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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.

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.),
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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
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 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.

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 API 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, 0 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 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.
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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 the most significant lexical units in
the corpus after the removal of stop words. Terms such as «6imm» and «tanmay» 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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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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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 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.
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Table 1. Distribution of pair types



Category| Subcategory/ Pair type | Count (n) | Percentage (%)
Positive (Near-duplicates) 7,088 59.8%
§ % 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%
4% low_similarity 1,268 10.7%
E medium_similarity 4,860 41.0%
very_low_similarity 71 0.6%
Total Full corpus 11,851 100.0%
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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,,...,d,} be a corpus of scientific documents (abstracts), where each

document d. is represented as a sequence of tokens:
di={W1,W2,...,WLi}, (1)

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;)},i#]. 2)

Each pair is associated with a binary label: y; e {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—>[°, 4)

for a given document d its embedding is defined as: e=E(d), where e[l is a fixed-length
vector representation. For a pair of documents (di,dj) the embeddings are: e, =E(d;) and

e = 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.
RlT) ®

lex || is the Euclidean norms.
The similarity score satisfies: S(di,dj) € [—1,1] and normalized to [0,1].

A threshold-based decision rule is applied to classify document pairs:

Lif$(d,.d;)=T

0,if S(d,,d;)<T ©

Yi €



Where T is decision threshold and the final classification function with indicator function,

Iis:
£(d,,d;)=1(S(d;,d;)=T), (7)
or more formal
E(di)'E(dJ) *
f(d,d,)=1 >T" |, (8)
94 e o)

T" is the optimal threshold.
The threshold T 1is 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 :argmaxL > I(yij(T):yij), )

T[T T | |B] (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,.d,,...,d,} 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 (N2 ) 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 =(A,,A,,...,Ay). 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.



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 (N log N +kN)

, where k is the number of candidates selected for each document k[l N. 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, =E(d,) and ¢; = 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 (e, ,e, ) which serves as the input for similarity computation. The

semantic similarity between texts is calculated using cosine similarity (Cosine distance metric in

lleal-Tes AII ||eB||

dimensional embedding spaces and its robustness to lexical and structural variations.

Fig. 11): S(A B) Cosine similarity is chosen due to its effectiveness in high-



Architectural framework of the BERT-based detection pipeline

Input corpus
(Cleaned paired abstracts)

/ Text all\gnme\

BERT encoder A BERT encoder B Embedding
(MInILM-L12) (MInILM-L12) serialization
Embedm /uve od

Vector
pair

Similarity score

Similarity computation
(Cosine distance metric)
Dynamic threshold calibration N
(Validation set optimazation) [ Optimal mias |
T = argmaxAccuracy : g
. . e a 'Performance evaluation:
Binary semantic classification + F1-score & AUC-ROC
(Duplicate vs. Non-duplicate) + Confusion matrix
+ Leakage verification
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: Fl-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.

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
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Figure 12.  Model performance across dataset splits
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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.

