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AHHoTanus. FpuibiMu jkapusIaHbIMIAP CaHBIHBIH apTYhl FHUIBIMU MOTIHAEPAL
pedeparTaynbiH THIMAI SICTEPIH KOJTAHYABl KaKeT erel. JocTypii 3KCTpakTHUBTI
TOCUIIEp MOTIHHIH JIOTMKAJIBIK KYPBUIBIMBIH CakTayFa MYMKIHAIK Oepmeiini, an ab-
CTPAKTUBTI >KaJIIbLIAy SICTEpPl KYPBUIBIMBI KYPAEl KYXKaTTap/abl eHjey OapbIChIHAA
KUbIHABIKTapFra Tan 0osajael. OChl 3epTTeye FHUIBIMU MOTIHJAEPAl aOCTPaKTUBTI JKaj-
IblJIay CallachlH apTThIpyFa OaFbITTajFaH CaJbICThIpMaibl Oarajiay MOJEsl YChIHbLIA-
nel. 3eprreyne BART-base xone BART-large monenbaepine canpicThipMalibl Oaraay
Kyprizuiai. Moaenbaepal KockiMIlia OKbITY yiniH arXiv skone PubMed nepexkopia-
peiHaH anbiHFaH 17 038 kyxkarran TyparbiH kopryc naigananbuiisl. ROUGE xone
BLEU metpukanapbl apKblIbl )Kyprizuire 0aranay Hotwxkenepi BART-large Mmoneninig
BART-base moneninen xorapbl HOTIKE KopceTkeHiH aHbIKTaael: ROUGE-1 = 00,2224,
ROUGE-2 = 0,0695 xxone BLEU = 0,29. An BART-base moneni ROUGE-1 = 0,1932
xone BLEU = 0,25 notmxenepine kon xetkizni. ConpiMen karap, BART-large monei
ce3 TipKecTepl AeHIeHiH e )KOFapbhIpaK MOTIHAIK YHIECIMIUIIK KOPCETTI.

Tyiiinai cesnep: adctpaxtusti pedeparray, BART, ROUGE, NLP, motin rene-
panuschel, MOJENIbACPIl Oaranay
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AHHoTanus. Poct koinyecTBa Hay4HbIX NyOMuMKauui TpeOyeT NpUMEHEHHS
3¢ (EeKTUBHBIX METOJ0B pedepupoBaHusl HayYHbIX TEKCTOB. TpajauLMOHHBIE HKCTPAK-
THUBHBIE [TOJIX0/IbI HE TO3BOJISIFOT COXPAHATH JIOTUYECKYIO CTPYKTYPY TEKCTa, B TO BpeMsI
KaK METOJIbI a0CTPAKTUBHOTO 00OOIICHUS UCTIBITHIBAIOT TPYAHOCTH MpU 00pabOTKE J10-
KyMEHTOB CO CJIOKHOW CTPYKTypoil. B HacTosiiieM uccieqoBaHuu MpejiokKeHa CpaB-
HUTEJIbHAs MOJIENIb OLICHKH, HalpaBJieHHasl Ha MOBBIIIEHHE KauecTBa aOCTPAKTUBHOTO
0000111eH1s HAyYHBIX TEKCTOB. B nccienoBaHuy rpeicTaBieHa CpaBHUTENbHAs OLIEHKA
moneneit BART-base u BART-large. [[ns mooOy4ueHust Mojienei ucmoib30Baics KOpITyc,
conepkamuii 17 038 nokymentoB u3 6a3 nannbix arXiv u PubMed. Onenka ¢ ucmnoss-
3oBanueM Metpuk ROUGE u BLEU nokasana, uto moaens BART-large npeBocxoaut
BART-base, nocturays 3nauenunit ROUGE-1 = 0,2224, ROUGE-2 = 0,0695 u BLEU =
0,29. B cBoto ouepenn, mozenb BART-base npogemoncTpuponana 3nauenuss ROUGE-1
=0,1932 u BLEU = 0,25. Monens BART-large Takxe npoaeMoHcTpupoBaia 6osiee Bbl-
COKYIO CBA3HOCTb Ha YpOBHE (pa3.

