteratively adjusts its parameters to maximize 
recognition accuracy, reinforcement learning imbues models 
with the capability to autonomously refine their operational 
parameters, thereby incrementally enhancing text recognition 
proficiency. Although the integration of reinforcement learning 
within text recognition remains an area of burgeoning research, 

initial forays have demonstrated its potential to significantly 
elevate the performance of text recognition frameworks.

3.6 Challenges and Forward Paths in AI-ML-based Text 
Recognition
In the domain of artificial intelligence (AI) and machine learning 
(ML) for text recognition, the fidelity of model performance is 
intricately linked to the integrity and heterogeneity of the training 
corpus. Imperfections in the dataset, encompassing errors, 
extraneous noise, or dataset imbalance, can deleteriously impact 
the efficacy of text recognition models. To ameliorate these 
concerns, sophisticated methodologies such as data cleaning and 
augmentation are employed. Data cleaning processes entail the 
meticulous removal or rectification of inaccuracies and noise 
within the dataset. Concurrently, data augmentation techniques, 
through the application of transformations like rotation, scaling, 
and morphological distortion, generate augmented training 
instances. This enrichment of the dataset promotes model 
resilience by facilitating learning across a wider array of textual 
manifestations, thereby bolstering accuracy.

The computational exigencies associated with training text 
recognition models are non-trivial, given the voluminous datasets 
and the complexity inherent in the models. The requisition of 
high-performance computing solutions or the orchestration 
of distributed computing frameworks becomes imperative to 
manage the computational load. Through distributed training and 
inference architectures, the computational burden is dispersed 
across multiple computing nodes, enhancing processing 
efficiency. Further, the refinement of model architectures and 
algorithmic optimizations can yield significant reductions 
in computational demands without compromising model 
performance.

Text recognition is further complicated by the need to 
accommodate a multiplicity of languages and typographic 
styles. This diversity introduces variances that can challenge the 
model's recognition capabilities. The procurement of training 
data that spans a broad spectrum of languages and fonts is 
essential for developing models with enhanced linguistic and 
typographic versatility. Specialized tuning of models for specific 
languages or fonts can substantially elevate their performance in 
those contexts.

Real-world scenarios often present text in configurations 
that deviate from the normative, such as skewed, rotated, or 
deformed text. These anomalies necessitate advanced strategies 
for accurate text recognition. Data augmentation methodologies 
that simulate these real-world variances in the training dataset, 
alongside preprocessing techniques aimed at text alignment 
and normalization, equip models with the capability to reliably 
interpret text across disparate arrangements and layouts.

By judiciously addressing these facets and deploying targeted 
strategies, the precision of text recognition models can be 
significantly improved, thereby extending their applicability 
across a diverse range of data and real-world situations. 
In conclusion, the augmentation of text recognition model 
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accuracy across multifarious textual modalities necessitates 
a concerted focus on several pivotal areas. Primordial among 
these is the assurance of dataset quality and diversity, which 
underpins the model's capacity for learning robust textual 
representations. The optimization of large-scale training and 
inference processes further enhances model throughput and 
efficiency, accommodating extensive textual data volumes with 
aplomb. Equally imperative is the model's adaptability to various 
languages and fonts, enabling recognition across a wide swath 
of linguistic and typographic landscapes. Moreover, the model's 
proficiency in navigating textural arrangement and layout 
variances significantly contributes to its recognition accuracy. 
The challenge posed by handwritten text, while distinct, is 
surmountable through comprehensive training on a diverse 
dataset of handwritten samples. Lastly, the enhancement of 
model interpretability and explainability fortifies user trust and 
deepens comprehension, facilitating a broader understanding 
of the model's operational paradigms and potential limitations. 
Collectively, by navigating these considerations with strategic 
acumen, the efficacy and operational domain of text recognition 
models can be substantially broadened, heralding new frontiers 
in AI and ML applications in text recognition.

References
1. Greff, K., Srivastava, R. K., Koutník, J., Steunebrink, B. R., 

& Schmidhuber, J. (2016). LSTM: A search space odyssey. 
IEEE transactions on neural networks and learning systems, 
28(10), 2222-2232.

2. Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., 
Anguelov, D., ... & Rabinovich, A. (2015). Going deeper 
with convolutions. In Proceedings of the IEEE conference 
on computer vision and pattern recognition (pp. 1-9).

3. Lee, J. G., Jun, S., Cho, Y. W., Lee, H., Kim, G. B., Seo, J. 
B., & Kim, N. (2017). Deep learning in medical imaging: 
general overview. Korean journal of radiology, 18(4), 570.

4. Klyuchnikov, N., Trofimov, I., Artemova, E., Salnikov, 
M., Fedorov, M., Filippov, A., & Burnaev, E. (2022). Nas-
bench-nlp: neural architecture search benchmark for natural 
language processing. IEEE Access, 10, 45736-45747.

5. Lu, Z., Whalen, I., Dhebar, Y., Deb, K., Goodman, E. D., 
Banzhaf, W., & Boddeti, V. N. (2020). Multiobjective 
evolutionary design of deep convolutional neural networks 
for image classification. IEEE Transactions on Evolutionary 
Computation, 25(2), 277-291.

6. Zhang, T., Lei, C., Zhang, Z., Meng, X. B., & Chen, C. 
P. (2021). AS-NAS: Adaptive scalable neural architecture 
search with reinforced evolutionary algorithm for deep 
learning. IEEE Transactions on Evolutionary Computation, 
25(5), 830-841.

7. Sun, Y., Sun, X., Fang, Y., Yen, G. G., & Liu, Y. (2021). 
A novel training protocol for performance predictors of 
evolutionary neural architecture search algorithms. IEEE 
Transactions on Evolutionary Computation, 25(3), 524-
536.

8. Verma, M., Sinha, P., Goyal, K., Verma, A., & Susan, S. 
(2019, June). A novel framework for neural architecture 
search in the hill climbing domain. In 2019 IEEE Second 
International Conference on Artificial Intelligence and 

Knowledge Engineering (AIKE) (pp. 1-8). IEEE.
9. Zhang, H., Jin, Y., Cheng, R., & Hao, K. (2020). Efficient 

evolutionary search of attention convolutional networks via 
sampled training and node inheritance. IEEE Transactions 
on Evolutionary Computation, 25(2), 371-385.

10. Liang, H., Zhang, S., Sun, J., He, X., Huang, W., Zhuang, 
K., & Li, Z. (2019). Darts+: Improved differentiable 
architecture search with early stopping. arXiv preprint 
arXiv:1909.06035. 

11. Li, L., & Talwalkar, A. (2020, August). Random search and 
reproducibility for neural architecture search. In Uncertainty 
in artificial intelligence (pp. 367-377). PMLR.

12. Chu, X., Zhou, T., Zhang, B., & Li, J. (2020, August). 
Fair darts: Eliminating unfair advantages in differentiable 
architecture search. In European conference on computer 
vision (pp. 465-480). Cham: Springer International 
Publishing.

13. Heuillet, A., Tabia, H., Arioui, H., & Youcef-Toumi, K. 
(2023). D-DARTS: Distributed differentiable architecture 
search. Pattern Recognition Letters, 176, 42-48.

14. Cummings, D., Sarah, A., Sridhar, S. N., Szankin, M., 
Munoz, J. P., & Sundaresan, S. (2022). A hardware-aware 
framework for accelerating neural architecture search 
across modalities. arXiv preprint arXiv:2205.10358.

15. Ying, C., Klein, A., Christiansen, E., Real, E., Murphy, 
K., & Hutter, F. (2019, May). Nas-bench-101: Towards 
reproducible neural architecture search. In International 
conference on machine learning (pp. 7105-7114). PMLR.

16. Cassimon, T., Vanneste, S., Bosmans, S., Mercelis, S., & 
Hellinckx, P. (2020). Using neural architecture search 
to optimize neural networks for embedded devices. In 
Advances on P2P, Parallel, Grid, Cloud and Internet 
Computing: Proceedings of the 14th International 
Conference on P2P, Parallel, Grid, Cloud and Internet 
Computing (3PGCIC-2019) 14 (pp. 684-693). Springer 
International Publishing.

17. Cheng, A. C., Dong, J. D., Hsu, C. H., Chang, S. H., Sun, M., 
Chang, S. C., ... & Juan, D. C. (2018, November). Searching 
toward pareto-optimal device-aware neural architectures. In 
Proceedings of the international conference on computer-
aided design (pp. 1-7).