Conclusions

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 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 A1l. 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 Makanazna ThIH apXUB Makanaja ThIH apXUB Capitalization removed;
01 JepeKTepiHiy Heri3iHme JIepeKTepiHiH HeTi3iHae punctuation and a few
KazakcTaHHbIH Ka3aKCTaHHBIH connective words
aKaJIeMUSUTBIK FHUTBIMBIHBIH | aKaJeMHUSUIIbIK dropped; one synonym
KaJIBITITACy TapPHUXBI )KOHE FBUIBIMBIHBIH KaJIBINITacy | substitution (e3ekTi
C. ActhennnapoBTBIH TapUXBI Mocele — ©3eKTi
Kazax AKCP-narbr ac(heHInapOBTHIH Ka3aK KHUBIHJIBIK)
TYHFBILI FBUTBIMH-3€PTTEY AKCp JaFbl TYHFBIII
OpTaJBIKTaphl MEH FBUIBIMU 3€PTTEY
MEKeMeJEPiH KYpyAaFbl OPTAaJIBIKTAPBI
pedi 3ep... MEKeMeJIEepiH KYpyIarbl
peJIi 3epTTEreH KYHT . ..
HS- | 0.962 | very light | Makanana Ka3ipri Ka3ak YITTHIK Makaiaza Kasipri | Word-order resequencing
02 MPO3achIHA KOPiHiC Ka3aK Mpo3achlH/ia at sentence start; removal
TaIKaH YITTHIK KYHIBUIBIK, | KOPIHIC TallKaH of repeated yITTHIK
YITTHIK, OOJIMEIC, YITTHIK KYHIBUTBIK O0aMEIc cant | modifiers and superlative
CaIIT-JIOCTYP MaceTeci JIOCTYp Macesieci KeHiHeH | eH; punctuation stripped
KEHIHEH co3 0oaIbl. ce3 0onabl aHBIKTAY
3epTTey MoHIHE Ka3ipri TIOHIHE Ka3ipri Ka3ak
Ka3aK IPO3achbIH/IaFbl MPO3aChIHAAFbI
TYBIHABLIAP CapanTabIIl TYBIHJIBUIAP CapanTabIIl
aNIbIHFaH.. .. AJBIHFaH TOYEJICI3IIK
Ke3eH. ...
HS- | 0.961 | light Kait ke3erme 60IMachIH Kaif Kke3eHae 60aMachiH Lowercase normalisation;
03 Mep3iM/Ii OachUTBIMIAp Mep3iMIi 0acklIBIMIAp hyphens and guillemets
aKUKAT OMIp/IiH aiiHaCkl aKUKar eMip/iH aiiHacel | removed; determiner cou
0oa oumi. O”pja OoJra Ol oHIa dropped; extra word
KapHUsUTaHFaH JKapusUTaHFaH akukar inserted in title
My OIIUIIUCTUKATIBIK MyOIUIUCTUKAIBIK,
HIpIFapManapaH coj HIbIFapMasapian
Ke3eHHiH 0eT-OeiineciH, Ke3eHHIH OeT OelHeciH
3aMaH TapHuXbIH Oi7IeMi3. 3aMaH TapuxbIH OiTeMi3
Makanana «Kazakcran Makalaja Ka3akCTaH
KOMMYHIC. ... KOMMYHHCI aKHKAT. ..
HS- | 0.954 | light Makasnana acep mparMaTHKabIK Word-order scrambling of
04 ayJapMaTaHyarbl eH Makanaaa noun phrase; superlative
Kypaeni maocenenepid 0ipi | aynapMaTaHyAarsl eH removed; synonym
— ayJapMa MOTiHIHIH KYpAemi Macenenepain KapacTanassl for
KOMMYHHUKaTHBTIK acep 0ipi aytapmMa MoTiHIHIH KapacThIpblIa bl
TYIBIPY, PELMITHEHTKE KOMMYHUKaTHBTIK
MIparMaTHKaNbIK 3Cep €Ty TYJBIPY PELUNNEHTKE
Kabineti 00 eTy Kabineri 60JbIn
TaOBUIATHIH TYITHYCKA TaOBIIATHIH TYITHYCKA
MOTIHHIH IparMaTHKAIIBIK, MOTIHHIH dIIeyeTiH Oepy
aneye. .. Mocereci KapacTa. ...
HS- | 0.938 | light Makanazaa Ka3ipri Tagaa Makasajaa Ka3ipri TaHaa Second sentence merged;
05 MEKTETTET1 OKBITY IbIH MEKTETITET1 OKBITY/IbIH conjunction mex dropped
MaHBI3/bl MiHACTTEPiHIH MaHBI3bl MiHACTTEPIHIH | between skxonmaps! and
6ipi OOITBIT TAOBIIATHIH 6ipi G0l TAOBITIATEIH Tocinaepi; repeated
OKyIIbLIapa OKyIIbLIap/a Makasana removed
(yHKIIMOHAJIIBIK (YHKIIMOHATIIBIK
CayaTThUIBIKTBI CayaTThUIBIKTHI
KaJIBINTacThIPy Maceseci KaJIBINTaCThIPy Maceseci




co3 0oiansl. Makanazna
(YHKIIHOHATTBIK
CayaTThUIBIKTBI OKYIIIBLIL. . .

co3 00J1a1bl
(bYHKITMOHATTBIK
CayaTThUIBIKTHI
OKYIIbIJIAp/Ia KAJIbIIL. . .