KuioueBnle ciioBa: abctpaktuBHoe pedepupoBanue, BART, ROUGE, NLP, re-
Hepauus TeKCTa, OLIEHKa MOJieIen
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Introduction.

The rapid growth of digitalization and the introduction of the Internet of Things
and intelligent systems in areas such as fitness (Hladkyi et al., 2021), healthcare
(Ananthula et al., 2024) and smart offices (Neftissov et al., 2023) have significantly
increased the volume of text data. This highlights the need for automated approaches
to information processing and synthesis. Existing large-scale datasets for abstracting
usually cover small texts. The average length of articles in the CNN/Daily Mail dataset
is about 600 words (Hermann et al., 2015). Some studies confirm the effectiveness
of hybrid models combining statistical and semantic methods. (Larsen et al., 2010;
Babenko et al., 2024; Biloshchytska et al., 2025). In this study, we develop a model for
high-quality generalization of long texts.

The relevance of developing a method of abstract abstracting of scientific texts
in English is due to the need to optimize scientific information. While research is mainly
focused on extractive approaches (Nallapati et al., 2016; Vanderwende et al., 2007),
modern neural network models such as seq2seq have shown promising results (Nallapati
et al., 2016; See, et al., 2017; Li et al., 2017). However, when processing long and
structured texts, they face difficulties in maintaining context (Shao et al., 2017).

The research hypothesis. The use of an integrated approach combining artificial
intelligence and deep learning technologies will make it possible to develop an effective
method for abstracting scientific texts in English. It is expected that this method will
significantly improve the process of extracting key information from scientific texts.

Goals and objectives of the study. The purpose of the research is to develop
and test a method of abstract abstracting of scientific texts in English, which provides
automatic creation of concise and informative summaries reflecting the key content of
the source documents.

Materials and methods.

The focus is on methods using neural networks and statistical approaches. There
are extractive and abstract text-based summarization approaches. The output of the
first approach is a summary generated from key sentences of the input text, the second
generates new sentences that are not present in the input text (Jones et al., 2007).

Extractive statistical methods, such as frequency analysis of the Moon (Luhn,
1958), were effective for short texts. Later improvements with vector models (Yu et al.,
2020) increased their accuracy, but they remain limited for long scientific texts.

Graph methods, such as LexRank (Erkan et al., 2004), have improved the quality
of abstracting by considering the relationships between sentences, but are limited when
working with scientific texts (Gunes, 2004). Later, Plaza (2008) proposed concept
graphs with ontologies, which increased efficiency for specialized fields (Plaza et
al., 2008). However, such methods require manual tuning that limits scalability. The
summarized text generated by extractive methods is not carefully filtered and often
contain unnecessary information. It may not catch overall value of the text if key
information covers several sentences.

Abstract methods form new sentences, which makes summaries more informative
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and coherent. The first step was the Pointer-Generator model (See et al., 2017), followed
by T5 (Raffel et al., 2020) and BART (Lewis et al., 2020), which showed high generation
quality, but sometimes created redundant texts. The use of attention mechanisms and
hybrid architectures (Song et al., 2019; Bahdanau et al., 2014). improved the processing
of semantics, and multilingual models (ruT5, mBART) confirmed their effectiveness for
different languages. In general, abstract approaches are superior to extractive ones. This
method handles more details in the text, but they require a lot of data for training.

The quality and relevance of the data directly determine the effectiveness of
the model (Lewis et al., 2020); therefore, special attention is paid to scientific texts
in English. For the study, several datasets were considered, analyzed according to the
criteria of structure, relevance and suitability for abstract abstracting.

