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SCALABLE NEAR-DUPLICATE DETECTION IN KAZAKH SCIENTIFIC TEXTS VIA
SEMANTIC EMBEDDINGS AND OPTIMIZED CANDIDATE FILTERING

Abstract: This work considers the problem of efficient detection of near-duplicate documents in
Kazakh scientific texts, which is particularly challenging due to the agglutinative nature of the language and
the high computational cost of pairwise document comparison. Traditional approaches based on lexical
similarity are ineffective under such conditions, while semantic models, although more accurate, are
computationally expensive and scale poorly. To overcome these limitations, the study proposes a scalable
framework that combines semantic similarity modeling with optimization techniques, including text
canonicalization, efficient indexing, and multi-stage candidate filtering. The canonicalization process reduces
morphological variability, increasing the stability of similarity estimation for Kazakh texts. The indexing
mechanism, based on dense vector representations, enables efficient selection of candidate pairs using
approximate nearest neighbor search. The hierarchical filtering strategy further reduces the number of
comparisons, while a transformer-based model provides accurate semantic matching. The proposed approach
is evaluated on a large-scale dataset of Kazakh scientific abstracts and near-duplicate pairs. The results
demonstrate that the framework achieves high detection accuracy while significantly reducing computational
costs compared to exhaustive pairwise comparison. The use of dynamic threshold adjustment allows effective
handling of overlapping similarity distributions between duplicate and non-duplicate classes. The obtained
results confirm that the combination of linguistic preprocessing and computational optimization is crucial for
scalable near-duplicate detection in low-resource agglutinative languages such as Kazakh. The proposed
framework can be applied in plagiarism detection, document deduplication, and large-scale text analysis
systems.

Keywords: near-duplicate detection; semantic similarity; Kazakh language; agglutinative languages;
text canonicalization; indexing; candidate filtering; optimization; transformer-based language models.



Scientific Journal of Astana IT University
244 ISSN (P): 2707-9031 ISSN (E): 2707-904X
VOLUME 25, MARCH 2026

Introduction

Agglutinative languages are languages in which grammatical word forms are created by adding affixes
to the base of a word and change depending on case, tense, mood, verb person, etc. Such languages include
Finno-Ugric (Finnish, Hungarian, Estonian, etc.), Turkic (Turkish, Kazakh, Uzbek, Kyrgyz, etc.), Mongolic,
Caucasian, Austronesian (Filipino, Malay, etc.), Japanese, Korean, and others [1]. The main idea of agglutination
is that the root usually preserves its form, while each suffix adds a single meaning, and morphemes are easily
detachable. That is, morphemes are unambiguous and clearly segmented, while long words are formed.

The rapid growth in the number of scientific publications and digital text repositories has significantly
increased the need for effective methods of near-duplicate detection. Near-duplicate detection plays an
important role in plagiarism detection, deduplication of bibliographic databases, and ensuring the integrity
of scientific communication. Unlike exact duplicates, near duplicates include paraphrased or structurally
modified texts that preserve the original meaning but change the surface forms of representation. Traditional
lexical similarity methods, such as string matching or token overlap, are often unable to detect such cases,
especially when complex paraphrasing techniques are used.

The problem of near-duplicate detection in texts written in agglutinative languages is complex. This
is due to the combination of morphological and semantic factors. An example of an agglutinative language
is Kazakh. It is characterized by intensive affixation, which leads to the formation of many word forms from a
single root base. At the same time, texts that are semantically similar may differ significantly at the lexical
representation level. Morphological variability complicates the process of near-duplicate detection. This
reduces the effectiveness of traditional text analysis methods, which, for example, use n-gram
representations. In addition, it is difficult to determine the presence of near duplicates due to the blurred
boundary between what can be considered a duplicate and what can be considered an original text. Taking
together, these factors provide the basis for the development and use of near-duplicate detection methods
that can account for the semantics and context of texts. One such method that is well-suited for detecting
near duplicates in texts written in agglutinative languages is BERT.

Another critical challenge is the computational complexity of comparing all pairs of documents in
large corpora, which grows quadratically with the number of documents. This makes optimization strategies,
including efficient indexing, candidate filtering, and text canonicalization, necessary for practical
implementation.

Most existing studies focus primarily on analytical languages and do not account for the specifics of
agglutinative languages. Modern approaches to near-duplicate detection are based on lexical or hybrid
methods, the effectiveness of which is significantly reduced under conditions of high morphological
variability. Therefore, the problem of near-duplicate detection in agglutinative languages, particularly in
Kazakh, is relevant from both scientific and practical perspectives.

In addition to semantic accuracy, computational efficiency is a critical requirement for near-duplicate
detection in large-scale text corpora. Naive pairwise document comparison has quadratic time complexity,
which is unacceptable for practical applications. Therefore, optimization strategies such as efficient indexing,
candidate filtering, and text canonicalization become necessary. These methods enable reducing the number
of comparisons while preserving detection quality. This is especially important for agglutinative languages
such as Kazakh, where morphological variability further increases computational complexity.

Literature Review

Agglutinative languages have specific characteristics that complicate the semantic comparison of
texts, particularly the detection of near duplicates. This is because grammatical relations are formed by
attaching numerous suffixes to word roots. As a result, the meaning of the text changes. This is the main
difference between agglutinative languages and analytical languages, in which grammatical relations are
determined based on separate function words. Thus, in agglutinative languages, a single lexical root can
generate many word forms that depend on number, case, and other grammatical features. This means that
texts can be semantically similar or even identical but may differ significantly at the lexical level. This
important characteristic significantly complicates the application of traditional text comparison methods and
is the main reason for the creation of new and the modification of existing methods and models that are
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capable of more deeply considering the context of the text and its semantics. Such methods may be based on
BERT-like approaches. In the work of Kessikbayeva G. et al. [2], the morphotactic of alternations for the
agglutinative Kazakh language is formalized, and the construction of rules for two-level morphology is
described. The work of Kessikbayeva G. et al. [2] provides an understanding of how normalization should be
performed. In the work of Washington J. et al. [3], the principles and rules of morphological normalization for
Kipchak languages, including Kazakh, are described. In general, morphological analysis for agglutinative
languages is a separate preprocessing procedure, and this is related to the length of word forms. Such
morphological analysis for the Kazakh language is described in works of Makhambetov O. et al. [4] and Yiner
Z. et al. [5]. The work of Assylbekov Z. et al. [6] indicates that agglutination increases vocabulary sparsity. This
complicates the implementation of near-duplicate detection methods.

Another feature of agglutinative languages is their morphological variability. This significantly
complicates the task of near-duplicate detection in texts of such languages. Semantically similar statements
may differ or even be completely opposite in meaning due to the productivity of affixation [7, 8]. Such
languages are characterized by significant changes in cases, tenses, and aspects, which lead to the formation
of many word forms with a single semantic core and different lexical representations. In this case, two texts
may be close in semantics but show low lexical similarity. Therefore, methods based on surface-level text
analysis for near-duplicate detection, such as n-gram methods, will almost certainly produce erroneous
results. In contrast, context-oriented models such as BERT can capture a wide range of semantic relationships
between words regardless of their morphological forms. This means that such methods are more suitable for
the analysis of agglutinative languages. However, it should be noted that semantic similarity filtering may
eliminate valid pairs in agglutinative languages [9], in particular Turkish and Kazakh, therefore, in this case,
filtering should be performed with special control. That is, the filtering threshold should be calibrated on
local data [10]. For the Kazakh language, near-duplicate detection is described in the work of Biloshchytska
S. et al. [11], which compares the n-gram method, TF-IDF, BERT, and a hybrid method (a combination of
statistical and semantic approaches), emphasizing agglutinativity.