18. Mozejko, M., Latkowski, T., Treszczotko, L., Szafraniuk, 
M., & Trojanowski, K. (2020). Superkernel neural 
architecture search for image denoising. In Proceedings of 
the IEEE/CVF Conference on Computer Vision and Pattern 
Recognition Workshops (pp. 484-485).

19. Lu, Z., Whalen, I., Dhebar, Y., Deb, K., Goodman, E. D., 
Banzhaf, W., & Boddeti, V. N. (2020). Multiobjective 
evolutionary design of deep convolutional neural networks 
for image classification. IEEE Transactions on Evolutionary 
Computation, 25(2), 277-291.

20. Meng, F., & Wang, Y. (2023). Transformers: Statistical 
interpretation, architectures and applications. Authorea 
Preprints.

21. Meng, B. G. F., & Ghena, B. (2023). Research on text 
recognition methods based on artificial intelligence and 
machine learning. preprint under review.

22. Meng, F., & Demeter, D. (2023). Sentiment analysis with 

https://doi.org/10.1109/TNNLS.2016.2582924
https://doi.org/10.1109/TNNLS.2016.2582924
https://doi.org/10.1109/TNNLS.2016.2582924
https://doi.org/10.1109/TNNLS.2016.2582924
https://doi.org/10.3348%2Fkjr.2017.18.4.570
https://doi.org/10.3348%2Fkjr.2017.18.4.570
https://doi.org/10.3348%2Fkjr.2017.18.4.570
https://doi.org/10.1109/ACCESS.2022.3169897
https://doi.org/10.1109/ACCESS.2022.3169897
https://doi.org/10.1109/ACCESS.2022.3169897
https://doi.org/10.1109/ACCESS.2022.3169897
https://doi.org/10.1109/TEVC.2020.3024708
https://doi.org/10.1109/TEVC.2020.3024708
https://doi.org/10.1109/TEVC.2020.3024708
https://doi.org/10.1109/TEVC.2020.3024708
https://doi.org/10.1109/TEVC.2020.3024708
https://doi.org/10.1109/TEVC.2021.3061466
https://doi.org/10.1109/TEVC.2021.3061466
https://doi.org/10.1109/TEVC.2021.3061466
https://doi.org/10.1109/TEVC.2021.3061466
https://doi.org/10.1109/TEVC.2021.3061466
https://doi.org/10.1109/TEVC.2021.3055076
https://doi.org/10.1109/TEVC.2021.3055076
https://doi.org/10.1109/TEVC.2021.3055076
https://doi.org/10.1109/TEVC.2021.3055076
https://doi.org/10.1109/TEVC.2021.3055076
https://doi.org/10.1109/AIKE.2019.00009
https://doi.org/10.1109/AIKE.2019.00009
https://doi.org/10.1109/AIKE.2019.00009
https://doi.org/10.1109/AIKE.2019.00009
https://doi.org/10.1109/AIKE.2019.00009
https://doi.org/10.1109/TEVC.2020.3040272
https://doi.org/10.1109/TEVC.2020.3040272
https://doi.org/10.1109/TEVC.2020.3040272
https://doi.org/10.1109/TEVC.2020.3040272
https://arxiv.org/abs/1909.06035
https://arxiv.org/abs/1909.06035
https://arxiv.org/abs/1909.06035
https://arxiv.org/abs/1909.06035
https://doi.org/10.1007/978-3-030-58555-6_28
https://doi.org/10.1007/978-3-030-58555-6_28
https://doi.org/10.1007/978-3-030-58555-6_28
https://doi.org/10.1007/978-3-030-58555-6_28
https://doi.org/10.1007/978-3-030-58555-6_28
https://doi.org/10.1016/j.patrec.2023.10.019
https://doi.org/10.1016/j.patrec.2023.10.019
https://doi.org/10.1016/j.patrec.2023.10.019
https://arxiv.org/abs/2205.10358
https://arxiv.org/abs/2205.10358
https://arxiv.org/abs/2205.10358
https://arxiv.org/abs/2205.10358
https://doi.org/10.1007/978-3-030-33509-0_64
https://doi.org/10.1007/978-3-030-33509-0_64
https://doi.org/10.1007/978-3-030-33509-0_64
https://doi.org/10.1007/978-3-030-33509-0_64
https://doi.org/10.1007/978-3-030-33509-0_64
https://doi.org/10.1007/978-3-030-33509-0_64
https://doi.org/10.1007/978-3-030-33509-0_64
https://doi.org/10.1007/978-3-030-33509-0_64
https://doi.org/10.1145/3240765.3243494
https://doi.org/10.1145/3240765.3243494
https://doi.org/10.1145/3240765.3243494
https://doi.org/10.1145/3240765.3243494
https://doi.org/10.1145/3240765.3243494
https://doi.org/10.1109/TEVC.2020.3024708
https://doi.org/10.1109/TEVC.2020.3024708
https://doi.org/10.1109/TEVC.2020.3024708
https://doi.org/10.1109/TEVC.2020.3024708
https://doi.org/10.1109/TEVC.2020.3024708
https://doi.org/10.36227/techrxiv.24638811.v1
https://doi.org/10.36227/techrxiv.24638811.v1
https://doi.org/10.36227/techrxiv.24638811.v1
https://arxiv.org/abs/2310.14505


