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Abstract. Modern transformer models have significantly expanded the capabilities of
automated text generation, posing new challenges for maintaining academic integrity in higher
education. Traditional plagiarism detection systems often fail to distinguish between student-
written work and Al-generated materials, underscoring the need for robust automatic detectors.
Accordingly, this article presents a comparative analysis of three approaches to detecting Al-
generated text in student submissions. The study focuses on a GPT-2 transformer-based classifier,
a CNN-LSTM hybrid architecture, and a classic LSTM model. Research objectives include
standardizing an experimental protocol and evaluating each method under varying computational
constraints and accuracy requirements. The experimental methodology comprises uniform
preprocessing of a labeled corpus of student assignments, splitting data into training and
validation sets, training models over multiple epochs with identical tokenization and optimization
parameters, and assessing their performance using precision, recall, and F1-score metrics.
Findings reveal that the transformer-based detector provides the deepest contextual
representations, the CNN-LSTM hybrid achieves an optimal balance between processing speed
and detection quality, and the LSTM model serves as an efficient, resource-saving baseline for
CPU-only environments. The authors conclude that method selection should align with available
infrastructure: transformers are suited for GPU-rich servers, hybrid architectures for mid-range
platforms, and LSTM modules for CPU-based setups. As a practical recommendation, the authors
propose integrating the hybrid detector into educational platforms alongside expert peer review
and regularly updating the training corpus to adapt to emerging types of Al-generated content.

Keywords: Deep Learning, Al-Generated Text, Academic Integrity, GPT-2, CNN-LSTM,
LSTM, Text Classification, Transformer Models, Hybrid Models.

Introduction.

Recent advancements in natural language processing (NLP) have led to the development of
advanced language models that can generate text nearly resembling human writing. Content
creation in many different fields has been revolutionized by transformer-based approaches such
GPT and BERT. However, these developments pose significant challenges to academic integrity
in higher education, where separating Al-generated from human-written materials is becoming
more and more important [1]. Mostly depending on apparent textual similarities, traditional
plagiarism detection algorithms sometimes fail to identify the subtle outputs produced by modern
artificial intelligence systems [2].

Deep learning-based approaches have been explored to find methods of handling these
difficulties. Since Long Short-Term Memory (LSTM) networks are excellent in capturing long-
range dependencies in text, they are ideal for modeling sequential patterns. LSTMs could thus

175



Ne4(39) AAA XAPLLbICHI

overlook minor local traits that distinguish actual content from machine-generated text.
Researchers have suggested hybrid models mixing LSTM architectures with CNNSs to address this.
Combining the LSTM's sequential modeling capability with CNN's mastery in local feature
extraction, these CNN-LSTM hybrids increase detection accuracy [3, 4].

Moreover, transformer-based models meant for text generation have been modified to
recognize tasks. By fine-tuning models like GPT-2 for classification or by looking at perplexity
measurements [5], researchers have found unusual patterns indicating of Al-generated text. Every
method has special advantages and drawbacks for scalability, computing economy, and accuracy.

The reason for implementing advanced models is clear: as higher education confronts the
rising challenge of academic dishonesty through Al-generated submissions, there is an urgent need
for effective automated detection methods. These technologies preserve academic integrity and
enhance digital content management on educational platforms [1, 2]. This study performs a
comparative analysis of three detection methodologies: LSTM-based, CNN-LSTM hybrid, and
GPT-2-based approaches, to assess their effectiveness in identifying Al-generated text and its
potential applications in higher education.

Literature Review.

For text classification, deep learning approaches have been looked into in great detail;
researchers have investigated several architectures to address problems in identifying traditional
and artificial-generated content. Especially LSTM and GRU variants, preliminary comparative
studies [6] provide a comprehensive evaluation of architectures including Convolutional Neural
Networks (CNN), Deep Belief Networks (DBN), and Recurrent Neural Networks (RNN), across
many classification tasks. Their analysis shows that whereas CNNs are particularly adept at
extracting local, position-invariant characteristics, RNN-based models are competent in capturing
long-range dependencies. Recent studies underscore the efficiency of LSTM-based models in
environments with limited computational resources, showing approximately 97 % accuracy in
detecting Al-generated texts even in languages with limited datasets. Given that performance is
quite sensitive to configuration selections, the study emphasizes the fundamental relevance of
hyperparameter tuning. Nonetheless, these models are less effective for shorter academic texts,
where local and nuanced textual features play a significant role, thereby limiting their applicability
in certain educational settings [7].

