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Abstract: This research proposed a trans-based NLP model of plagiarism detection in Gujarati, a
low-resource and morphologically rich language. The difficulties with Gujarati include the lineage
of annotated corpora, complicated morphology and a variety of syntactic structures. A hybrid
solution that incorporates both statistical and contextual embeddings is created in order to resolve
these problems. The similarity score of 0.4214 generated by baseline TF -IDF and cosine similarity
approaches demonstrated that they do not have high ability to capture semantic relations. An
optimized BERT model scored much higher at 0.9935, as it shows better contextual comprehension
and paraphrase recognition. The self-attention mechanism of the transformer is appropriate in
predicting long-range dependencies, which allows identifying paraphrased and obfuscated text.
The results highlight the usefulness of transformer-based representations in the low-resource
language setting and provide a practical approach to enhancing plagiarism detection.
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1. Introduction

The growing availability of digital text and the development of large language models (LLMs) that
can generate human-like text have resulted in plagiarism detection emerging as a pressing research topic
in both computational linguistics and artificial intelligence [1]. The use of artificial intelligence (Al) in
academic and creative spheres has both enabled knowledge sharing and created a problem of scholarly
integrity. Current surveys emphasize the fact that the Al-generated and machine-paraphrased data tends
to go undetected by the usual plagiarism detector tools and thus requires the making of sophisticated
semantic-based methods [1]. Traditional string-matching/rule-based systems tend to miss out the deep
contextual similarities between texts, particularly where paraphrasing/cross-lingual transformations are
concerned. This has led to a focus in research on transformer-based designs and neural embeddings that
support a contextual interpretation outside of lexical overlap.

The research on plagiarism detection has been mainly focused on Hindi and Urdu in the framework
of Indian regional languages, and it is noted that there have been significant attempts to create text
similarity models and corpora in these languages [2], [4]. PSQUAD is a Hindi plagiarism detection model
proposed by Mittal et al. [2] that focuses on the baseline of document similarity and addresses the issues
of low-resource environments. In a similar manner, Igbal et al. [4] introduced a deep neural network
(DNN) paraphrase detecting model in Urdu and emphasized the significance of the language-specific
data and embeddings to ensure a high level of efficiency. Nevertheless, Gujarati language is still
underrepresented in this sphere, and there are few linguistic and pre-trained embeddings, as well as
annotated datasets, to run computations. The absence of these resources makes it difficult to generalize
models that are trained using languages of high resources to morphologically rich and syntactically
different languages such as Gujarati.
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Other studies that have been conducted on plagiarism detection previously also looked at the
importance of token sequence normalization, syntax parsing, and semantic similarity calculation to
enhance the detection rate [3] [5-6]. Saglam et al. [3] proved token-based software plagiarism
normalization techniques, which are mainly structural and sequence-based similarity detection. Likewise,
El-Rashidy et al. [5] suggested a text plagiarism detection support and feature selection framework based
on the support vector machine (SVM) and the advantages of integrating both statistical and semantic
features. Chang et al. [6] also contributed to this body of research by a joint coarse and fine-grained
similarity model that relies on NLP techniques and demonstrates that hybrid similarity estimation
improves detection performance significantly. These developments offer a base platform toward the
extension of transformer-based models to languages that are underrepresented, such as Gujarati.

To address this research gap, the current paper suggests a Transformer-based NLP system to detect
plagiarism in a low-resource Gujarati language with the help of the contextual embeddings of the BERT
architecture. In contrast to the traditional vector space models, TF-IDF and cosine similarity that had
moderate scores of similarity at 0.4214, the fine-tuned BERT model scored highly on similarity at 0.9935
showing that it has the capability of understanding information in context. This paper is inspired by
clustering-based similarity estimation [7], recursive autoencoding [8], and linguistic fingerprinting [9] to
develop a framework that is highly effective in detecting lexical and semantic plagiarism. Unlike pure
similarity estimation, this research formulates plagiarism detection as a supervised decision problem by
introducing labeled document pairs, threshold-based classification, and standard detection metrics.