   Volume 3 | Issue 3 | 5J Math Techniques Comput Math, 2024

adaptive multi-head attention in Transformer. arXiv preprint 
arXiv:2310.14505.

23. Razeghi, M., Dehzangi, A., Wu, D., McClintock, R., Zhang, 
Y., Durlin, Q., ... & Meng, F. (2019, May). Antimonite-
based gap-engineered type-II superlattice materials grown 
by MBE and MOCVD for the third generation of infrared 
imagers. In Infrared Technology and Applications XLV (Vol. 
11002, pp. 108-125). SPIE.

24. Meng, F., Zhang, L., Chen, Y., & Wang, Y. (2023). FedEmb: 
A Vertical and Hybrid Federated Learning Algorithm using 
Network And Feature Embedding Aggregation. arXiv 
preprint arXiv:2312.00102.

25. Meng, F., Zhang, L., Chen, Y., & Wang, Y. (2023). Sample-
based Dynamic Hierarchical Transformer with Layer and 
Head Flexibility via Contextual Bandit. Authorea Preprints.

26. Meng, F., & Wang, C. A. (2023). A Dynamic Interactive 
Learning Interface for Computer Science Education: 
Programming Decomposition Tool. Authorea Preprints.

27. Ling, C., Zhang, C., Wang, M., Meng, F., Du, L., & Yuan, 
X. (2020). Fast structured illumination microscopy via deep 
learning. Photonics Research, 8(8), 1350-1359.

28. Meng, F., Jagadeesan, L., & Thottan, M. (2021). Model-
based reinforcement learning for service mesh fault 
resiliency in a web application-level. arXiv preprint 
arXiv:2110.13621.

29. Wang, Y., Meng, F., Wang, X., & Xie, C. (2023). Optimizing 
the Passenger Flow for Airport Security Check. arXiv 
preprint arXiv:2312.05259.

30. Chen, J. J., Xu, Q., Wang, T., Meng, F. F., Li, Z. W., Fang, L. 
Q., & Liu, W. (2022). A dataset of diversity and distribution 
of rodents and shrews in China. Scientific Data, 9(1), 304.

31. Meng, F., Zhang, L., Wang, Y., & Zhao, Y. (2023). Joint 

detection algorithm for multiple cognitive users in spectrum 
sensing. Authorea Preprints.

32. Meng, B. G. F., & Ghena, B. (2023). Research on text 
recognition methods based on artificial intelligence and 
machine learning. preprint under review.

33. Meng, F., Zhang, L., Chen, Y., & Wang, Y. (2023). FedEmb: 
A Vertical and Hybrid Federated Learning Algorithm using 
Network And Feature Embedding Aggregation. arXiv 
preprint arXiv:2312.00102. 

34. Meng, F., Zhang, L., Chen, Y., & Wang, Y. (2023). Sample-
based Dynamic Hierarchical Transformer with Layer and 
Head Flexibility via Contextual Bandit. Authorea Preprints.