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 By makamana 0OeTKl Ka0aTTBIH Sentence reordering;

01 TEXHUKAJbIK (YHKIIMOHAIIBIK introductory clause
JCTETHKAIarbl OETKi SCTETHKANBIK CUMBOJIABIK | removed; result clause
Kabat TYCIHIT1 XoHe KacuerTepi restructured as
OHBIH OpJICy MCH KalTay | caHAaTTapbIHBIH HeriziHge | informational statement;
MaTepHaIapbIHBIH aHBIKTaIaJIbl MaKaIaaa punctuation stripped
KYPBUIBIMBIHJIAFBI PO yaKbITTa YKaHa carajbl
TanKputaHaael. beTki JCHTeire KOIKeH
KabaTThIH MaTepualLAap by
(YHKIHOHAJIBIK, TEXHHUKAJIBIK
JCTETUKAJIBIK KOHE xobanaybIMeH
CHMBOJIIABIK OaitmaHbICTHI PTYPIIL
KacueTTepi. .. OH...

MS- | 0.785 | medium KYKBIKTBIK caslaHbI KYKBIKTBIK 9icTepi )keke | Heavy lexical

02 UUPIaHIBIPY A9YIpiHAE | Ka3aKCTaH KbLIMBICTHIK substitution;
KBUIMBICTBIK COT iCiH HOPMATHUBTIK methodology section
Kyprizynae HOpMaJap IbIH foregrounded instead of
KOJIJIaHBUIAThIH CaJIBICTBIPMaJIbI background; topic
JoNeNaeMenep i JIOTHKAIBIK KonnaHeural | keywords retained but
Ma3MYHBI MEH iC )KYpri3y | 3epTTey aHaTHTHKAJIBIK restructured
MaHBI3/IbUIBIFbIHA CEP JIOKTPUHAJIJIBIK
€TKCH eJIeyJli ©3repicTepi | JCKCHKAIIBIK,
OPBIH aJIIBL. TYCiHIIpMeci MacelleHIH
KpuIMBICTBIKICTED OipJIiri MPOLECCYANIBIK
OoBIHIIIA 19IT. .. HBICAHBI ...

MS- | 0.736 | medium Y CHIHBUIBII OTBIPFaH kKeTkize anMaysl xkyieni | Prefix clause inserted;

03 3epTTey TaXipubeci YCHIHBUTBIN OTHIPFaH word order shuffled;
Ka3ipri TaHAaFel — KapacThIpy TaxkKipuOeci hyphen in compound
FBUIBIM MEH TEXHHKaHBIH | Ka3ipri TaHIarbl FhUIBIM adjective removed;
JIAMBIII, OPKEHUETTIH TEXHUKAHBIH JaMBIII conjunction men dropped
OpKEHIETeH IIaFbIH/Ia OPKEHUETTIH OpKEH/IETeH
MEKTeIl IIAFBIHIA
KaObIpFaChIHIaFbI KaOBbIPFACHIH/IAFbl MEKTETI
xKacecmipimuepai JKacecHipiMaepl pyxaHu
PYXaHH-a1aMIepIIiTiK aJlaMrepIIiTiK
TYPFBICBIHAH TYPFBICBIHAH T...
TopOHeNneyaiH MaHpI3. . .