Building upon this basis, a hybrid CNN-LSTM model was proposed for the detection of fake
news [8]. This method utilizes the CNN component to extract prominent textual elements, while
the LSTM layer identifies the sequential relationships essential for differentiating between
authentic and fabricated news. The hybrid model demonstrated exceptional performance on the
ISOT Fake News Dataset, surpassing both conventional classifiers and independent deep learning
models. Recent comparative analyses demonstrate hybrid CNN-LSTM models’ superior accuracy
(up to 99 %) due to their balanced integration of local textual features captured by CNNs and
sequential context modeled by LSTMs. However, these hybrid architectures often require
considerable computational power and careful optimization to avoid overfitting, posing potential
constraints for institutional use [4]. This study emphasizes the benefit of integrating
complementary architectures to overcome individual limitations.

Additionally, recent studies have focused on transformer-based models to improve text
categorization and the identification of Al-generated material. One investigation examined the use
of BERT through its fine-tuning on datasets containing both human-written and Al-generated text
[9]. The research demonstrates that BERT, utilizing transfer learning with limited labeled data,
attains elevated accuracy, precision, and recall across several domains. The feature significance
analysis indicates that contextual embeddings obtained from BERT’s attention processes are
crucial for differentiating Al-generated material from human-written language. Transformer-based
detection methods achieve robust F1-scores (around 90 %) thanks to their advanced contextual
representations and self-attention mechanisms.
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Further extending the discussion on advanced language models, GPT-2 was introduced as a
transformative, unsupervised multitask learner [10]. Trained on the WebText dataset in a zero-
shot setting, GPT-2 exhibits competitive performance across numerous NLP benchmarks,
including question answering, machine translation, and summarization. The research indicates that
GPT-2's performance increases log-linearly with model size, highlighting the potential of large-
scale transformer models. Though originally intended for text production, the GPT-2 insights are
especially important for spotting Al-generated text. Its ability to create coherent, human-like
language not only makes it more difficult to distinguish between human- and artificial-generated
content but also provides a basis for creating more advanced detection systems. Yet, these models
also exhibit vulnerabilities, such as high computational demands, sensitivity to slight textual
alterations, and dependency on extensive fine-tuning data, thus potentially limiting their practical
use across varied academic contexts [5,11]. Moreover, these models can be used to improve
automated grading, essay evaluation, and plagiarism detection systems, so affecting higher
education as well. Table 1 summarizes a SWOT analysis of the three major classes of Al-
generated-text detectors — GPT-2-based, CNN-LSTM hybrid u LSTM-based architectures —
highlighting their relative strengths, weaknesses, opportunities u threats.

Table 1 — SWOT Analysis of Al-Generated Text Detection Models

Model Strengths Weaknesses Opportunities Threats
LSTM - Based | Lightweight, Limited local Leverage in low- Advanced
efficient feature resource adversarial text
sequential detection; environments; easy | generation may
modeling struggles with | deployment on CPU- | exploit
short texts only systems. sequential gaps.
CNN - LSTM | Combines local | Increased Hybrid architectures | Overfitting on
Hybrid feature model can be tuned for small datasets;
extraction with | complexity; optimal trade-off; maintenance
temporal context | higher training | supports on-premise | overhead.
cost use
GPT - 2 Based | Superior Resource- Regulatory Rapid evolution
contextual intensive; frameworks of LLMs may
embeddings, sensitive to encourage adoption; | outpace detector
highest accuracy | slight text fine-tuned domain updates.
variations models.

Apart from these deep learning approaches, traditional machine learning methods have also
been applied for evaluation of academic texts. To assess the structure and formatting quality of
student articles, a comparison study [12] including k-nearest neighbors, support vector regression,
and random forest was conducted on models. Their results highlight how conventional machine
learning techniques could evaluate text quality, so offering a different perspective on the more
recent deep learning techniques meant for material generated by artificial intelligence.

Additionally, the rise of advanced artificial intelligence-generated writing gradually
compromises academic integrity in higher education. A recent study looks at the complicated
problem of plagiarism and proposes that developing technology—especially artificial intelligence-
based detection systems—may greatly help to prevent academic misbehavior [13]. The study
emphasizes the need of advanced, technologically developed detection methods to support
institutional projects maintaining ethical standards by means of technology.