Table 1. Comparative analysis of datasets

Dataset Source Content Advantages Limitations Suitability
Topic Modeling for Titles, Abstracts, Structured metadata,
Research Articles Kaggle Keywords thematic analysis 10 full text Low
No scientific texts,
Latest Research Kaggle Titles, Full texts Current publications no standard Average
Articles .. .
scientific sections
Wikipedia ‘Wikipedia, Promotional articles, The possibility of N ientific text L
Promotional Articles Kaggle Metadata, Full texts stylistic analysis On-SCISNULC texts ow
co -1.9 Vaccine Kaggle Titles, Full texts Full content Limited to anarrow Average
Articles topic
. . Titles, Abstracts, Links| Extensive storage, Text extraction is .
arXiy, Dataset aXiy, Kaggle to PDFs, Metadata scalability required High
. arXiv, Full texts Abstracts, Full content, clear .
The arXiyg Dataset Mendeley Sections, Metadata structure - Very high

As shown in Table 1, most datasets (Kaggle, Wikipedia) are limited by the lack
of full texts or narrow topics, whereas «The arXiv Dataset» (Mendeley Data, 2021),
created on the basis of arXiv and PubMed, with full texts, annotations and section
structure, proved to be the most suitable for abstract abstracting due to its scale and
high-quality preparation data.

Table 2. Description of the cleaned datasets

arXive PubMed
Text length Abstract length Text length Abstract length
Count | 17038
Mean | 263.44 11.75 88.89 6.85
Std 102.57 2.13 60.56 2.88
Min 100.00 10.00 3.00 1.00
25% 179.00 10.00 47.00 5.00
50% 252.00 11.00 77.00 7.00
75% 338.00 13.00 113.00 9.00
Max 500.00 20.00 1887.00 23.00

Combining and cleaning data from these sources resulted in the creation of a
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final set of 17,038 records (see Table 2).

The data set includes 17,038 records and 35 columns containing identifiers, full
texts, annotations, and metrics, as shown in Figure 1. For quality control, a selective
validation of the astro-ph0202198 article was performed, confirming a match with the
original on the arXiv.
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Fig. 1. Dataset structure.

After a data cleaning the texts were reduced to lowercase, excluded HTML and
URLSs, normalized and tokenized; signs of length and number of sentences were created.

Data analysis revealed that articles contain an average of 200-250 words,
annotations — 10—12 sentences, accounting for 15-25 % of the text (see Figures 2-4).
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As shown in Figure 5 long texts contain fewer information-rich words.

Data preparation. To implement the task of automatic abstracting of scientific
texts, the main columns were selected: the full texts of articles and their annotations.
The data was then divided into training, validation, and test sets in the proportions of 80
%, 10 %, and 10 %. The total number of examples is shown in Table 3.

Table 3. Data separation

Dataset Number of examples
Train 17 038

Validation 1704

Test 1704

Abstractive summarization is one of the key tasks of natural language processing
and is aimed at generating annotations that convey the main ideas of the source text using
new formulations. The approach is based on maximizing the conditional probability
P(Y|X), where X is the source text and Y is the abstract, and is implemented using
modern deep learning architectures. The most widely used models are Seq2Seq with the
attention mechanism, Transformer, BART, T5, and GPT.

A model of Sequence-to-Sequence (Seq2Seq) is used to convert the input
sequence X = {x1, Xz, ..., X»} in the output sequence Y = {yi, y, ..., yn} even when the
difference in their lengths. The architecture includes an encoder and a decoder interacting
through a hidden representation.

The encoder generates hidden states:

h’t = f(h't_lr -xt} (1)

where f is implemented via GRU or LSTM. The final state of “h,, is passed
to the decoder, which generates output tokens step by step, updating the state using the
formula:

St =4 (St_ll Ti‘._ly h}a (2)

where g is a nonlinear function like the function f- The probability of predicting
the entire output sequence is defined as:

PYVX)=I[Z P VYL, o YVe-1, h), 3)

To improve the quality of predictions, an attention mechanism is used, which
allows the decoder to focus on the most significant parts of the input sequence when
generating each token. The significance weight of the input token o 1s calculated as:
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where e; = score (s;, /) is a function estimating the importance of the i-th input
token for generating the #-th output token (Zhang et al., 2024).