In contrast, context-oriented models such as BERT are capable of capturing a wide range of semantic
relationships between words regardless of their morphological forms. This means that such methods are more
suitable for the analysis of agglutinative languages. However, it should be noted that semantic similarity
filtering may eliminate valid pairs in agglutinative languages [9], in particular, Turkish and Kazakh, therefore,
in this case, filtering should be performed with special control. That is, the filtering threshold should be
calibrated on local data [10]. For the Kazakh language, near-duplicate detection is described in the work of
Biloshchytska S. et al. [11], which compares the n-gram method, TF-IDF, BERT, and a hybrid method (a
combination of statistical and semantic approaches), emphasizing agglutinativity. In addition to linguistic
features, near-duplicate detection in agglutinative languages is associated with difficulties related to the
calculation of statistical characteristics. Pairs of texts with similar values of similarity metrics may belong to
different classes (“duplicate”, “non-duplicate”). This is because the analysis of similarity distributions between
text pairs shows significant overlap between classes. That is, there is no clear boundary between classes, and
near-duplicate detection has a nonlinear nature. Therefore, the use of simple heuristic rules and lexical
metrics for near-duplicate detection in agglutinative languages is not rational.

Thus, there arises the problem of developing methods that can consider semantic and contextual
dependencies between texts and handling the ambiguity of class boundaries. One of the solutions that allows
improving the accuracy of near-duplicate identification for large data collections is the method described in
the work of Reimers N. et al. [12]. In the work of Kuchanskyi O. et al. [13], a combination of lexical metrics,
contextual BERT embeddings, and other syntactic features with adaptive thresholds is described. That is,
Kuchanskyi O. et al. [13] indicate that for agglutinative languages, BERT-based solutions should be enhanced
with additional features.

Other methods are also used for near-duplicate and plagiarism detection. In the work of Bhoi S. et al.
[14], the MultiSiam network is described, which is applied to social media for duplicate classification. Despite
this, it can be argued that short social media texts and scientific abstracts differ significantly in length and
structure. Accordingly, constructing neural networks of this type may not produce the desired results. The use
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of wavelet analysis with clustering for cross-modal duplicate detection in texts and images has significant
potential, but these methods are characterized by high computational complexity, which is a barrier to
practical scalability [15]. A comprehensive review of plagiarism detection methods for the period 2014-2024
showed a clear trend toward semantic and transformer-based methods. At the same time, simple text
comparison methods are not capable of detecting complex text reuse through substantial paraphrasing [16].
In general, Shahmohammadi H. et al. [17] show that the combination of machine learning and additional
features determined by the type of language provides better performance. This is especially important for
low-resource and morphologically rich languages, such as Kazakh [18]. Agarwal B. et al. [19] show that the
combination of CNN-RNN can be effective due to end-to-end learning. Sentence-Transformer models are
capable of effectively capturing deep contextual meaning even in low-resource languages [20, 21].

Thus, existing approaches to near-duplicate detection are generally oriented toward analytical
languages (English, German, French, etc.) and do not consider the morphological characteristics of
agglutinative languages, particularly Kazakh. Moreover, with regard to the Kazakh language, the problem of
near-duplicate detection is poorly studied in the scientific literature. In particular, the effect of overlapping
similarity distributions between classes has not been investigated.

Recent studies have shifted the focus toward semantic approaches based on neural networks and
transformer models. Sentence-level vector representations generated by models such as BERT have
demonstrated high effectiveness in detecting contextual similarity even in cases of substantial paraphrasing.
Hybrid methods that combine lexical and semantic features have shown improved performance. Ensemble
approaches further enhance robustness by integrating multiple similarity signals and learning optimal feature
weights using machine learning models. Optimization methods for near-duplicate detection typically include
candidate filtering, indexing, and approximate similarity search techniques. These approaches aim to reduce
the number of pairwise comparisons, thereby improving scalability. However, most existing studies focus on
high-resource languages. Research on low-resource and agglutinative languages remains limited, especially
in the context of combining semantic modeling with computational optimization. Despite the growing
number of studies in the field of semantic duplicate detection, several limitations remain. First, most existing
methods focus primarily on improving detection accuracy, while computational efficiency and scalability often
remain overlooked. Second, indexing strategies for efficient candidate selection are rarely integrated with
semantic models. Third, text canonicalization methods adapted for agglutinative languages, such as Kazakh,
are insufficiently studied. As a result, there is a lack of unified approaches that combine indexing,
canonicalization, and semantic similarity evaluation within a single optimized framework.

In contrast to prior studies that focus either on semantic similarity modeling or on duplicate detection
in high-resource languages, the present study combines three components within a single framework tailored
to Kazakh scientific texts: canonicalization adapted to an agglutinative language; ANN-based candidate
selection for scalability; transformer-based semantic matching with threshold calibration under overlapping
similarity distributions. The contribution of the study is therefore not only empirical but also architectural, as
it integrates linguistic preprocessing and computational optimization into a unified near-duplicate detection
pipeline for a low-resource language.

The aim of this study is to develop a scalable and computationally efficient framework for detecting
near duplicates in Kazakh scientific texts by integrating optimized indexing, text canonicalization, and
semantic similarity modeling to minimize search time while maintaining high detection accuracy. To achieve
this, the following tasks need to be performed:

1. Develop a canonicalization method that reduces morphological variability in Kazakh texts and
improves similarity estimation.

2. Design an efficient indexing and candidate filtering mechanism that minimizes the number of pairwise
comparisons.

3. Implement and evaluate a semantic similarity model for accurate near-duplicate detection while
ensuring computational efficiency.
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Data Collection and Dataset Construction

For the study, two datasets were collected: “Kazakh scientific publications dataset from Semantic
Scholar (2000-2025)" [22]. The first dataset, “Kazakh academic abstracts corpus,” contains a curated
collection of 10,468 scientific article abstracts specifically focused on Kazakhstan and the Kazakh language.
The data was programmatically collected from the Semantic Scholar APl using targeted queries related to
Kazakhstan.

Data structure:

- paperld: Unique identifier from Semantic Scholar.

- title: The title of the scientific paper.

- abstract_kk: The full text of the abstract in Kazakh.

- year: Publication year (ranging from 2000 to 2025).

- query: The search term used to retrieve the record.

The second dataset, “Kazakh abstract pairs for duplicate detection,” consists of 11,851 pairs of Kazakh-
language academic abstracts, developed specifically for research in duplicate detection. The dataset provides
a balanced mix of positive (duplicate/paraphrased) and negative (distinct) pairs. To ensure high quality and
complexity, the authors utilized a hybrid approach combining real-world data with controlled synthetic
augmentation:

1. Near-duplicates: Generated using a custom paraphrasing engine that performs synonym
replacement, sentence shuffling, and structural rephrasing based on Kazakh linguistics.