Recent developments in the US and Europe show widespread adoption of Al-generated text
detection within academic integrity policies, bolstered by the EU’s Artificial Intelligence Act’s
emphasis on transparency and ethical Al governance. In Kazakhstan and other Central Asian
countries, universities are adapting international best practices to manage generative Al despite
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the absence of a unified national framework. Across broader Asia, institutions favor balanced,
cautious approaches that pair automated detection with human review to reduce errors and bias.
Frameworks like the Al Ecological Education Policy Framework explicitly address pedagogical,
operational, and governance dimensions of responsible Al use in teaching [14], while the Higher
Education Act for Al (HEAT-AI) offers a risk-based regulatory model tailored for HEIs to ensure
accountability in detecting Al-generated content [15]. Effective integration in settings such as
Kazakhstan therefore requires combining advanced detection tools, clear institutional guidelines,
pedagogical adjustments, and vigilant human oversight to uphold academic integrity without
unfairly penalizing students.

These studies all together demonstrate the progression of text classification methodologies,
transitioning from initial architectures highlighting either local feature extraction or sequential
modeling to hybrid approaches that blend these functions, finishing in transformer-based methods
that represent intricate contextual relationships. The consequences for higher education are
important: the great efficiency of these models provides a good basis for the development of
automated verification systems as academic institutions face the difficulty of spotting submissions
created by artificial intelligence and maintaining academic integrity. Nonetheless, important
domains for ongoing study are dataset variety, model generalization, and the use of new
transformer topologies.

Materials and research methods.

Data Description

The "LLM - Detect Al Generated Text Dataset” [16] was chosen for this research and was
obtained from Kaggle. Academic essays categorized as either human-written or Al-generated
make up the dataset. To standardize the inputs, raw text samples were first preprocessed—that is,
converted to lowercase and punctuation removed. Using an 80/20 ratio, the dataset was split into
training and validation subsets thereby preserving balanced class distributions in both sets. To
guarantee consistency in input dimensions, uniform preprocessing—including tokenization,
normalization and padding to a set length of 512 tokens with PyTorch's pad_sequence—was
applied across all models.

Model Architectures

The first method utilizes a standard LSTM-based model for identifying Al-generated text.
As seen in Figure 1, the input goes through preprocessing, before its transformation into a sequence
of token indices. These indices are then passed to a 128-dimensional embedding layer, which
converts them into dense vector representations. A bidirectional LSTM with two layers and a
hidden size of 256 subsequently handles the embeddings. The output from the final time step of
the LSTM is processed through a dropout layer and subsequently directed into a fully connected
classifier, yielding a single logit for binary classification. This model utilizes extensive sequential
data inside the text, rendering it proficient at differentiating between human-generated and Al-
generated content.

Preprocessing

Text Lowercasing LSTM-Based Model (2 Layers, hidden=256)

Input Text Punctuation Removal Output Logit

Binary Classification
Human vs. Al

Text Normalization

-
3
Embedding Layer
(128-dim)
Bidirectional LSTM
Fully Connected Layer

Tokenization

Sequence Padding

A
Figure 1 — LSTM-based detection model
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The second method employs a hybrid model that integrates convolutional and LSTM layers
to capture both local and long-range dependencies in text. As shown in Figure 2, the preprocessing
steps, are similar to those of the LSTM-based method. Post-preprocessing, token indices are
converted into 128-dimensional embeddings, subsequently processed through a 1D convolutional
layer featuring 100 filters and a kernel size of 3 to extract local features. A ReLU activation and
dropout layer follow, with the convolutional outputs reshaped to serve as input for a bidirectional
LSTM with a hidden dimension of 128. The final forward and backward hidden states are
concatenated and directed to a fully connected layer, producing a single logit for binary
classification. By combining CNN-based feature extraction with LSTM-based temporal modeling,
this architecture efficiently differentiates human-authored text from Al-generated content.

Preprocessing

Input Text

Text Lowercasing

CNN-LSTM-Based Model (ConviD + BILSTM)

Punctuation Removal

Text Normalization

Output Logit

Binary Classification
Human vs. Al

1D Convolution
(100 filters, kernel=3)
¥
Rel U Activation + Dropout
Reshape for LSTM Input
v
Bidirectional LSTM
v
Fully Connected Layer

Tokenization

Sequence Padding

N/
Figure 2 — CNN-LSTM-based hybrid detection model

The final method utilizes a transformer-based model—specifically GPT-2—fine-tuned for
sequence classification. Figure 3 illustrates that the input text undergoes initial preprocessing,
followed by tokenization via the GPT-2 tokenizer, which use the end-of-sequence token for
padding and limits sequences to 512 tokens. A data collator dynamically manages padding at
runtime.  The generated token IDs and attention masks are subsequently fed into
GPT2ForSequenceClassification, a model that incorporates a classification head on top of the pre-
trained GPT-2 transformer. Leveraging the extensive contextual embeddings acquired from
unsupervised pre-training, the model may be fine-tuned to effectively differentiate between Al-
generated text and human-written information.