MS- | 0.728 | medium ¥areiMb3abiH XIX Kepkem onebuer nexn Topic (Magjan

04 FacCBIpJIaFbl OICONETIHIH KOFaMJIBIK-9JICYMETTIK Jumabayev) retained;
LIBIHAMBI KOPiHICi, el KYOBLIBICTApBIH framing shifted from
TOYEJCI3/IIT1 )KOJIBIHAAFBl | cabaKTacTBIFBI, COHBIMEH | national spirit to literary-
©3€KTi apKaybl — YJIb KaTap YITTHIK oebueTTiH | historical analysis; new
mynane. [armansik aKTaHuak oerrepi academic context added
Pecetlinin TyceiHIA Na, TYHFBIII PET FHUIBIMU




CoBeTTIK cascaT Ke3iHue
JIC YITTBIK PYXBIMBI3IBI
cakTaraH MarxaH

TYpJie HeTi3aedin,
TapPUXU-MOJICHU
KOHTeKCTe Markan

030HATOpIAPIBI DacKapy
KYHeIepiHiH THIMILUTITiH
Oarayay MeH JepeKTepi
Oepy YIIIiH CEHCOPIIBIK,
JKeIiHI maiaanany
THIMALUTITIH 3epTTeH .
O30H KOHIIEHTPAIUSICHIH
OJIIICUTIH 30HATAp MEH
0ax...

CYIIbI 3aJaJICBI3aHIBIPY
YpIiciH OakpliIay Ke3iHae
CEHCOPJIAPABIH CHIMCHI3
SKEJTICIHIH
KOH(HTYpaIUsCHIHIAFBI
JIEpeKTep i eHri3y MeH
TapaTy THIMIUIIriH
KapacTeipansl. Jlepekrep
OepymiH OH. ..

Kym. .. ’KymabaeB 1mo33HACH. . .
MS- | 0.620 | medium By FeuthIME 3€pTTEY FruteiMu sxymbIc Application domain
05 JKYMBICHI 030HMEH aya HeMece 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.

TapUXbl, dJEMJIIK
oneduer neH
MOJICHUCTTET] OPHBI
JKOHE OHBIH Ka3ipri
6imim Gepy
MIPOIIECIHICT] MaHBI3BI
JKaH-KAKTBI
KapacThIPBIIA IBL.

TapuXbl NEMJIIK 91eOUeT
MOJICHHETTET1 OpPHBI Ka3ipri
OiimM Oepy mporneciHaeri
MaHBI3bI JKaH KaKThI
KapacTbIpblIabl COHJIal aK
KOMUKCTEpi Oitim Oepye

ID Score | Rephrase Abstract A Abstract B Key differences
level

LS- | 0.587 | strong Byn makanana neTekTuB | Kelinkep cesimre Gepymri Author name and work

01 LIbIFapMaliap/iblH ©3iHe | epik OacThl TYHCITi title removed; shifted
TOH YKaHPJIBIK JIOTHKACH! aHAJMTHKAJIBIK to genre theory and
epeKIIeNiKTepi MeH OiiJIayBI epeKIIe TaMbIFaH character description;
ayieM o1eOueTiHeT1 TyJIFa OeliHesneHe /i only domain keywords
OPHBI 3eP/ICIICHITL, JIETeKTUBTIK (IEeTEeKTHUBTIK,
Kazipri Kazax IIBIFapMalapabIH Oackl okurarapsr) shared
oneOueTiHAe TeTCKTUB KACBIH/A 9JIETTE KYMOaK
JKaHPBIH/A Kaam OKHFaJIap/ibl KbIMBICTAP/IbI
TapThIN XKYPreH Teprey OpbIH anajpl XK. ..
kanamrep JXKaznpipa
IITaMypaToBaHB.L. ..

LS- | 0.579 | strong MeMIeKeTTiK KbI3MeT MeMJIEKETTIK KbI3MeT aTkapy | Opening retained with

02 aTKapy KOFaM MeH KOFaM MeMJIEKET TaparnblHaH | stopwords removed;
MEMJICKET TaparblHaH epeKIe ceHiM OLTIipy additional clause on
epeKIIe ceHiM OLTIipy 00JIBIN TaObLIA b professional ethics
OOJIBIN TAOBLIA/BI )KOHE | KbI3METIILIEP/IiH added; conjunction
MEMIICKETTIK MOPAIBJIBIK OICITLIIIK dropped
KbI3METIILIEPIiH OeiiHeciHe )KOFaphl TaJaITap
MOPATBABIK SIETTIIK KOMBLIAABI MEMIIEKETTIK
OeliHeCiHe KOFapHI KBI3METIIIepiH Kocion
Tananrap KOHbUIaIbL. MiHZETTED. ..