The main advantage of BART is the combination of a bidirectional encoder and
an autoregressive decoder, which provides context understanding and generation of
new formulations. The model is trained on the task of restoring distorted text X from
its modified version X~, which uses word deletion, sentence rearrangement, and noise
addition.

At the encoding stage, a hidden representation is formed.:

H = Encoder(X ). 5)

where H = {Hi, h:, ..., h,} represents the hidden states of the encoder. At the
decoding stage, the model sequentially generates the output sequence Y = {y1, yz, ..., Y}
The probability of the output sequence is calculated as follows:

POYVvX)=TI" Py Vyy, oo, Vo1, B)s (6)

where P(y: | yi, ..., y1, H) is the probability of the next token based on previously
generated tokens and the hidden representation of the encoder (Tsvetkov et al., 2008).

Generative Pre-trained Transformer (GPT) is pre-trained on large bodies of
texts, which ensures its effectiveness in language processing tasks, including abstract
abstracting. The basis is an autoregressive mechanism, where each y_t token is predicted
based on the previous {yi, y2, ..., yir-1}:

PY)=TIE1 Py VY1, e, Ve—1)s

(7
The model is based on a transformer decoder and an attentional mechanism.:
) kT
Attention | Q, K, V)= softmax|—=|V,

where O, K, and V' are matrices of queries, keys, and values, and d is the
dimension of the keys. This formula provides the calculation of weighted values, which
helps the model to better understand the context of the text (Zhong et al., 2024).

The BART model was chosen for the study, as it combines bidirectional encoding
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and auto-correction, processes context efficiently, is resistant to data skips, and shows
stable results with limited training samples.
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Fig. 6. Comparison of BART-base and BART-large architectures.

Depending on the computing capabilities and the requirements for the quality
of text generation, BART is presented in two versions (see Figure 6): BART-base and
BART-large. Each of them has its own advantages and limitations, which determines
their application in various scenarios of summarization.

Table 4. Comparison of BART models

BART-base BART-large
. ) ) 24 layers, 1024 lidden, 16 heads,
Specifications 12 layers, 768 hidden, 16 heads, 139M parameters 406M parameters
. - . Deep architecture, improved
Features Compact version optimized for limited resources context understanding
) Higher accuracy, better
Advantages Balance between quality and cost connection detection
o Text generation, abstract abstracting, Machine Long and complex texts,
Application ) .. .
translation, QA scientific articles

Due to the fixed size of the input context of the model, the maximum length of
sequences was set: 512 tokens for article introductions and 150 tokens for annotations.
This limitation is since BART supports up to 1024 tokens, but 512 are enough for
introductions of scientific articles, and the average length of annotations does not exceed
150 words, as shown in Table 5.

Table 5. Limiting the length of sequences

Length Value Justification
BART supports up to 1024 tokens, but 512 15 enough for
introductions of scientific articles.

The average length of scientific abstracts does not exceed
150 words.

Input data 512 tokens

Qutput data 150 tokens
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Fig. 7. Encoder-Decoder architecture (Source: (Brown et al., 2020)).

BART-base and BART-large allow you to paraphrase the source text while
maintaining its structural integrity. BART-base provides a balance between quality and
computational costs, which makes it convenient for practical implementation, while
BART-large demonstrates maximum accuracy through deep context processing.

To assess the quality of automatic abstracting, metrics are used that compare
generated annotations with reference ones. The main one is ROUGE, a standard in
summation that measures match at the level of n-grams and word sequences. Additionally,
the BLEU metric was used.

BLEU is one of the main metrics for evaluating the quality of automatically
generated text, originally used in machine translation (Brown et al., 2020). It compares
the generated text with the reference text based on the coincidence of word sequences
(n-grams).

To avoid a situation where the model creates texts that are too short and have a
high overlap, a brevity penalty (BP) is introduced:

l,ifc =r
BP = E(l—%),ifcsr
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where c is the length of the generated text (hypothesis), and  is the length of the
reference text. If the generated text is shorter than the reference text, the penalty reduces
the final BLEU score. The final formula for calculating BLEU includes a geometric
mean of n-gram accuracy and a brevity penalty:

N
BLEU = BP = exp Z wylogPh,

n=1

where B, is the accuracy of n-gram matches, @y, are the weights for different
n-grams (usually assumed to be equal), and N is the maximum length of n-grams.