Preprocessing

Text Lowercasing

GPT-2-Based Model

Input Text Punctuation Removal

Output Logit

Pre-trained GPT-2
Transformer

v

Classification Head

Binary Classification
Human vs. Al

Text Normalization

Tokenization
(GPT2Tokenizer)

Sequence Padding

——
Figure 3 — GPT-2-based detection model

Experimental Setup
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All models were implemented via PyTorch and trained on GPU-enabled hardware to
guarantee efficient computation. The training procedure was the same across models: each
underwent training for 10 epochs with consistent data preprocessing, normalization, tokenization,
and sequence padding to ensure a fair comparison. The Adam optimizer, with a learning rate of
1e-3, was used for the LSTM-based and CNN-LSTM hybrid models, while training stability was
further enhanced by gradient clipping (maximum norm of 1.0) and a ReduceLROnPIlateau learning
rate scheduler. The GPT-2 model was fine-tuned with the Hugging Face Trainer APl with a
learning rate of 2e-5 and batch sizes of 4 for training and 8 for assessment. Evaluation measures,
such as accuracy, precision, recall, and F1-score, were calculated on the validation set utilizing
standard functions from scikit-learn, while hyperparameters were refined by grid search to
guarantee optimal performance.

To systematically assess model performance, we utilize four established assessment
metrics—Accuracy, Precision, Recall, and F1-score—as delineated below:

Accuracy reflects the overall correctness of classification and is computed as:

TP+TN (1)

Accuracy = ———
TP+TN+FP+FN

where TP and TN are true positives and true negatives, and FP and FN are false positives and
false negatives, respectively.

Precision indicates the proportion of texts labeled as Al-generated that truly are Al-
generated:

Precision = —— (2)
TP+FP

with TP as correctly identified Al-generated texts and FP as misclassified human texts.
Recall (sensitivity) measures the fraction of actual Al-generated texts detected:

Recall = —= (3)

TP+FN

where FN are Al-generated texts missed by the model.
F1-score harmonizes Precision and Recall into a single value:

Fl=2x Prec?s%oanecal] (4)
] . Precision+Recall
balancing both false positivs and false negatives.

Results and their discussion.

We evaluated the performance of the three models—GPT-2-based, LSTM-based, and CNN-
LSTM hybrid—on identifying Al-generated text using the standardized dataset outlined in Section
I1ILA. The research concentrated on quantifying essential performance parameters, including
accuracy, precision, recall, and Fl-score on the validation set. Table 2 encapsulates the
performance metrics: The GPT-2-based model attained an accuracy of 96.88%, with precision,
recall, and F1-score of 96.96%, 96.74%, and 96.85%, respectively; the CNN-LSTM hybrid model
achieved an accuracy of 95.16% and an F1-score of 94.94%; whereas the LSTM-based model
secured an accuracy of 94.64% and an F1-score of 94.29%.

Table 2 — Performance Comparison of GPT - 2, CNN - LSTM, and LSTM Models

Model Accuracy Precision Recall F1-Score

GPT - 2 Based 96.88% 96.96% 96.74% 96.85%
CNN - LSTM Hybrid 95.16% 94.28% 96.61% 94.94%
LSTM - Based 94.64% 93.43% 95.17% 94.29%
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Figure 4 displays a bar chart that contrasts the performance metrics—Accuracy, Precision,
Recall, and F1-Score—of the three models: GPT-2-based, CNN-LSTM hybrid, and LSTM-based.
The chart distinctly illustrates that the GPT-2-based model maintains an overall performance
advantage across all metrics, while the CNN-LSTM hybrid and LSTM-based models follow

closely with slightly lower values.
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Figure 4 — GPT-2, CNN-LSTM, and LSTM Model Performance Metrics

A representation of the training loss curves for each model over the course of ten epochs is
presented in Figure 5. The line graph illustrates the convergence behavior and stability of the
training process, with all models exhibiting a consistent reduction in loss as training advances.
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Figure 5 — Training Loss Curves for GPT-2, LSTM, and CNN-LSTM Models

As seen in Figure 6, the F1 score for each of the three models has changed during the course
of the training epochs. This graph demonstrates the enhancements in classification performance
throughout fine-tuning, further validating the robustness of each approach.
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Figure 6 — F1-Score Progression Over Training Epochs for GPT-2, LSTM, and CNN-
LSTM Models