LS- 0.559 | strong Byn makanaga KoMHKC MakaJjlaZia KOMHUKC Country examples

03 JKaHPBIHBIH Maiifa 0oy | *aHPBIHBIH Maiina 6oy removed; pedagogical

application
foregrounded;
argument reframed
from historical survey
to practical justification




3eptTey OaphICBIHIA KOJTaHYIBIH
AKIII, Eypona, NeJaroruKaiblkK ...
Kanonus c...
LS- | 0.549 | strong Makanaza xacaHabl reorpadusuiblk akmapatTtelk | Al-logistics framing
04 HWHTEJUIEKTiHIH aybUT KyHe Kypangapsl replaced by
[1apyanIbUTBIF BIHAAFBI aBTOMATTaHABIPYyFa GIS/remote-sensing
JIOTHCTHKaHBI 00JDKay MYMKIiH/IK 6epei framing; agriculture
XKoHe OacKapymarsl peni | crepeodororpaMmeTpusHeH | domain retained but
KapacThIPBIIA IBL. KeMeTiMeH KapTanapzsl cany | methods diverge
3aMaHayH aybll A3pOFAPBILITHIK CypeTTep/i significantly
LIapyambUIbIFbIHA OHJIeY KoHE JIepeKTep/i
JepeKTepre HEeTi3eNreH | Tajjay dIicTepi aybul
IerimMaep LIapyalIbUIBIF. . .
KaObLU1Iay IbIH
MaHBI3ABUIBIFBI HETI3I. ..
LS- 0.402 | strong Makanaja enig TeKcepy HICHOepiHe Policy framing
05 Oacekere (akTOpIBIK Kapay KazakctaH | replaced by
KabineTTiirine OHIpJIepiHIH aJaMu quantitative regional
TOYCIIUTIKKE KOHE KaIUTAJIBIHBIH JKETLTY analysis; shared term
Kazakcran IEHreMiHIH CTaTHCTHUKAJBIK amamu kamnurain links
PecnyOimmkachIHBIH KOPCEeTKIIITEPiHiH Xyieci both; different
MEMJIEKETTIK a3ipJIeH i afamMu methodological angle
OarnapiamMaiapblHa KaIlUTaJIIbIH HHACKC
coliKec YITTBIK aJaMH ecenTeln i aiMakrap
KaIuTaJ bl OOMBIHIIA CAJIBICTHI. . .
KaJIbINTaCTBIPYIbIH
MEMJICKETTIK CascaTThl
KETLIAIpY
MaceJenepi. . .

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.

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

VL- 0.378 | strong Kaszakcranapik 0iigimM OKY cayaTTbUIbIFbIHBIH Education domain

01 camachlH Oaranay KEKe TYJIFa KOFaM retained; assessment
Ky#eci TecT eMIipiHJIeT1 poiHiH system context fully absent
TaTCBIpMaTapbiH €pEeKIIe MaHBI3EI in B; only cayarteuieik and
a3ipiey e KOTDKBUIFBI CUMATTaNIaAbI OKY pex link the texts; heavy
Toxipubeci Heri3iHae CayaTTBUIBIFBI O171iM condensation
MEeJaroruKaIbIK aJTyJIbIH HET131 eMipiHiH
eJIIIeyJIep calachlHIa Ka)XXeT aZiaM Ke3eHIH/IE ap
YJIKEH JKETICTIKTepTe OoNaThIH AaFABI OOJBITT
KOJI J)KETKi3iM OTHIP. ecenTeei
XasblKapanblK yiibiMaap
MEH IIET. ..