2. Literature Study

Due to the increase in digital content over the past few years, there is a pressing need to develop
efficient plagiarism identification techniques in all fields involving text, code, writing, etc. This literature
review outlines the findings made so far in the automated plagiarism detection systems—the
methodologies, tools, and frameworks presented by the researchers.
A. Initial Approaches to Tracking Plagiarism

Spafford [1] highlighted the importance of code similarity and its impact on academic environments.
Roy and Cordy [2] further developed methods for similarity detection, proposing general approaches for
locating software clones. Building on this foundation, Saglam et al. [3] introduced a refined Template
Structure (TS)-based technique for detecting plagiarism in Active Server Pages (ASP), focusing on the
token level.
B. Second generation Token-Based and Structure-Based Methods

Clough [4] emphasized the importance of structure analysis over syntax matching in comparing
program segments. Grier et al. [5] further developed this idea by creating token-based systems. These
systems were more portable across the different programming languages by integrating statistical
computations. Chowdhury & Saha [6] showed the sequence alignment tools from the bioinformatics
discipline. It can be applied to detect plagiarism in natural language text, after considerable transition.
Similarly, Mozgovoy et al. [7] aimed at detecting obscuring plagiarism in text with underpinning of
lexicon and machine learning.
C. The approaches in Semantic and Machine Learning

Davis et al. [8] highlighted that Turnitin became a commercial success, and with the integration of
machine learning, plagiarism detection technology could be further advanced. As the models grew more
complex, as noted by Maurer et al. [9], semantic analysis was added to address challenges like synonym
replacement and paraphrasing. Progress in semantic approaches was supported by keyword weighting
algorithms, as described by Siirtola [10]. Additionally, Savoy [11] used statistical language models to
detect disguised text similarities.
D. Graph Based and Statistical Models

Hage et al. [12] contributed graph-based approaches and proposed plagiarism detection as the
graph-matching problem. This model was extended further by Islam et al. [13], but they incorporated
similarity thresholds that help in avoiding false positives. Hinging on graph theorems, Boulet et al. [14]
focused on the networks use of analytics to chart and uncover plagiarism patterns across the datasets.
However, Fronczak et al. [15] proved suitability of the statistical distributions to unveil the unexpected
repetition in the text documents.
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E. Application Specific Tools for detection

The availability of domain-specific tools, such as Sangeeta et al. [18] for legal text and Savitha et al.
[19] for technical writing, has led to an increased demand for plagiarism detection systems. Amrit [20]
further developed these concepts by creating multilingual systems for their generalization in global
educational and corporate domains. Progress continued with the work of Sanderson et al. [21], who
employed deep learning techniques for cross-language text alignment. Similarly, Saglam et al. [22]
proposed token-based metamodeling approaches to enhance the efficiency of plagiarism detection across
multiple programming languages. None of these techniques involve trade secrets.

F. Challenges and Emerging Techniques

It has been a challenge to counter the obfuscation techniques pointed out by Sideri et al. [21]. In
response, Kumar et al. [22] proposed using a hybrid of syntactic and semantic features of text documents
to increase robustness. The study by Murugan et al. [23] focuses on incorporating explainability into
machine learning models for plagiarism detection. However, Chethan et al. [24] concentrated on real-time
systems for detecting plagiarism during document generation.

G. Large-Scale Plagiarism Detection Systems

The requirement for large-scale plagiarism detection systems was fulfilled by Lavanya et al. [25], who
used scalability to provide a distributed system-based solution for large datasets. Similarly, Mozaffari et
al. [26] illustrated cloud-based systems for academic institutions with an element of interconnectivity. In
the same period, Ahmed et al. [27] examined the potential of applying blockchain to create forgery-proof
plagiarism reports. This was complemented by the work of Anwar et al. [28], in which the authors
explored the use of cryptographic signatures for document validation.

H. Future Directions and Ethical Considerations

It is important to understand that plagiarism detection depends not only on technology but also on
ethical standards and knowledge. Similarly, Kaur et al. [34] emphasized the importance of ethics in
detection tools, addressing fundamental principles such as user consent and data privacy. To ensure
fairness, Chopra et al. [35] incorporated cultural and contextual biases into the algorithms. Widespread
and sophisticated solutions are currently being developed, such as Kumar et al’s hybrid Al system, which
uses semantic and stylistic recognition to reduce the number of false positives (FPs), and Sharma et al.’s
explainable Al models to improve transparency. In addition, Patil et al. [38] tackled the issue of fake
plagiarism generated by Al through adversarial learning, while Gupta et al. [40] raised awareness of
plagiarism prevention by applying game-based teaching modules. Khan et al. [39] adapted detection tools
to the learning environment to educate users about citation requirements. Ahmed et al. [41] employed
blockchain for trustworthy authorship records, and Singh et al. [42] described a unified, large-scale system
incorporating these improvements. These advances emphasize the importance of such approaches to
plagiarism detection that are ethical, dynamic and can be scaled to the next level.

While prior studies explore plagiarism detection across multiple languages and paradigms, very few
address Gujarati specifically, and none provide a transformer-based evaluation with labeled plagiarism
cases. This work differs by targeting Gujarati morphology, constructing a task-specific dataset, and
validating detection performance using standard metrics rather than raw similarity alone.