BLEU is focused on precision, whereas ROUGE is primarily concerned with
completeness. This means that BLEU better evaluates the correspondence of the
generated text to the reference in terms of the accuracy of individual phrases, while
ROUGE measures how fully the source text was reflected in the final annotation.

Recall-oriented understudy for gisting evaluation (ROUGE)

ROUGE metrics, which are the standard in automatic abstracting tasks, were
used to evaluate the quality of annotations (Lewis et al., 2019).

ROUGE-1 measures word matches (unigrams):

Ywew Min (countgen (w), count?.ef(m))

Ywew countyqr (w)

ROUGE —1 =

where ecpunt en (ew) — is the number of occurrences of the word © in
the generated text, count,.p(w) — is the number of occurrences of a word in the
reference annotation, and W is the set of all words in the reference text.

The ROUGE-2 metric evaluates the coincidence of pairs of consecutive words
(bigrams), which makes it possible to identify the preservation of local context and
sentence coherence:

Ypep Min (countgen (b), count,,; (b})

ROUGE — 2 =
Ypep count,..(b)

where B is the set of all bigrams in the reference text.

The ROUGE-L metric is based on the search for the Longest Common Sequence
(LCS), which allows you to evaluate the grammatical and structural consistency between
the generated and reference text.

This metric considers the word order and is calculated as follows:
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LCS(gen,ref)

ROUGE — L =
length(ref)

where LCS (y en,re f) — is the length of the largest common subsequence
between the generated text and the reference annotation.

ROUGE metrics are limited by lexical overlap and do not consider semantics,
which may underestimate the quality of annotations. In the future, it is worth using
BERTScore and METEOR metrics that consider semantic connections.

Results and discussion.

To assess the quality of the annotations, the pre-trained and pre-trained versions
of BART-base and BART-large were compared on the corpus of scientific articles using
the ROUGE metric.

Table 6. Results of pre-trained models on the test set

Model ROUGE-1 ROUGE-2 ROUGE-L ROUGE-Lsum
0 BART-base 0.1803 0.0417 0.0960 0.0961
BART-large 0.1881 0.0507 0.1088 0.1088

At the first stage of testing, the pre-trained versions of BART-base and BART-
large were evaluated without additional training based on scientific articles. The results
presented in Table 6 demonstrate the initial performance of the models.

Despite the more complex architecture of BART-large, its performance is only
slightly higher than that of BART-base. This indicates that without additional training in
a specialized corpus, models are not able to effectively consider the features of a scientific
text. The main reason for this limited effectiveness is that pre-trained transformational
models, including BART, are most often trained on the corpus of news articles, social
networks, and other sources focused on generalized language rather than an academic
style of presentation.

To improve the quality of summarization of scientific texts, both models, BART-
base and BART-large, were further trained on a specialized corpus of articles. The
main stages included marking up and preprocessing data, choosing a learning strategy,
determining optimal hyperparameters, monitoring the learning process, and subsequent
quality assessment.

The key parameters are the batch size, the learning rate, the optimization strategy,
the number of epochs, and the schedule for changing the learning rate.

1. Batch size = 8 — the value is selected based on the balance between learning
efficiency and available memory.

2. Learning rate = 3e-5 — the learning rate was set based on empirical observations
and recommendations for setting up BART.

3. AdamW optimizer — was chosen as the main algorithm for updating weights
because it works efficiently with large models by enabling weight decay.
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4. Weight decay = 0.01 — this parameter prevents overfitting by limiting the
amount of weight updates.

5. Number of epochs = 3 and 5 — the model was tested after 3 and 5 epochs,
since preliminary experiments showed that with prolonged training, the model ceases to
improve significantly.