VL- | 0.384 | strong Kasipri yakpITTa Makpo Kazipri yakpITTa Makpo Opening clause largely

02 JKOHE MHKPODJIEMEHTTEP | MHUKPOXJIEMEHTTED preserved but word order
TAIIIBUIBIFEIHEIH ¢ce0e01 | TamIIBIIBIFBIHBIH ce0e0l scrambled; B pivots to




00JIBINT TAOBUIATHIH
aCTBIK Heri3iHIeri TaMaK
OHIMJICPiHIH TaFaMIbIK

TaMax acTBIK
OHIM/IEPiHiH TaObLIaTHIH
OOJIBITT TaFaMJIBIK

specific lab extraction
method absent from A;
biofortification goal

YKOHE OMOJIOTHSITBIK OHOIOTHSITBIK dropped
KYHIBUIBIFBIHBIH JKaJbl | KYHABUIBIFBIHBIH JKaJIIIbI
TOMeH/Iey1 OaliKanapl. TeMeHIeyi OaiiKaapl
CoHJBIKTaH, Ka3ipri ... KapacTeIpy OaphICHIHAA
OHI'CH aCTBIKTaH
CBIFBIH]IBL. . .
VL- | 0.371 | strong Kaszipri tanna Oykin OipiKKeH yiaTTap Shared domain (global
03 QyeM/Jie KYpiM JKaTKaH yibiMbIHBIH 2030 KbUTFa | processes, sustainable
xahaHIBIK yaepicTep JIEHIHT] TYpaKTHI 6Cy development); B anchored
9KOJIOTHSUIBIK, CasICH, MaKcaTTapbl KOFAMHBIH to SDG framework and
SKOHOMMKAJIBIK OapIbIK cajgachIHIA empirical testing; A more
KyHenepae TysIHAaI skahaHIBIK TaMyIbIH abstract/theoretical
OTBIPFaH TYPAKCHI3IBIK HETI3Ti TeTiriHe aifHaJ bl
TIeH JIaFJapbICTap bl OMITUPUKAIIBIK TEKCEPY
Tyablpyaa. TypakTel SDG nHAuKaTOpIapsl
JaMy MaKcaTTapbIH OOMBIHIIA KYPTi3iIi
JKY3ere achIpyarsl ...
VL- 0.333 | strong Maxkanama XKommacoek Y HBIMIAaCTHIPYIIBLIBIK Same subject (scholar
04 KypMaHKYIOBTBIH Mip | KabineTi MeH biography); A covers life
KOJIBI, IIBIFAPMAIIBIIBIK | KCIICTULIUS and pedagogy, B focuses
Ke3€H1 MEH OHeTeNl YaKBITBIHIAFBI on fieldwork and
ycTas peTiHzae KbIpaFbUIBIFBI JKacTapabl | expedition results; distinct
TopOuenen oTeIpraH TopOueney/e YIKeH sentence structures
HIOKIPTTEpi JKalbIHAa JKETicTiKTepre
€3 KO3Falaibl. JKETeJlereHi aiThUIabl.
Konmacoex CoHbIMEH Katap,
MeitpamOeKyITBI TapuX Colpaapusiiarsl
FBUIBIMBIHBIH TaMybIHa IKCHIETULHS HOTHKEIEePi
30p YIEC K. .. OasHmama bl
VL- | 0.277 | strong FrutbiMu Makanaia 3axapoga P.JI. rameimaap | A discusses kimeshek
05 Ka3ak oiesnaepi KUreH eHOeKTepiMeH KaTap, (traditional headdress)

KHMEIIEKTIH JASCTYPIi
Ka3aKbl OPTa/1a anaThiH
OpHBI, CUTIATHI MEH
KOJITAHBICTEHIK,
€pEeKIIeIITi Typalbl Co3
6omansl. KumenekTiy
HBIIIAHIBIK MaFbIHACKHI
MEH OI0-8pPHEK
CHUMBOJIMKACHI
3epTTeNes. ..

MaKaJaHBI )Ka3y
OapeICBIHIA
seprreymriiep H.M.
Jlo6aueBa xone X.
ApreiHOaeB eHOCKTepi
naiananpuiel. Kapyri,
KODIHUEPHUT KOHE OTKA
TO3IMJIi MaTepHuasiap
TaJKbLIAHAIBL.

symbolism; B is a
bibliographic/methodology
note with unrelated
material references —
extreme topic drift