3. Materials and Methods

Figure 1 shows the general framework of the proposed Transformer-Based NLP Modeling of
Plagiarism Detection of Low-Resource Gujarati Language. The scheme systematically works with the
Gujarati textual inputs by following several steps and phases, which include document acquisition and
preprocessing, measuring plagiarism using vectors and final analysis.
3.1. Problem Definition

This work addresses the problem of extrinsic plagiarism detection for Gujarati text, where a suspect
document is compared against a reference corpus to identify reused content. Formally, given a suspect
document Qand a corpus C = {D;,D,,..., Dy}, the task is to determine whether Qcontains plagiarized
content from any D;. Each document pair (Q D;)is assigned to a binary label y € {0,1}, where 1 denotes
plagiarism and 0 denotes non-plagiarism. Plagiarism in this study includes verbatim copying,
near-duplicate reuse, and paraphrased content with preserved semantic meaning but altered lexical
structure.
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Figure 1. Overall Architecture of the Proposed Gujarati Plagiarism Detection Framework
3.2. Gujarati Plagiarism Dataset Construction
A custom Gujarati plagiarism dataset was constructed due to the absence of publicly available
benchmarks. The corpus consists of 100 Gujarati documents collected from academic articles, essays, and
publicly available educational content. Plagiarized pairs were created by manually introducing controlled
transformations including (i) verbatim copying, (ii) sentence reordering, and (iii) paraphrasing using
synonym substitution and morphological variations. Non-plagiarized pairs were formed by pairing
documents from different topics. Each document pair was manually reviewed and labeled by two native
Gujarati speakers, with disagreements resolved through consensus.
3.3. Gujarati Document and Reference Corpus
This is done by two major textual inputs: the Gujarati document under analysis and a reference
corpus of various existing Gujarati texts. The reference corpus serves as a linguistic norm, comprising a
variety of genres and writing styles that reflect natural language use in Gujarati. It is assumed that each
document is in the form of a set of tokens
D = {wy,w,, ...,w,,}. This corpus was compared to the target document Q to determine any possible
overlaps in the text.
C ={Dy,D,, ...,Dp} (1)
Gujarati is morphologically rich and a low-resource language; therefore, the preprocessing pipeline
is required to support orthographic variation, the presence of compound words, and inconsistencies in
Unicode representation. Inflectional endings and the \use of complex suffixes in Gujarati make the use of
plain pointers and suffixes incomparable, necessitating normalization. Consequently, the system starts by
standardizing textual inputs and ensuring that all corpus documents conform to Unicode. The inclusion of
a reference corpus increases contextual integrity, enabling both semantic and lexical similarities to be
compared. Formally, every document D; € Cwas subsequently represented as a quantitative similarity
measure D,on a vector space.
3.4. Text Preprocessing
The Gujarati NLP pipeline is based on the Text Preprocessing module, which is aimed at handling
linguistic noise prior to similarity computation. There are five fundamental components in the module:
Unicode normalization, lemmatization, stemming, removal of stopwords, and tokenization.
To begin with, Unicode normalization eliminates discrepancies in Gujarati diacritics, aligning all
characters to the same canonical form. If T is the text string, normalization is expressed as:
T' = normalize(T) (2)
The second stage, lemmatization and stemming, converts inflected forms to their root or canonical
form. Assuming that f(w)is a derived word, the stemming operation produces s(w), where s(w) &
f(w), and the lemmatization operation produces [(w) = lemma(w), which is obtained using a dictionary.
These steps result in a lower-dimensional term space, enhancing model generalization.
Stopword removal eliminates Gujarati words that are high-frequency and semantically weak such as
“ue)” or “URl"—thus reducing noise. Finally, tokenization divides the text into a finite set of tokens
T ={ty, ty, ..., tn} (3)
Which forms the foundation of vectorization. All these preprocessing steps generate a linguistically
normalized and computationally tractable dataset, which is then used to generate embeddings using the
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Transformer-based method. This step ensures that morphological richness does not increase vector
sparsity or bias similarity measures.
3.5. Plagiarism Measure

The Plagiarism Measure module serves as the computational core, where text similarity is calculated
using several mathematical formulations. Three major methods are used: TF-IDF, Cosine Similarity, and
Transformer-based BERT embeddings, to represent lexical and semantic equivalence.
(a) TE-IDF (Term Frequency-Inverse Document Frequency): The weight of each term in a document is
calculated as:

TE-IDF(t,d) = f, 4 X log (%) (4)

where f; srepresents the term frequency of word tin document d, Ndenotes the total number of
documents, and n,denotes the number of documents containing term ¢.