2. Similarity levels: Pairs are categorized into “high”, “medium”, and “low” similarity based on TF-
IDF and Cosine Similarity scores.

3. Negative samples: Formed by pairing unrelated abstracts to provide “non-duplicate” labels for
machine learning training.

Data structure:

- abstract_a / abstract_b: The pair of texts to be compared.

- similarity_score: The computed cosine similarity value (0.0 to 1.0).

- label: Binary indicator (1 for duplicates/paraphrases, O for different texts).

- pair_type: Qualitative description of similarity (e.g., high_similarity, different_abstract).

- rephrase_level: The intensity of the transformation (very_light, light, medium, strong, or
strong_shorten).

Quality control was applied to the augmented near-duplicate pairs to reduce the risk of linguistically
implausible or semantically distorted examples. First, rule-based constraints were imposed during generation
to avoid excessive corruption of word order and to preserve core topic-related lexical units. Second, a manual
inspection of a sample of generated pairs was carried out by native or proficient Kazakh speakers. The
inspection focused on three aspects: grammatical acceptability, semantic consistency with the source abstract,
and overall naturalness of the resulting text. Pairs that contained severe semantic drift, broken sentence
structure, or obviously artificial transformations were excluded from the final dataset. This procedure was not
intended as a full-scale linguistic annotation campaign, but as a practical verification step to increase the
reliability of the synthetic training data.

This dataset represents a large-scale bibliometric collection of scientific publications compiled based
on the Semantic Scholar Academic Graph. The dataset covers metadata of scientific publications related to
scientific activity in Kazakhstan for the period from 2000 to 2025. The dataset integrates information from
various scientific sources, including CrossRef, PubMed, and arXiv. During the dataset construction,
publications were pre-filtered by affiliations, thematic sets, and also underwent data cleaning, duplicate
removal, and normalization. A verification step was also performed to ensure that all publications fall within
the defined time period.

Based on the preliminary analysis, it can be concluded that the dataset is generally multidisciplinary
and includes scientific publications in engineering, natural sciences, computer science, social sciences, and
medicine. The availability of citation information and reference lists makes it possible to construct scientific
networks, including citation networks and bibliographic coupling networks. The presence of abstract data also
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allows for text analysis to detect near duplicates, specifically in scientific texts. The dataset has certain
limitations, in particular the lack of full-text versions of articles, which complicates large-scale text analysis
for near-duplicate detection. Nevertheless, the available volume is sufficient for implementing near-duplicate
detection methods in Kazakh-language texts and includes the distribution of publications by year, as shown
in Figure 1. This figure illustrates the year-over-year progression of Kazakh-language scientific output. A clear
upward trend is visible, particularly after 2015, suggesting an intensification of local academic discourse. The
distribution by the number of words in abstracts is shown in Figure 2.

Annual distribution of publication output (2006-2025)
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Figure 1. Annual distribution of publications (2006-2025)
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Figure 2. Distribution of word counts in scientific abstracts

The histogram (Fig. 3) reveals the density of abstract lengths, following a near-normal distribution
with a slight positive skew. This indicates a standardized consensus on abstract length within the Kazakh
academic community. The boxplot visualizes the variance in abstract length across different years. A slight
increase in the median word count over time suggests a transition toward more detailed and informative
summaries. Title lengths are concentrated between 6 and 11 words, demonstrating the linguistic constraints
and stylistic preferences of scientific titling in the Kazakh language (Fig 4). The horizontal bar chart identifies



DOI: 10.37943/25NVVS5297

© Valeriya Kazagasheva, Oleksandr Kuchanskyi, 249
Svitlana Biloshchytska, Dina Kantayeva

the most significant lexical units in the corpus after the removal of stop words. Terms such as «6inimMm» and
«tangay» dominate, reflecting the core thematic pillars of the dataset (Fig 5.).

Bigram analysis reveals common syntactic structures and collocations (e.g., 'research results’,
'theoretical basis’), which are essential for understanding the formal register of Kazakh academic prose (Fig.
6).
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Figure 3. Temporal dynamics of abstract length: A boxplot analysis

Statistical distribution of publication title lengths
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Figure 4. Statistical distribution of publication title lengths

Complete information about the collected dataset is provided at the link [22]. To improve transparency
of the augmentation procedure, representative examples of generated positive pairs are provided in Appendix
Tables A1-A4. These examples cover high-, medium-, low-, and very-low-similarity near-duplicate pairs and
illustrate the main transformation types, including lowercasing, punctuation removal, stopword deletion,
sentence reordering, lexical substitution, structural rephrasing, and perspective shift. The appendix is
intended to help readers assess the linguistic plausibility and semantic consistency of the generated Kazakh
paraphrases.
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Frequency analysis of the top 20 most frequent terms
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Figure 5. Frequency analysis of the top 20 most frequent terms

Analysis of the top 15 most frequent bigrams in abstracts
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Figure 6. Analysis of the top 15 most frequent bigrams in abstracts

The synthetic augmentation procedure was used to enrich the diversity of positive near-duplicate
examples and to simulate different levels of paraphrastic variation, but it did not replace real scientific
abstracts. The resulting dataset combines authentic Kazakh academic texts with controlled transformations,
which makes it possible to study near-duplicate detection under realistic lexical and semantic variability while
preserving a link to genuine scholarly discourse.

Data Preparation and Methodology

To solve the problem, preliminary data analysis and preprocessing were performed. Figure 7 illustrates
the quantitative balance of the corpus between the two primary classes: negative (distinct abstracts) and
positive (near-duplicate pairs). The Kernel Density Estimation plot (Fig. 8) visualizes the distribution of lexical
similarity scores for both classes. While the positive class exhibits a higher density at the upper end of the
scale, the notable overlap between the two distributions in the mid-range underscores the necessity of
moving beyond simple threshold-based lexical matching. Figure 9 provides a view of the dataset composition.
The pie chart illustrates the quantitative prevalence of each generation type, where “medium_similarity” and
“different_abstract” form the majority of the corpus. The heatmap (Fig. 10) presents the Pearson correlation
coefficients among the engineered features. The high correlation between character and word counts is
expected, but the low correlation between temporal gaps and similarity scores indicates that time is an
independent factor in the occurrence of near-duplicates. Table 1 provides a detailed statistical breakdown of
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the dataset used for training and validating the proposed hierarchical ensemble framework. The corpus
consists of 11,851 unique abstract pairs, designed to represent a realistic distribution of both genuine
scholarly content and potential near-duplicates.