35. Meng, F., & Wang, C. A. (2023). A Dynamic Interactive 
Learning Interface for Computer Science Education: 
Programming Decomposition Tool. Authorea Preprints.

36. Meng, F., Jagadeesan, L., & Thottan, M. (2021). Model-
based reinforcement learning for service mesh fault 
resiliency in a web application-level. arXiv preprint 
arXiv:2110.13621.

37. Wang, Y., Meng, F., Wang, X., & Xie, C. (2023). Optimizing 
the Passenger Flow for Airport Security Check. arXiv 
preprint arXiv:2312.05259.

38. Chen, J. J., Xu, Q., Wang, T., Meng, F. F., Li, Z. W., Fang, L. 
Q., & Liu, W. (2022). A dataset of diversity and distribution 
of rodents and shrews in China. Scientific Data, 9(1), 304.

39. Meng, F., Zhang, L., Wang, Y., & Zhao, Y. (2023). Joint 
detection algorithm for multiple cognitive users in spectrum 
sensing. Authorea Preprints.

40. Meng, F., & Wang, Y. (2023). Transformers: Statistical 
interpretation, architectures and applications. Authorea 
Preprints.

Copyright: ©2024 Fanfei Meng, et al. This is an open-access article 
distributed under the terms of the Creative Commons Attribution License, 
which permits unrestricted use, distribution, and reproduction in any 
medium, provided the original author and source are credited.

https://opastpublishers.com

https://arxiv.org/abs/2310.14505
https://arxiv.org/abs/2310.14505
https://doi.org/10.1117/12.2521173
https://doi.org/10.1117/12.2521173
https://doi.org/10.1117/12.2521173
https://doi.org/10.1117/12.2521173
https://doi.org/10.1117/12.2521173
https://doi.org/10.1117/12.2521173
https://arxiv.org/abs/2312.00102
https://arxiv.org/abs/2312.00102
https://arxiv.org/abs/2312.00102
https://arxiv.org/abs/2312.00102
https://doi.org/10.36227/techrxiv.24680943.v1
https://doi.org/10.36227/techrxiv.24680943.v1
https://doi.org/10.36227/techrxiv.24680943.v1
https://doi.org/10.36227/techrxiv.24613701.v1
https://doi.org/10.36227/techrxiv.24613701.v1
https://doi.org/10.36227/techrxiv.24613701.v1
https://arxiv.org/abs/2110.13621
https://arxiv.org/abs/2110.13621
https://arxiv.org/abs/2110.13621
https://arxiv.org/abs/2110.13621
https://arxiv.org/abs/2312.05259
https://arxiv.org/abs/2312.05259
https://arxiv.org/abs/2312.05259
https://doi.org/10.1038/s41597-022-01422-2
https://doi.org/10.1038/s41597-022-01422-2
https://doi.org/10.1038/s41597-022-01422-2
https://doi.org/10.54254/2977-3903/4/2023053
https://doi.org/10.54254/2977-3903/4/2023053
https://doi.org/10.54254/2977-3903/4/2023053
https://doi.org/10.36227/techrxiv.24680943.v1
https://doi.org/10.36227/techrxiv.24680943.v1
https://doi.org/10.36227/techrxiv.24680943.v1
https://doi.org/10.36227/techrxiv.24613701.v1
https://doi.org/10.36227/techrxiv.24613701.v1
https://doi.org/10.36227/techrxiv.24613701.v1
https://arxiv.org/abs/2110.13621
https://arxiv.org/abs/2110.13621
https://arxiv.org/abs/2110.13621
https://arxiv.org/abs/2110.13621
https://arxiv.org/abs/2312.05259
https://arxiv.org/abs/2312.05259
https://arxiv.org/abs/2312.05259
https://doi.org/10.1038/s41597-022-01422-2
https://doi.org/10.1038/s41597-022-01422-2
https://doi.org/10.1038/s41597-022-01422-2
https://doi.org/10.54254/2977-3903/4/2023053
https://doi.org/10.54254/2977-3903/4/2023053
https://doi.org/10.54254/2977-3903/4/2023053
https://doi.org/10.36227/techrxiv.24638811.v1
https://doi.org/10.36227/techrxiv.24638811.v1
https://doi.org/10.36227/techrxiv.24638811.v1