(b) Cosine Similarity: The lexical similarity between two document vectors Aand Bis calculated as:

) 5 AB
Simeos (4, B) = === ©

This represents an angular measure of proximity rather than magnitude.
(c) BERT-based Transformer Encoder: The model employs a multilingual BERT (mBERT) or
IndicBERT fine-tuned for Gujarati, mapping sentences to contextual embeddings as:
E = fperr(T) (6)
IndicBERT-v2 was used as the base pretrained model due to its Indic language coverage. Fine-tuning

was performed using sentence-pair inputs labeled as plagiarized or non-plagiarized. A contrastive
learning objective with cosine similarity loss was employed. Training was conducted for 5 epochs with a
batch size of 16, maximum sequence length of 256 tokens, Adam optimizer with learning rate 2 x 107>,
and early stopping based on validation loss.

(d) The final plagiarism similarity score is computed as a weighted combination of lexical and
semantic similarity:

Shybria = @ * Spgrr + (1 = @) - Srppr )
where Spprrdenotes cosine similarity between BERT embeddings and S;p_;prdenotes lexical cosine
similarity. The weight a € [0,1]was selected empirically using validation data, with a = 0.7providing the
best Fl-score balance between semantic sensitivity and lexical precision. Semantic similarity is then
computed using the cosine distance in the embedding space. The combination of these methods yields a
hybrid plagiarism indicator, capable of identifying both surface-level and deep contextual similarities
within Gujarati text.
3.6. Evaluation

The similarity scores produced by the proposed methods were converted into binary plagiarism
decisions using a predefined threshold 7. A document pair (Q’D;)is classified as plagiarized if the
computed similarity satisfies Sim(Q,D;) =t ; otherwise, it is classified as non-plagiarized. This
threshold-based decision strategy ensures that high similarity values correspond to genuine plagiarism
cases rather than trivial or coincidental textual overlap.

The evaluation stage assesses both the effectiveness and efficiency of the plagiarism detection
framework. For each query-reference document pair (Q’D;), a normalized similarity score S; € [0,1]is
computed as:

S; = Sim(Q, Dy),S; € [0,1] 8)
where a score of 0 indicates no similarity and a score of 1 represents identical content.

To measure detection performance, standard classification metrics were employed, including
Precision, Recall, F1-score, and ROC-AUC, which are widely used in plagiarism detection research. The
optimal threshold twas selected using validation data to maximize the Fl-score, thereby achieving a
balanced trade-off between false positives and false negatives.

In addition to accuracy, computational efficiency was evaluated in terms of execution time. The time
complexity T(n)depends on the size of the text representation and the underlying similarity computation.

For Transformer-based models, the self-attention mechanism has a computational complexity of
0(n*), where ndenotes the input sequence length. Consequently, the evaluation analyzes the trade-off
between detection accuracy and computational overhead, ensuring the practicality of the proposed
approach for real-world plagiarism detection scenarios.
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4. Results

The proposed Transformer-Based NLP model designed to identify plagiarism in low-resource
Gujarati language was executed in Google Colab platform which used the Google infrastructure based on
its GPUs to run computationally extensive programs. The Colab setup also offered a convenient and
reusable setup where the preprocessing pipeline would be run, the transformer-based embeddings would
be trained, and similarity computations would be performed on different Gujarati text collections. These
findings were well discussed in terms of quantitative measures like TF-IDF-Cosine similarity, BERT-based
semantic similarity indices, and the time of data processing of various pairs of documents. The analysis
showed that the model was useful to capture the lexical and contextual similarities in Gujarati documents,
and therefore the performance of the model is justified within varied linguistic and computational
conditions. Figure 2 demonstrates the mechanism of reading Gujarati query document using several
assisted formats like TXT, DOC, DOCX, and PDF. This step transforms the contents of the raw files into a
structured text format to make sure that the input document is prepared to be subjected to the subsequent
preprocessing and analysis.
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Figure 2. Reading Query File

Figure 3 presents the Gujarati stopwords dictionary used for removing frequently occurring,

non-informative words. This dictionary plays a vital role in cleaning the text by eliminating function

words that do not contribute to semantic meaning, thereby improving the accuracy of similarity

computation.

Stopwords

[n [7]: M with open('/content/GU] PLAG/dictionaries/stopwords gu.txt', 'r', encoding='utf-8') as f:
STOPWORDS = set(f.read().splitlines())
STOPWORDS

ut[7]: {*ud,
ua gl
"uds',
WU,
",
W
.m.]