Distribution of class labels in the dataset
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Figure 7. Distribution of class labels in the dataset
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Table 1. Distribution of pair types

Category| Subcategory / Pairtype |Count (n) | Percentage (%)
Positive (Near-duplicates) 7,088 59.8%
g % Negative (Distinct abstracts) | 4,763 40.2%
Total Full corpus 11,851 100.0%
different_abstract 4,763 40.2%
high_similarity 889 7.5%
40% low_similarity 1,268 10.7%
& medium_similarity 4,860 41.0%
very_low_similarity 71 0.6%
Total Full corpus 11,851 100.0%
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Figure 10. Correlation matrix of morphological and temporal features

In the next paragraph, we consider the formalization of the near-duplicate detection problem,
considering optimization, canonicalization, and indexing.
Method for near-duplicate detection: optimization, canonicalization, indexing

Let D={d,,d,,... _ bea corpus of scientific documents (abstracts), where each document d, is

represented as a sequence of tokens:

N

d={w.wpo (1)

-1y

where w, are tokens and L, is the length of document d..

The dataset is transformed into a set of paired documents:
P={(d.d,)}.ix], 2)

Each pair is associated with a binary label: y, €{0,1}, y; =lindicates a near-duplicate pair and
y; =0 indicates a non-duplicate pair.

The objective is to learn a function:
f:DxD —{0,1}, (3)

that maps a pair of documents to a binary decision indicating whether they are near-duplicates. A transformer-
based encoder is used to map each document into a dense vector space:

E:D—>0 , (4)

for a given document d its embedding is defined as: e=E(d), where ec[] is a fixed-length vector

representation. For a pair of documents (di,dj) the embeddings are: ¢, =E(d;) and ¢; =E(dj). The

encoder corresponds to the Bi-Encoder architecture, where both documents are processed independently
using the same model parameters.
The semantic similarity between two documents is computed using cosine similarity:

c -C.

S(d,.d;)=—-"", (%)
)= e e

|e|| is the Euclidean norms.

The similarity score satisfies: S(di,dj) S [—1,1] and normalized to [0,1].

A threshold-based decision rule is applied to classify document pairs:
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LifS(d;.d;)=T

. , 6
o 0,if $(d,.d;)<T ©

Where T is decision threshold and the final classification function with indicator function, | is:
£(d;,d;)=1(8(d;.d;) = T), )

or more formal
E(d.)-E(d.
f(d,.d)=I (d)-E(4)) >T" |, ®)
JE(d)]-JE(d;)

T" is the optimal threshold.
The threshold T is selected based on validation data to maximize classification performance. Let

A c P be the validation set. The optimal threshold T is defined as:

T =argmalxL Z I(yij(T)zyij), )

Te[ T > T ] A| (i,))eA

In practice, the value T (0.5,0.9).

To address the scalability problem, the task of near-duplicate detection can be reformulated as an
optimization problem. Let D = {d],dz,... be a corpus of scientific documents. The traditional approach

requires computing similarity for all possible pairs of documents. The complexity of such an approach O(Nz)

. Such complexity is unacceptable for large-scale corpora. However, preliminary filtering of candidate pairs
can be performed. In this case, the number of pairs after filtering will be significantly smaller than the total
number of pairs. However, it is important that sufficiently high near-duplicate detection performance is
maintained on the filtered pairs, that is Recall >R Precision > P

To reduce the impact of morphological variability of the Kazakh language, a canonicalization function
is introduced. Each document d, is transformed into a normalized representation that includes the following
steps: lowercasing, removal of punctuation and non-informative symbols, removal of stop words, and
morphological normalization (stemming or lemmatization). Due to the agglutinative nature of the Kazakh
language, a single root can generate many word forms. Canonicalization allows reducing lexical variability
and improving the consistency of similarity computation.

To avoid exhaustive pairwise comparison, an indexing mechanism is introduced. Each document is

encoded into a dense vector representation using a transformer-based model A, =E(d,). All vectors are
stored in the index A:(kl,kz,...,xN). For each document, a neighborhood set is determined using
approximate nearest neighbor search. This makes it possible to reduce the number of candidate pairs from

O(Nz) to approximately O(NlogN). This ensures the scalability of the approach for large datasets.

A multi-stage candidate filtering strategy is applied to reduce the number of comparisons. It consists
of three stages:

Stage 1: Lexical filtering. Pairs with low lexical similarity are discarded.

Stage 2: Index-based selection. The top k candidate documents are selected from the vector
representation index using the nearest neighbor method.
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Stage 3: Semantic similarity computation. The final similarity is computed using the cosine measure
between vector representations.
Thus, the overall computational complexity of the proposed approach is O(NlogN+kN), where k

is the number of candidates selected for each document k[] . Compared to the exhaustive approach, in

which the computational complexity is O(Nz), the proposed approach provides a significant reduction in

computational costs.

Architectural framework of BERT-based detection pipeline

The proposed methodology is based on a multi-stage computational pipeline for semantic near-
duplicate detection in scientific abstracts. The architecture, illustrated in Figure 11, is based on a transformer-
based Bi-Encoder framework and consists of five sequential stages: input data processing, embedding
generation, vector similarity computation, dynamic threshold calibration, and final classification. The pipeline
is designed to ensure both semantic expressiveness and computational efficiency through independent
encoding of text pairs and reuse of precomputed embeddings.

The architecture is structured as follows:

1. Input stage. The process begins with the Input corpus, consisting of cleaned and paired
Kazakh/multilingual scientific abstracts. The data is partitioned into training, validation, and test subsets to
ensure unbiased performance evaluation and to prevent data leakage. Each instance represents a pair of texts
(A, B), prepared for similarity analysis. The preprocessing pipeline includes: lowercasing, removal of non-
informative characters, whitespace normalization, basic tokenization. This step ensures consistency of textual
representations and reduces noise for downstream processing. The dataset is split into: training set, validation
set, test set. A stratified sampling strategy is applied to preserve class distribution and prevent data leakage.

2. Embedding stage. A Bi-Encoder architecture serves as the primary feature extraction engine. Two
identical encoders are applied: BERT encoder A (for text A), BERT encoder B (for text B). It utilizes the
paraphrase-multilingual-MiniLM-L12-v2 transformer model to encode abstract pairs independently. To
optimize computational resources and avoid redundant GPU operations, an Embedding serialization layer is
integrated to cache and retrieve dense feature vectors.

3. For each text pair (di,dj) the model generates embeddings ¢, =E(d;) and e :E(dj>. This

independent encoding enables efficient processing, as each document embedding can be computed once and
reused across multiple comparisons.

4. Embedding Serialization. As illustrated in Figure 11, an embedding serialization module is
integrated into the pipeline. This component: stores precomputed embeddings, avoids repeated forward
passes through the transformer, significantly reduces GPU usage. This design choice is critical for scalability,
especially when processing large corpora.