To clarify the individual failure scenarios of each model, we provide a comprehensive error
analysis in Figure 7. The GPT-2 detector demonstrates minimal misclassifications, recording only
one false positive and six false negatives, suggesting that its deep contextual representations
proficiently disambiguate the majority of samples, however it may sometimes misread exceedingly
concise human-written or Al-generated texts. The CNN-LSTM hybrid has a greater yet balanced
error profile, including thirty false positives and thirteen false negatives, illustrating the trade-off
associated with merging local feature extraction with sequential modeling. The LSTM baseline,
although computationally efficient, has the highest total mistake count (sixty false positives and

nineteen false negatives), indicating challenges in recognizing the subtle textual patterns that
differentiate human and Al outputs. Figure 7 quantifies different mistake kinds, emphasizing
specific goal areas: minimizing false positives for GPT-2, adjusting threshold sensitivity for the
hybrid model, and enhancing context modeling for LSTM, thereby directing future improvements
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I False Negatives H

in detection robustness.
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Figure 7 — Misclassification Breakdown for Al-Text Detection Models

Clear trade-offs between the three approaches are shown by a comparative analysis.
Although the GPT-2-based model requires more computer resources and longer training times, it
uses deep contextual representations acquired by transfer learning to produce somewhat improved
results. By combining local feature extraction with sequential modeling, the CNN-LSTM hybrid

model offers a good balance between computational economy and excellent accuracy. On the
other hand, even if it is slightly less accurate, the LSTM-based model provides a simpler and more
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economical baseline The results show that specific application demands, including the requirement
for high accuracy compared to available computer resources, should guide model selection.

In order to evaluate our detectors’ resilience in a real-world educational setting, we put them
to the test using twenty anonymized student assignments from an undergraduate course and
concurrently produced twenty comparable Al-generated works for the same assignment with a
GPT-based text generator. Upon assessment using both the CNN-LSTM and GPT-2 detectors,
authentic student submissions exhibited Al-generation probabilities ranging from 72 % to 86 %,
indicative of occasional templated phrases, whereas the Al-generated submissions for identical
assignments attained scores of 96 % to 98 %, thereby validating their artificial origin. Moving
forward, incorporating additional data from diverse disciplines into our training set will further
improve model calibration, reduce false positives, and adapt to new writing styles and assignment
formats.

It is crucial to balance the computational demands and the infrastructure that is available
when implementing these models in real-world learning environments. Transformer-based
classifiers impose considerable memory and processing demands due to their multi-headed
attention methods and deep architecture, occasionally requiring specialized accelerators or
scalable cloud resources to provide satisfactory response times. In contrast, a hybrid architecture
that integrates convolutional feature extractors with a recurrent layer can function effectively on
less powerful hardware—such as ordinary servers or CPU-only systems—without significantly
compromising detection performance. The hybrid method is especially appropriate for schools that
need to reconcile academic integrity measures with financial and operational constraints. Model
selection should ultimately be informed by an institution's available computational resources,
maintenance capabilities, and the required level of detection robustness.

Considering the trade-offs in precision, computational demands, and intricacy, we utilized
GPT-2 for its superior detection capabilities, the CNN-LSTM hybrid for its ideal equilibrium of
efficiency and resilience, and the LSTM model for its simplicity and low resource requirements -
together accommaodating a broad spectrum of institutional needs.

Conclusion.

Finally, our comparison of three deep learning approaches—GPT-2-based, CNN-LSTM
hybrid, and LSTM-based models—for recognizing Al-generated text shows that every strategy
has better performance on the validation set. Thanks to its powerful contextual representations
and transfer learning capacity, the GPT-2-based model attained the highest accuracy and F1-score.
Concurrently, via clever integration of local feature extraction and sequential modeling, the CNN-
LSTM hybrid model obtained a great balance between accuracy and computing efficiency.
Especially in environments with limited computing resources, the LSTM-based model offers a
dependable baseline even if its relative simplicity and minimal resource needs show a lower raw
accuracy.

Especially in higher education, these results have major implications for artificial
intelligence text detection. Maintaining academic integrity in digital learning environments
depends on the ability to autonomously and accurately distinguish between human-generated and
artificial intelligence-generated material. Our results show that although they somewhat increase
performance, transformer-based models require more computing resources. On practical uses
where resource constraints are major, hybrid systems are appealing solutions as they can provide
equivalent accuracy with less complexity.