In addition, a scheduler was used, which allowed the model to gradually reduce
the learning rate, stabilizing the process of updating weights.

The results of BART-base retraining are presented in Table 7, which shows the
ROUGE metrics after epochs 3 and 5.

Table 7. Results of the retrained BART-base model

Epochs ROUGE-1 ROUGE-2 ROUGE-L ROUGE-Lsum
0 3 0.1932 0.0598 0.1234 0.1235
1 5 0.1932 0.0598 0.1234 0.1235

As can be seen from the table, the results after 5 epochs did not change compared
to 3 epochs, which indicates that the model has reached its learning limit on this corpus.
Further training of the BART-large model showed a more significant increase in
all metrics, which is reflected in Table 8.
Table 8. Results of the retrained BART-large model
ROUGE-1 ROUGE-2 ROUGE-L
0.2224 0.0695 0.1355

ROUGE-Lsum
0.1356

Epochs
0 3

Compared to BART-base, the BART-large model has shown significant
improvement, which confirms the effectiveness of a deeper architecture. The increase
in ROUGE-2 is especially noticeable, which indicates a better preservation of the
coherence of the text and bigram dependencies.

At the first stage, pre-trained BART-base and BART-large models were tested,
which showed low ROUGE values due to lack of adaptation to scientific discourse,
while BART-large gave slightly better results. After further training on the corpus of
scientific articles, the indicators improved significantly: the increase in ROUGE-1 was
+1.29% for BART-base and +3.43% for BART-large. Additional training (from 3 to 5
epochs) for BART-base did not increase the metrics, which indicates the efficiency limit.

Table 9. Test results of pre-trained and fine-tuned models

Model Epochs ROUGE-1 ROUGE-2 ROUGE-L ROUGE-Lsum
BART-base (without fine- - 0.1803 0.0417 0.0960 0.0961

tuning)

BART-large (without fine- - 0.1881 0.0507 0.1088 0.1088

tuning)

BART-base (fine-tuned) 3 0.1932 0.0598 0.1234 0.1235
BART-base (fine-tuned) 5 0.1932 0.0598 0.1234 0.1235
BART-large (fine-tuned) 3 0.2224 0.0695 0.1355 0.1356

BART-large showed the largest increase, increasing ROUGE-2 by 1.88%, which
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confirms its better ability to take into account the context and form coherent annotations.
A comparison with BART-base shows that the depth of the architecture and the number
of parameters directly affect the quality of the abstraction.

Discussion.

The findings confirm the benefits of fine-tuning pretrained summarization
models. BART-large demonstrates higher performance due to its deeper architecture and
larger parameter set. BART-base is suitable for environments with limited computational
resources. However, for complex scientific texts with structured sections deeper models
like BART-large are preferable.

A limitation of this study is the exclusive use of lexical metrics, which are
known to underestimate semantic metrics. Although ROUGE and BLEU capture
surface overlap, they fail to reflect meaning preservation or factual consistency. Thus,
incorporating semantic metrics such as BERTScore or BLEURT in future evaluations
is essential.

Additionally, this study does not include human evaluation, which is critical for
assessing fluency, coherence, and readability. The effect of summarization on literature
review speeding or research indexing also remains unexplored.

Conclusion.

Most abstracting models, including BART, are pre-trained on general-purpose
corpora, which limits their effectiveness for scientific texts with a strict structure and
specialized vocabulary. The study evaluated BART-base and BART-large, which showed
low ROUGE values without adaptation and significant improvement after further
training on the corpus of scientific articles. BART-large, surpassed BART-base in all
metrics, especially for ROUGE-2, which reflects better text connectivity. The results
confirm the need to adapt transformational models to the scientific language and further
develop approaches based on semantic metrics, specialized models and postprocessing
methods. The results demonstrate that fine-tuning improves the quality of summaries,
particularly for BART-large, which achieved a ROUGE-1 score of 0.2224 and BLEU
score of 0.29. Future work will focus on expanding comparisons to include other models
(e.g., TS, PEGASUS) and conducting human evaluation.
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