5. Vector Pair Construction and Similarity Computation. After encoding, the embeddings are
combined into a vector pair (eA,eB)Which serves as the input for similarity computation. The semantic

similarity between texts is calculated using cosine similarity (Cosine distance metric in Fig. 11):

S(A,B):m. Cosine similarity is chosen due to its effectiveness in high-dimensional embedding
Call"l®s

spaces and its robustness to lexical and structural variations.
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Architectural framework of the BERT-based detection pipeline

Input corpus
(Cleaned paired abstracts)
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BERT encoder A BERT encoder B Embedding
(MInILM-L12) (MInILM-L12) serialization

Vector
pair

Similarity score

Similarity computation
(Cosine distance metric)

Dynamic threshold calibration -
(validation set optimazation) Op:':’g';j“
T = argmaxAccuracy -

« Leakage verification

s " o . Performance evaluation:
Binary semantic classification « Fl-score & AUC-ROC
(Duplicate vs. Non-duplicate) « Confusion matrix

Figure 11. Architectural framework of BERT-based detection pipeline

6. Dynamic Threshold Calibration. A key component of the pipeline is the dynamic threshold
calibration stage, which determines the optimal decision boundary for classification. Instead of using a fixed
threshold, the system performs optimization on the validation set. The threshold T is selected by maximizing
classification accuracy (9). As indicated on Fig. 11, the optimal threshold (e.g., T=0.74) is determined
empirically. This adaptive calibration is necessary due to the overlap in similarity distributions between
duplicate and non-duplicate classes, which makes fixed thresholds unreliable.

7. Binary Classification. The final stage performs binary semantic classification (Fig. 11), assigning
each text pair to one of two classes: duplicate and non-duplicate. The decision rule is defined as (6).

8. Performance Evaluation. The effectiveness of the system is evaluated using a comprehensive set of
metrics, as indicated in the figure: F1-score, AUC-ROC, confusion matrix, leakage verification. These metrics
provide a complete assessment of classification quality, including both precision-recall balance and
robustness of predictions. The use of a separate validation set for threshold calibration ensures unbiased
performance estimation.

Results

The paper proposes an approach that enables near-duplicate detection, taking into account the
morphological variability of agglutinative languages, in particular the Kazakh language, using contextual
semantic representations based on BERT and analyzing statistical properties, in particular the overlap of
similarity distributions. This makes it possible to move from heuristic methods to more effective models,
which is critically important for near-duplicate detection, particularly in scientific texts.
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This bar chart compares the primary evaluation metrics (Accuracy, Precision, Recall, F1-score) for the
training, validation, and test sets. It provides an empirical assessment of the model's generalization capability.
Higher scores indicate better performance, while differences between training and test sets reveal potential
overfitting or underfitting (Fig. 12).

The heatmap (Fig. 13) displays the classification performance on the test set, showing counts of true
positives, true negatives, false positives, and false negatives. It allows visual evaluation of model errors,
highlighting misclassified duplicates and non-duplicates. A balanced matrix along the diagonal indicates
accurate predictions.

In addition to classification quality, the efficiency of the proposed optimization framework was
evaluated. The number of candidate pairs after filtering was significantly reduced compared to full pairwise
comparison. The proposed approach demonstrates a substantial reduction in computational costs while
maintaining high detection accuracy. The analysis of execution time shows that the proposed method
provides a significant speedup compared to the baseline approach based on exhaustive comparison. These
results confirm that the integration of indexing, canonicalization, and candidate filtering effectively improves
the scalability of the approach.

Discussion

An approach to near-duplicate detection in Kazakh-language scientific texts based on BERT-like
models is proposed, which takes into account semantic relationships between texts regardless of their
morphological form. A dataset of pairs of scientific texts in the Kazakh language with balanced similarity
levels was formed and analyzed. An experimental evaluation of the effectiveness of the BERT-based approach
was conducted, demonstrating its advantage over lexical methods under conditions of high morphological
variability. The obtained results demonstrate that the proposed framework successfully achieves a balance
between detection accuracy and computational efficiency. Although semantic similarity models based on
transformer embeddings provide high-quality detection of near duplicates, their direct application to large-
scale corpora is computationally expensive. The integration of indexing and candidate filtering significantly
reduces the number of pairwise comparisons, making the approach scalable.

Model performance across dataset splits
1.00
= Training set
=3 validation set
[ Test set

0.90

0.85

Score value

0.80

Accuracy Precision Recall Fl-score

Figure 12. Model performance across dataset splits
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Confusion matrix for near-duplicate detection (Test set)
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Figure 13. Confusion matrix for duplicate detection

An important observation is the trade-off between efficiency and recall. More aggressive filtering
strategies reduce computational costs but may eliminate some valid near-duplicate pairs. Therefore, the
selection of parameters, such as the number of nearest neighbors k and lexical filtering thresholds, should be
carefully tuned depending on the application scenario. The analysis of similarity value distributions shows
significant overlap between duplicate and non-duplicate classes. This confirms that the use of fixed
classification thresholds is not optimal, and dynamic threshold calibration is required to achieve stable
performance.

Canonicalization plays a key role in addressing the morphological variability of the Kazakh language.
It increases the stability of lexical similarity metrics and improves the effectiveness of early filtering stages.
At the same time, excessive normalization may lead to the loss of important linguistic information, which
should be taken into account when designing preprocessing pipelines. The proposed multi-stage framework
demonstrates that the combination of lexical filtering, embedding-based selection, and semantic similarity
computation makes it possible to achieve both high accuracy and computational efficiency. This is especially
important for low-resource agglutinative languages, where it is necessary to consider both linguistic
complexity and data scarcity.

It should be noted that the study has certain limitations. The research focuses on scientific abstracts,
which have a relatively formal and structured style. The proposed approach may require additional adaptation
for other types of texts, such as social media or informal documents. In addition, the canonicalization process
is based on general normalization methods and does not fully take into account advanced morphological
analysis specific to the Kazakh language. More sophisticated linguistic processing may further improve the
quality of the results.

Another limitation is related to the use of partially synthetic positive pairs. Although the augmentation
procedure increases dataset diversity and enables controlled similarity levels, synthetic transformations may
not capture the full range of naturally occurring paraphrasing strategies in real plagiarism or text reuse
scenarios. For this reason, the reported results should be interpreted as evidence of the effectiveness of the
proposed framework under a controlled experimental setting, while further validation on fully real-world
annotated corpora remains an important direction for future work.

Conclusion

This paper presents a scalable framework for near-duplicate detection in Kazakh scientific texts, which
combines semantic similarity modeling with optimization methods, including indexing, canonicalization, and
candidate filtering. The proposed approach addresses two key problems: the high computational complexity
of pairwise document comparison and the morphological variability of agglutinative languages. By combining
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multi-stage filtering with transformer-based semantic representations, the framework significantly reduces
the number of comparisons while maintaining high detection accuracy.

Experimental results demonstrate that the integration of indexing and reuse of embeddings improves
scalability, while canonicalization increases the robustness of similarity estimation. The use of dynamic
threshold calibration further improves classification quality under conditions of overlapping similarity
distributions. The results obtained confirm that the combination of linguistic preprocessing and
computational optimization is necessary for effective near-duplicate detection in low-resource agglutinative
languages.

Future work will focus on integrating advanced morphological analysis for the Kazakh language,
exploring more efficient indexing structures, and extending the approach to multilingual and cross-lingual
duplicate detection scenarios.
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Appendix

Table Al. High-Similarity Pairs (score 0.840-0.985; n = 889, 7.5%). These pairs share the same source
abstract. Augmentation applied light transformations: lowercasing, removal of punctuation marks and a
small set of stopwords, occasional single-word synonym substitution, or minor word-order shifts.
Semantic content and most surface tokens are preserved. Pair type: positive (near-duplicate). Similarity
range: 0.840-0.985.