Future research will aim to extend the evaluation scope by incorporating bigger and more
diverse datasets, exploring other hybrid model configurations, and refining hyperparameter tuning
to enhance detection accuracy and adaptability in real educational settings.

References
1. Mishra, S. (2023). Enhancing Plagiarism Detection: The Role of Artificial Intelligence in
Upholding Academic Integrity. Library Philosophy & Practice.

183



Ne4(39) AAA XAPLLbICHI

2. Weber-Wulff, D., Anohina-Naumeca, A., Bjelobaba, S., Foltynek, T., Guerrero-Dib, J.,
Popoola, O., Sigut, P., & Waddington, L. (2023). Testing of detection tools for Al-generated text.
International Journal for Educational Integrity, 19(1), 26. https://doi.org/10.1007/s40979-023-
00146-z.

3. Luan, Y., & Lin, S. (2019). Research on text classification based on CNN and LSTM. In
Proceedings of the 2019 IEEE International Conference on Artificial Intelligence and Computer
Applications (ICAICA) (pp. 352-355). IEEE. https://doi.org/10.1109/ICAICA.2019.8873454.

4. Alshingiti, Z., Alagel, R., Al-Muhtadi, J., Hag, Q. E. U., Saleem, K., & Faheem, M. H.
(2023). A Deep Learning-Based Phishing Detection System Using CNN, LSTM, and LSTM-
CNN. Electronics, 12(1), 232. https://doi.org/10.3390/electronics12010232.

5. Tang, R., Chuang, Y.-N., & Hu, X. (2024). The science of detecting LLM-generated text.
Communications of the ACM, 67(4), 50-59. https://doi.org/10.1145/3624725.

6. Zulgarnain, M., Ghazali, R., Hassim, Y. M. M., & Rehan, M. (2020). A comparative
review on deep learning models for text classification. Indonesian Journal of Electrical
Engineering and Computer Science, 19(1), 325-335.
https://doi.org/10.11591/ijeecs.v19.i1.pp325-335

7. Kayabas, A., Topcu, A. E., Alzoubi, Y. 1., & Yildiz, M. (2025). A Deep Learning
Approach to Classify Al-Generated and Human-Written Texts. Applied Sciences, 15(10), 5541.
https://doi.org/10.3390/app15105541.

8. Utku, A. (2024). Hybrid CNN-LSTM model for fake news detection. Malatya Turgut
Ozal ~ University Journal of Engineering and Natural Sciences, 5(2), 28-36.
https://doi.org/10.46572/naturengs.1571897.

9. Walker, E., Evans, L., Mitchell, A., Zhang, Z., Patel, R., & Chen, I. (2024). Text
classification in detection of Al-generated content using BERT [Manuscript under reviewl].
Machine Learning and Systems Conference. https://doi.org/10.13140/RG.2.2.30193.90722.

10. Radford, A., Wu, J., Child, R., Luan, D., Amodei, D., & Sutskever, I. (2019). Language
models are unsupervised multitask learners. OpenAl Blog

11. Guerrero, J. A. (2023). Detecting Al generated text using neural networks (Master's
thesis, Texas A&M University).

12. Kaibassova, D., & Nurtay, M. (2022). The comparative analysis of machine learning
models for quality assessment of textual academic works. In Proceedings of the 2022
International Conference on Smart Information Systems and Technologies (SIST) (pp. 1-4). IEEE.
https://doi.org/10.1109/S1ST54437.2022.9945714.

13. Mulenga, R., & Shilongo, H. (2024). Academic integrity in higher education:
Understanding and addressing plagiarism. Acta Pedagogia Asiana, 3(1), 30-43.
https://doi.org/10.53623/apga.v3i1.337

14. Chan, C. K. Y. (2023). A comprehensive Al policy education framework for university
teaching and learning. International Journal of Educational Technology in Higher Education, 20,
Article 38. https://doi.org/10.1186/s41239-023-00408-3.

15. Temper, M., Tjoa, S., & David, L. (2025). Higher Education Act for Al (HEAT-AI): A
framework to regulate the usage of Al in higher education institutions. Frontiers in Education,
10, Article 1505370. https://doi.org/10.3389/feduc.2025.1505370.

16. Thite, S. (2023). LLM — Detect Al generated text dataset (Version 1) [Data set]. Kaggle.
https://www.kaggle.com/datasets/sunilthite/lim-detect-ai-generated-text-dataset/data.