ID Score | Rephrase Abstract A Abstract B Key differences
level
HS- | 0.985 | light Makanana TbiH apxuB MaKanaza TbliH apXu1B Capitalization removed,;
01 [epeKTepiHiH HerisiHae [epeKTepiHiH, HerisiHae punctuation and a few
Ka3aKCTaHHbIH, akageMUsanblK, | Ka3akKCTaHHbIH, connective words dropped;
FbINbIMbIHbIH, KaNbINTacy aKageMUsNbIK FbIbIMbIHbIH, | one synonym substitution
Tapuxbl xaHe C. KanbinTacy Tapuxbl (e3ekTi Macene — e3eKTi
AccheHamnapoBTbiH Kasak, acheHAMapOoBTbIH, Ka3ak, KMbIHAbIK)
AKCP-pafbl TYHFbIL FbINbIMU- | aKCPp AaFbl TYHFbILL
3epTTey opTasbIKTapbl MeH FbIIBIMU 3epTTEY
MekeMenepiH Kypyaafbl peni | opTanbikTapbl
3ep... MeKeMenepiH Kypyaarbl
peni 3epTTeNreH KyHr...
HS- | 0.962 | verylight | Makanaga kasipri kazak, VNTTbIK Makanaga Kasipri Word-order resequencing
02 Npo3acbiHAA KOpiHIC TankaH Ka3ak mpo3acbiHaa KepiHic | at sentence start; removal
YNTTbIK, KYHAbINbIK, YATTbIK, TankaH KyHAabinblk 6onmbic | of repeated ynTTbik
60nMbIC, YTTbIK CaNT-A3CTYP | CanT A3CTYp Maceneci modifiers and superlative
Maceneci KeHiHeH ce3 KEeHiHeH ce3 6onanpl eH,; punctuation stripped
6onaabl. 3epTrey naHiHe aHbIKTAy NaHiHe Kasipri
Kasipri Kasak npo3acbiHAarbl | Ka3ak npo3acbliHOAFbI
TyblHAbINAP CapanTanbin TyblHAbINAP CapanTanbin
aNblHFaH.... anblHFaH Tayencisaik
Ke3eH...
HS- 0.961 light Kan keseHae 60n1MacbiH Kan KeseHae 601MacbIH Lowercase normalisation;
03 Mep3imai 6acbinbiMaap Mep3imai 6acbiibiMaap hyphens and guillemets
AKMKAT eMipAiH aiHackl 6ona | akMkaTt emipaiH aiHachbl removed; determiner con
6inai. OHAA XapusinaHfFaH 6ona 6inai oHoa dropped; extra word
ny6nMLMCTUKANDIK, KapusinaHfaH akmMKaT inserted in title
LWblFapManapaaH con nyeAnUMUCTUKANBIK,
Ke3eHHiH 6eT-6eliHeciH, WblFapManapaaH Ke3eHHiH,
3aMaH TapuxblH Binemis. 6eT HeliHeciH 3amMaH
Makanapa «KazakcraH TapuxblH 6inemis
KOMMYHMUC... Makanaza KasakcraH
KOMMYHMCi aKMKaT...
HS- 0.954 | light Makanaga aynapMaTtaHyaarbl | acep nparmMaTuKanbik, Word-order scrambling of
04 eH, Kypaeni Maceneneppit, Makanaga noun phrase; superlative
Oipi — aynapMa MaTiHiHiH, aypapMataHynarbl Kypaeni | eH removed; synonym
KOMMYHMKATUBTIK acep MacenenepaiH 6ipi KapacTtanagbl for
TYAbIPY, peunnmeHTke ayfapMa MaTiHiHIH, KapacTblpblnagbl
nparmMaTuKanblk acep eTy KOMMYHUKATUBTIK TyAbIpy
Kabineti 6onbiN TabbINATHIH peumnueHTke eTy Kabineri
TYMHYCKA MITiHHIH, 60nbIN TabblIATbIH
nparmMaTuKanblk aneye... TYMHYCKA M3TiHHIH,
aneyeTiH 6epy Maceneci
KapacTta...
HS- | 0.938 | light Makanaga kasipri TaHaa Makanaza kasipri TaHaa Second sentence merged;
05 MeKTenTeri OKbITYblH, MeKTenTeri OKbITYAbIH, conjunction MeH dropped
MaHbI3bl MiHAETTEpiHIH, 6ipi MaHbI3bl MiHLETTEpPIHIH, between xonpapbl and
60nbIN TabbiNaTbIH 6ipi 6onbIN TabbINATLIH Tacinaepi; repeated
oKyLblnapaa oKyLblnapaa Makanapa removed
dyHKLMOHANAbIK, dYHKLMOHANAbIK,
CayaTTbINbIKTbl KANbINTACTbIPy | CAyaTTbIbIKTbI
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Maceneci ce3 6onaabl.
Makanana GyHKUMOHANAbIK,
CayaTTbINbIKTbl OKYLUbI...

KanbINTacTblpy Maceneci
ce3 6onaasl
dYHKLMOHANAbIK,
CayaTTbiNbIKTbI
oKyLUblnapaa Kanbi...

Table A2. Medium-Similarity Pairs (score 0.620-0.839; n = 4,860, 41.0%). The largest category. Augmentation used medium-level
rephrasing: sentence reordering, clause restructuring, substitution of content words, and foregrounding of different sections of
the same abstract. The topic is clearly shared but surface overlap is substantially reduced. Pair type: positive (near-duplicate).

Similarity range: 0.620-0.839.
ID Score Rephrase Abstract A Abstract B Key differences
level

MS- 0.797 medium byn makanaga 6eTki KabaTTbiH, Sentence reordering;

01 TEeXHUKaNbIK 3CTeTUKaaarbl | GYHKUMOHANAbIK, introductory clause
6eTKi kabaT TyCiHiri xxaHe 3CTETUKANbIK CUMBOJIAbIK, removed; result clause
OHbIH, BpNiey MeH KanTtay KacueTTepi caHaTTapbiHbIH, | restructured as
MaTepuanaapbiHbIH, HerisiHae aHbIKTanaabl informational statement;
KYPbIIbIMbIHAAFbI peni MaKanaza yakplTTa XaHa punctuation stripped
TankblnaHagbl. betki canasnbl AeHremnre KewkKeH
KabaTTbiH, MaTepuanaapabiy,
YHKLMOHANAbIK, TEXHWUKaNbIK, kobanaybIMeH
3CTeTUKANbIK XaHe 6arnaHbICTbl PTYPAI BH...
CUMMBONAbIK KacueTTepi...

MS- 0.785 medium KyYKbIKTbIK CanaHbl KYKbIKTbIK, 94icTepi xeke Heavy lexical substitution;

02 undbpnaHabipy Asyipinoe Ka3aKCTaH KblIMbICTbIK, methodology section
KbI/IMBICTbIK, COT iCiH HOpPMaTMBTIK foregrounded instead of
XYprizyae KonaaHbIaTbiH HOpManapAbiH, background; topic
nanenpgeMenepain, canbicTbipMansl norukanblk, | keywords retained but
Ma3MyHbl MeH iC Xypri3y KONLAHbINFAH 3epTTey restructured
MaHbI3[bINbIFbIHA BCEP AHANUTUKANBIK,
eTKeH eneyni esrepicrepi LOKTPUHANAbIK,
OpblH angpbl. NeKcuKanblk, TyCiHaipMeci
KbInMbICTbIKiCTEP MaceneHiH, bipniri
6oviblHLWA A21... npoueccyanablk, HbiCaHbl

K...

MS- 0.736 medium ¥CbIHbIIbIN OTbIPFAH XeTKize anMaysbl xyreni Prefix clause inserted;

03 3epTTey Taxipubeci Kasipri | yCbIHbIIbIN OTbIpFaH word order shuffled;
TaHAAFbl — FbIbIM MEH KapacTblpy Taxipubeci hyphen in compound
TEXHWUKAHbIH, AaMbir, Ka3ipri TaH4aFbl Fbl1bIM adjective removed;
OPKEHUETTIH, epKeHaereH TEXHUKAHbIH, AAMbIN conjunction meH dropped
WaFblHAA MeKTen ©PKEHUETTIH epKeHAereH
KabblpFacblHAAFbI WaFblHAA KabblpFacbiHAAFbI
acecnipiMaepai pyxaHu- | MekTen xacecnipiMaepai
ajamrepLlinik TYpFbICbIHAH | pyxaHW agamrepLlinik
Topbueneyain MaHbI3... TYPFbICbIHAH T...

MS- 0.728 medium ¥nTbIMbI3abIH, XIX KepkeM anebuet neH Topic (Magjan Jumabayev)

04 Facblpfarbl 94e0MeTiHiH, KOFaMAblK-a1eyMeTTiK retained; framing shifted
LWbIHAMbI KBPIHiCi, en KYObIbICTapAbIH, from national spirit to
TOYeNCi3Airi XXoNbIHAAFbI cabaKTacTbIfbl, COHbIMEH literary-historical analysis;
©3eKTi apKaybl — y/ibl KaTap YNTTbIK 34e06MeTTiH new academic context
mypae. Matwanbik, aKTaH4ak b6eTTepi TyHFbIW added
Pecenpin TycbiHoa oa, peT FbiNbIMK TypLe
CoBeTTiK caacar KesiHae Herizgenin, Tapuxm-
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[le YNTTbIK PYyXbIMbI3Abl
cakTaraH MapkaH XyM...

M3leHM KOHTeKCcTe MarkaH
XymabaeB no3asusceol...

MS-
05

0.620

medium

Byn fbinbiMK 3epTTey
YKYMbICbl 030HaTOpnapabl
6ackapy KymenepiHiH,
TMiMZiniriH 6aranay meH
nepektepai 6epy yuwiH
CEeHCOpPNbIK XeniHi
nanganaHy TMiMAiniriy
3epTrenai. O30H
KOHLLeHTPaLMAChIH
O/WeNTiH 30HATap MeH
6aK...

FbIBIMU KYMbIC 030HMEH
aya Hemece cyapbl
3anancbi3gaHablpy YpAiciH
6akblnay kesiHge
CEHCOPNapAblH, CbIMCbI3
YKENiCiHiH,
KOH@UrypaumsacblHAAFbI
nepekTepai eHrisy MeH
TapaTy TMiMAINiriH
KapacTblpagpl. lepekTep
6epyaiH, OH...

Application domain shifted
(management —
disinfection monitoring);
sensor network described
via different angle;
conclusion clause added

Table A3. Low-Similarity Pairs (score 0.400-0.620; n = 1,268, 10.7%). Strong augmentation: major lexical substitution, removal
of named entities (author names, country names), perspective shift, or addition of new methodological framing absent from the
original. Domain keywords are the primary signal linking the two texts. Pair type: positive (near-duplicate). Similarity range:

0.400-0.620.

ID Score Rephrase Abstract A Abstract B Key differences
level

LS- 0.587 strong byn Makanana petekTvB Keninkep cesimre 6epywi epik | Author name and work

01 WblFapManapAblH, e3iHe 6acTbl TyHCiri normMkacsl title removed; shifted to
TOH XKaHPAbIK, AHaNUTMKanNbIK oMnaybl genre theory and
epekLwenikTepi MeH anem epekLle AaMblFaH Ty/IFa character description;
anebueTiHaeri opHbl belHeneHeni LeTeKTUBTIK only domain keywords
3epAeneHin, Kasipri kasak | wbliFapManapabiH, 6achbl (neTekTMBTIK,
anebueTiHae neTekTuB KacblHAA a4eTTe XKyMbak, oKkuFanapabl) shared
YKaHpbIHAA Kanam TapTbin | OKUFanapAbl KbUIMbICTapAbl
XXYPreH Kanamrep Teprey OpbiH anambl X...
Xapbipa
LLlamypaTtoBaHbil...

LS- 0.579 strong MeMnekeTTiK Kbil3mMeT MEeM/IEKETTIK KbI3MET aTkapy Opening retained with

02 aTKapy Kofam MeH KOFaM MeMnekeT TapanblHaH stopwords removed;
MeMmsiekeT TapanbiHaH epekLe ceHim binaipy 6onbin additional clause on
epekLe ceHim bingipy Tabbinagbl Kbi3MeTLWiNepaiH professional ethics
60nbIn Tabblnaabl KaHe MOpanbablK, 34enTiNiK added; conjunction
MeMeKeTTiK 6enHeciHe ofapbl Tanantap dropped
KbI3MeTWinepaiH, KOoMblnaabl MEMNEKETTIK
MOpanbAblK d4enTiniK KbI3METLWWiNnepAiH kaciou
6eliHeciHe )oFapbl MiHOeTTep...
TananTtap KOMblnaabl.

LS- 0.559 strong byn Makanaga KoMMKC Makanazaa KOMMUKC YKaHpPbIHbIH, Country examples

03 YXaHPbIHbIH, Nanaa 6ony navaa 6ony Tapuxbl anemMaik removed; pedagogical
Tapuxbl, anemMik apebuer | apebuet MaaeHUeTTeri OpHbI application
neH MaAeHMeTTEri OpHbI Kasipri 6inim bepy foregrounded; argument
»K9HEe OHbIH, Ka3ipri 6inim npoueciHAeri MaHbI3bl XXaH reframed from historical
6epy npoueciHaeri XKaKTbl KapacTblpblnaabl survey to practical
MaHbI3bl XXaH-XKaKTbl COHAaM ak KoMuKcTepi 6inim justification
KapacTbipbliafbl. 3epTrey | 6epyae KonaaHymoblH,
6apbicbiHaa AKLL, Eypona, | neparorvkanbik, ...
Xanonus c...
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LS- 0.549 strong Makanaaa >kacaHabl

04 WUHTENNEKTIHIH, aybln
LIapYyaLbINbIFbIHAAFbI
NOrUCTUKaHbI Bomkay
aHe b6ackapyanafbl peni
KapacTbipbliaabl.
3aMaHayw aybin
LapyalbiibiFbiHAA
fepekTepre HerisgenreH
wewimaep KabbingayablH,
MaHbI34bINbIFbl HETI3A...

reorpaduanbik aknapaTTbIk,
Xyne Kypanaapbl
ABTOMATTaHAbIpyFa MYMKIiHLIK
bepepni
CcTepeodoTOrpaMMeTPUSIHbIH,
KeMeriMeH KapTanapAabl cany
Q3pOFapbILWTbIK CypeTTepAi
OHeY XaHe AepeKkTepai
Tanpay aaictepi aybin
LIApYaLUbI/bIF...