CTYAEHTTEPAIH MOTIHAIK TAIICBIPMAJIAPBIHAAFBI )KACAH/IbI
HUHTEJUVIEKTIMEH KACAJIFAH MOTIHAI AHBIKTAY MOAEJIBJIEPIHIH
CAJIBICTBIPMAJIBI TAJITIAYBI

Anoamna. Kazipei mpancghopmeprnix mooenvoep agmomammol MIMiH 2eHEPAYUSICHIHbLY
MYMKIHOIKMEPIH e0ayip KeHetumin, Hco2apebl 0Ky OpPbIHOAPbIHOA aKAOeMUSIbIK a0dl0blKmbl
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KAMMamacsl3 emyoe Hcaya CblHaKmapowvl MyblHOAmmul. J{ocmypii anmuniaecuam xcyuenepi
cmyOeHmmiy O63IHOIK JHCYMbICbl MEH JHCACAHObl UHMENIeKMNEeH JCACAN2aH Mamepuaiobl
asxcvlpama aimatiovl, COHOLIKMAH CEeHIMOI aBMoMammul AHLIKIMAYWbLIAP 23ipiey 03eKmi 60.1bin
mabwviiaovl.  Ocvlzan — Oatilanbicmsvl — Makaiada  cmyoeHmmix — ocymvicmapoazvl  HHU-
2EHEPAYUANAHEAH MIMIHOI  AHLIKMAYOblY YWl Hezi3el 0ICIHIY CalblCmMblpMalbl Manidayvl
acypeizinoi. 3epmmey uvicanvl — GPT-2 mpancghopmepine nezizoencen andvin ana oxvimwlizam
knaccugpuxamop, CNN-LSTM cubpuomix apxumexkmypa owcone kiaccuxanwvix LSTM-mooeni.
3epmmey mindemmepi: 3KcnepumMenmmix NPOMoKoLOblL Oipiz0eHdipy, depekmepdi cananbl Al0bIH
ana eyoey dcone ap Maciloiy ecenmey Kyamvl MeH O0dN0IK MANANMAPLIHA CIUKeC MUIMOLNICTH
Jrcan-gicakmol Oazanay. 3epmmey a0icmemeci anOblH aAlad 6HOEN2eH CMYOeHMMIK HCYMbICIAp
KOpnycwlH Oipezeti MOKEHU3AYUST HCIHE ONMUMUZAYUS NaApamMempiepiMen OKY JCoHe meKcepy
AHCUBIHMBIKMAPLIHA 001y, MoOenvboepdi Oiphewe snoxada Oipoell eunepnapamempiepmet
O0auiblHOay, Hamudicenepdi 0a10iKk, Kammy dicane F1-kopcemkiwmepi Ootvinua carblcmolpyOaH
mypaovi. Homuoicenep kepcemkenoel, mpaHc@opmepiik Oemexkmop ey mepey KOHMEKCMIK
Oetinenenyoi Kammamacwsi3 emin, ey xcoeapwl 0a10ik kopcemin, CNN-LSTM cubpudi scolnoamoviy
nen cananvl muimoi meyecmipce, LSTM-mooeni GPU-konoaycwlz opmaoa pecypcmol yHeMOeUumin
bazanvlk wewim peminde OHMAUAbL eKeHiH 0anendedi. KopvimulHOvicbinOa aemopaap
UHPAKYPLLIBIM MATIANMAPbIHA CIUKeC d0IiCmi Mayoay Maubl30bl eKeHiH aman, Hco2apvl OHIMOI
GPU cepsepnepi ywin mpauncgopmepiix apxumexmypanapovl, opma OeHeelli annapammoik
nramgopmaoa cubpuomix wewimoepoi, ar mex CPU-nezizinoeei opmaoa LSTM-mo0yneoepoi
KOJOaHYObl YCblHAObL. [Ipakmukanvly YCulHbIC pemiHOe 2ubpuomix demekmopowsl Oinim Oepy
naamgopmanapvina capanmamanvlk peyeHnsusmer Oipee eH2izin, OKblmy O0epeKKOpblH YHeMi
JHcanapmuin omulpyobl YCblHAObI.

Tyitin co30ep: Tepen oxvimy, JKacanovl unmennekmnen sxcacan2an Momit, Akademusivly
aoanovix, GPT-2, CNN-LSTM eubpuomix mooeni, LSTM, Maminoi scikmey, Tpancghopmepnix
mooenvoep, I'ubpuomix mooenvoep.