Al-logistics framing
replaced by GIS/remote-
sensing framing;
agriculture domain
retained but methods
diverge significantly

LS- 0.402 strong Makanana enaid 6acekere | Tekcepy weHbepinae Policy framing replaced

05 KabinetTinirine (akTopsbIK Kapay Ka3akcTaH by quantitative regional
Toyennainikke xaHe ©HipniepiHiH agamu analysis; shared term
KasakctaH KanWTanbIHbIH, XeTiny apamu kanutan links

both; different
methodological angle

DEHreniHiH CTaTUCTUKANDIK,
KepCeTKilTepiHiH, Xyreci
93ipNeHai agamMu KanutanabiH,
MHAOEKCI ecenTenai aMakTap
6GOMbIHLLIA CaNbICThI...

Pecny6nunkacbIHbIH,
MeMeKeTTiK
6afnapnaManapbiHa
C9MKeC YNTTbIK afamu
Kanutangpl
KanbINTaCTbIPYAbiH,
MeMJIeKeTTiK CascaTTbl
XeTinaipy Macenenepi...

Table A4. Very-Low-Similarity Pairs (score 0.000-0.400; n = 71, 0.6%). The rarest positive category. Produced by the most aggressive
augmentation: heavy word-order scrambling, large-scale deletion of informative tokens, or switching to a different methodological
angle of the same underlying topic. Only a handful of domain-level keywords link A and B. Despite the low score, the ground-truth

label is positive (near-duplicate) because both texts originate from the same source abstract. Similarity range: 0.000-0.400.

K9He MUKpO3eMeHTTep
TanNWbbIFbIHBIH, cCebebi
60/bIN TabblNaTblH aCTbIK,
HeriziHaeri TaMak,
OHIMAEpiHiH TaFaMIbIK,
KaHe BUONOrusanbIK,
KYHZIbUTbIFbIHbIH, XaNmbl
TemMeHzeyi 6arikanagbl.
CoHAbIKTaH, Kasipri ...

MUKPO3N1EMEHTTEP
TanWbINbIFbIHbIH, Ce6ebi
TaMakK, acTblK, 6HIMOEPIHIH,
TabbinatbiH 6onbIn
TaFaMAblK, BUONOTUANBIK,
KYHObUIbIFbIHbIH, Xanmbl
TemeHaeyi 6arikanagbl
KapacTblpy 6apbiCbiHAA
©HIeH acTbIKTaH CbIFbIHAbI...

ID Score | Rephrase Abstract A (excerpt) Abstract B (excerpt) Key differences
level

VL-01 | 0.378 | strong KaszakcraHablik 6inim OKY CayaTTblUIbIFbIHbIH, XXeke | Education domain retained;
canacblH H6afanay xymeci Ty/IFa KOFaM eMipiHaeri assessment system context
TeCT TancblpManapbiH peniHiH epekile MaHbI3bl fully absent in B; only
93ipneyane Kemxblifbl cunaTTanagbl oKy cayaTTbinbik and pen link
TaXipubeci HeriziHae cayaTTbinbiFbl 6iniM anyapiH, | the texts; heavy
nefarornkanbik enweynep Heri3i eMipiHiH KaXeT agam | condensation
canacbiHAa yakeH Ke3eHiHae ap 6onaTtbiH
KeTicTiKTepre Ko XeTki3in | aafabl 6onbin ecenteneai
OTbIp. XanblKapanbik,
yMbIMAAp MEH LUeT...

VL-02 | 0.384 | strong Kasipri yakpiTta Makpo Ka3ipri yakplTTa Makpo Opening clause largely

preserved but word order
scrambled; B pivots to
specific lab extraction
method absent from A;
biofortification goal
dropped
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VL-03 | 0.371 | strong Kasipri Tanaa 6ykin BipikkeH ynTTap Shared domain (global
anempae Xypin xaTkaH yMbIMbIHbIH, 2030 xblniFa processes, sustainable
ahaHablk yoepicrep LeliHri TypakTbl ecy development); B anchored
3KONOMUANBIK, CAsACH, MaKCaTTapbl KOFAaMHbIH, to SDG framework and
3KOHOMMKAnNbIK Xyhenepae | 6apnblik canacbiHAa empirical testing; A more
TyblHAAMN OTbIpFaH XahaHablk AamyapliH, Herisri | abstract/theoretical
TYPAKCbI3AbIK NeH TeTiriHe anHanabl
[aFnapbicTapabl TYAbIPYAa. | aMnMpuKanblk Tekcepy SDG
TypakTbl famy MHOMKATopNapbl 6oMbIHLWA
MakcaTTapblH Xy3ere Xyprisingi
acblpynarbl ...

VL-04 | 0.333 | strong Makanaaa XXonpacbek ¥MbIMAACTbIPYLUbINbIK, Same subject (scholar
KypMaHKyN0BTbIH eMip Kabineti MeH akcneamums biography); A covers life and
SKONbI, WbIFapMaLLbIbIK, yakbITbIHAAFbI KbipaFbinbiFbl | pedagogy, B focuses on
Ke3eHi MeH eHereni ycras acTapabl Topbueneyne fieldwork and expedition
peTiHae Topbuenen V/IKEH XeTicTikTepre results; distinct sentence
OTbIpFaH LWaKipTTepi KeTenereHi aniTbnagbl. structures
XaWblHOa €63 KOo3Fanagpl. CoHbIMeH KaTap,

Xonpacbek Cbipmapuspasbl
Me#pambekynbl Tapux 3KCNeanumus HaTuxenepi
FbITbIMbIHbIH, AaMyblHa 30p | 6asiHAanagbl.

ynec K...

VL-05 | 0.277 | strong FbinbiMM Makanaga Kkasak, 3axapoga P.[. Fanbimaap A discusses kimeshek
anengepi KureH eHbeKkTepiMeH KaTtap, (traditional headdress)
KMMeLUeKTiH, A3CTypAi MaKanaHbl xasy symbolism; B is a
Ka3akpl opTaza anaTbiH 6apbIcbiHAA 3epTTeyLwinep bibliographic/methodology
OPHbI, CMNATbl MEH H.W. lobauesa xaHe X. note with unrelated
KOJIAAHbICTbIK, epeKLueniri ApfbiHOaeB eHbekTepi material references —
Typanbl ce3 6onaabl. navpgananbinabl. Kapyru, extreme topic drift
KrMeLweKTiH HblWaHabIK, KOPAMEPUT KaHe 0TKa
MafblHACbl MEH OK-epHeK Tesimai Matepuanaap
CMMBONIMKAChI 3epTTeNes... | TankbliaHagbl.