CPABHUTEJIbHBIA AHAJIN3 MOJEJIEIL OBHAPYKEHUS TEKCTA,
CI'EHEPUPOBAHHBIX UH, B TEKCTOBbBIX 3AJJAHUAX CTYJAEHTOB

Annomayun. CospemeHnnvle MPAHCHOPMEPHBIE MOOEIU CYUECMBEHHO PACUUPUTU
B03MONCHOCIMU ABMOMAMUYECKOU 2eHepayuu MekCmos, Ymo Cco30aém Ho8ble 6bl308bl Ol
obecneuenusi akademuueckou wecmuocmu 6 6yzax. Cucmemvl awmuniacuama Hepeoko He
paznyaiom — pabomvl,  HANUCAHHbIE — CIMYOEHMOM, U  MAMepuansl, C2eHepUpoOBaHHble
UCKYCCMBEHHbIM UHMELIEKMOM, Ymo 00yClasIueaem akmyaibHOCmb pa3padomru HaAOEHCHbIX
aemomamuieckux 0emekmopos. B cesasu ¢ smum 6 dannoil cmamve 8bINOIHEH CPABHUMENbHBLIL
amanuz mpéx nooxo008 K obuapyscenuro HMHU-zenepuposanno2o mexkcma 6 CmyOeHuecKux
pabomax. [Ipedmem uccredosanuss — ocobenHocmu pabomol Kiaccuguxkamopa Ha baze GPT-2,
eubpuonou apxumexmypvt CNN-LSTM u knaccuueckou LSTM-mooenu. 3aoauu exnmouarom
Gopmuposanue eOuHo020 IKCNEPUMEHMATbHO2O NPOMOKOLA U OYEHKY Kadxic0020 Memood 6
VCILOBUSIX OCPAHUYEHHBIX BbIYUCTUMENbHBIX PECYPCO8 U PA3IUUHBIX MPeOOBAHULl K MOYHOCTMU.
IKCnepumMeHmanvHas mMemoouka Uuccied08amenbCkol pabomuvl cOCmoum u3 eouHooOpa3Hou
npedobpabomKy  pasmedenHHo20 KOpnyca Ccmyoenuyeckux pabom, paszoenenus OaHHbIX HaA
00YyUaOWyI0 U 8ANUOAYUOHHYIO 8bLOOPKU, 0OVUEHUSL MOOeTell 8 HECKOILKO dNOX ¢ OOUHAKOBbIMU
napamempamy MoOKeHUu3ayuu U ONMUMUZAYUU, a4 MAKIce OYeHKU Uux 3pgexmuenocmu no
nokazamensim moyHocmu, noanomol u F'l1-mepwvi. Pezyiomamul ucciedosanus nokaswléaom, 4mo
demexmop HA OCHO8e MmpaHcgopmepa obecneuugaem Haubolee 21yO60Koe KOHMEKCMHOe
npeocmasnenue, eubpuonviti CNN-LSTM oOemoncmpupyem onmumanvHulli OANAHC MeEHCOY
cKopocmbvo 00pabomiu u kawecmsom oonapyicerus, a LSTM-mooens ocmaémes s¢hpexmusrvim
u pecypcocbepezarowum peutenuem oasa cucmem 6e3z oocmyna k GPU. Asmopwl npuwinu K 61600Y,
4mo 6blOOP Memooa OOIAHCEH OCHOBLIBAMBCS HA OOCMYNHOU UHppacmpyKkmype: mpauncgopmepol
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n00X00Am 0Jisl 8bICOKONPOU3800UmMENbHLIX cepeepos ¢ GPU, eubpudnvle apxumexmypvl — 0714
nramegopm cpeoneii npouzsooumenvhocmu, a LSTM-mooyru — ona CPU-okpyocenus. B
Kavecmee npaxkmuyecKkoll peKkoMeHOayuu aemopamu npeoiazaemcs UHmezpuposams cuOPUOHbL
demexkmop 6 obpazosamenvuvie NIAMPOPMbL COBMECMHO C IKCHEPMHBIM DEYEH3UPOBAHUEM U
pe2ysipHO 00HO8IAMb 00yuarowyo 6asy 0nsa adanmayuu K Hoevlm munam MH-konmenma.

Kniouesvie cnosa: I'nyooxoe obyuenue, Texcm, ceenepuposanmnviti U, Axademuuecxas

YecmHocms,

GPT-2, Tubpuounas mooeno CNN-LSTM, LSTM, Kraccugurayus mexcma,

Tpancghopmeprvie modenu, I'ubpudnvie mooenu.
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