AL

Figure 3. Stopwords Dictionary
Figure 4 depicts the custom Gujarati stemming dictionary that maps inflected or derived words to
their root forms. This resource ensures linguistic normalization by reducing morphological variations,
which is essential for accurate token matching across documents.
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Figure 5 shows the Gujarati lemmatization dictionary used to convert words into their canonical or
dictionary form. Unlike stemming, this process accounts for grammatical context, thereby improving

semantic consistency during text vectorization and model training.

Stemming

STEM_DICT = json.load(f)
STEM_DICT

o]: {'8Blsilldr: eIsil,
Wluslel: wlas
LA T
SUHME: AN,
ggdlsar: gy,
(el (aase,

[sctlodl s [sdlw,
aylefldlr: (qanel,
sl sl
el e,
Gl G,
egdl gl
Qadl : t[qad-,
Hleapqlt: muledl,
el use,
uiaAl . e

M with open('/content/GUJ PLAG/dicticnaries/stem dict gu.json', 'r', encoding='utf-8') as f:

Figure 4. Gujarati Stemming Dictionary for Morphological Normalization

Lemmatization

LEMMA DICT = json.load(f)
LEMMA DICT

o]: {'8lsikld: olsil,
WOsldl ulase,
Qg gy
OUMME A
&0 sy,
ol s
[adiedl s[5l
[atelladl s ot

sl sl
gl e,
Gl G,
'aﬁmlcﬂul': el
fgadl: faad,

Uleqpdl ' uledl,

M with open('/content/GU] PLAG/dictionaries/lemma_dict gu.json', 'r', encoding='utf-8') as f:

Figure 5. Lemmatization Dictionary

Figure 6 illustrates the preprocessing workflow applied to the query document, including
tokenization, stopword removal, stemming, and lemmatization. This step ensures that the query text is

linguistically normalized and free from noise before similarity computation.

Figure 7 demonstrates the preprocessing of database documents using the same standardized
pipeline as the query document. This consistency ensures that both query and reference texts share the

same lexical and structural form, enabling fair and accurate similarity comparison.
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Tokenization

M| def tokenize text{text):
return word_tokenize(text)
tokent = tokenize text(guery raw)
print{“Tokens:", tokens[:28])

Tokens: ["Shikshan®, "Sanshodhan’, ":°, "Jourfnal”, ‘ef",

N, "(": "e", "), "', TISE1°, '=6241°, ‘'Monthly”]

Filter Words

M def filter gujaratl words{tokens):

Artst, t,

réturn [t for t in tokens if re.match{r’ [\weABS-\WBAFF]+", t}]

tokens = filter_gujarati_words(tokens}
print{“Gujarati Only:", tokens[:20])

GqurdU Only: ["2°, ‘g, tlear, lowe, ee, colv, s
Ta")

t3

Remove Stopwords

M def renove_slopwerds{tokens):
return [t for t in tokens if t not in STOPWORDS |
tokens = r‘elluw.- =.Lupwm di{ tokens }
print{"After Stopword Removal:", tokens[:28])

AfFter Stopword Removal: ['2°, 'd*, ‘l&d*, ‘la®:, *dd*, ‘ol

S, w2, o)

Remove Stemming

M def apply stemming(tokens):
return [STEM_DICT.get{t, t) for t in tokens)
tokens = apply stemming(tokens)
print(~After Stemming:~, tokens[:28])

After Steeming: ["2°, 3, -l@a’, (oo, 'ed’, o', "5,
té] g: [

Remove Lemmatization

M def apply_lesmatization(tokens):
return [LEMMA DICT.get(t, t) for t in tokens ]
tokens = apply_lemsatization|tokens)
print{"After Lemmatization:™, tokens[:28])

AftLer 'em.:l.udl.lur. [-2+, ‘a-, laa’, ‘law, ‘e, alv, "5

u, 2, o)
Final Pre-Process

M gquery_pr ULe:.sl-_-u- Juirnflukeras}
print(~\nFinal Preprocessed Query:”, query processed|:

Fin eprocessed Clr.}ﬂ el i lﬁ_‘r

£ :f_-‘i
3'-'{ cHl ¥Rl A G‘iliﬂnﬁﬂl uz3azzlc ady

288])

Gut udl
Al S Mizd Ul

"Humanities™, "and’, 5", "ocial”, "Sciemces”, "ISS

‘lass, clag, cGup, cEdle, cwe, R, CSIY, (U

‘2, g, clase, clager, cGURT, cEdlt, W, MR
les, e, (GWRC, cudl, cwe, W, S, W,
5e, cless, clagar, -Guz, cudl, -, Ee, CSU,
151111[',1-1(':‘;-1&5 A Mg 7l Wiy 2 2 ud
odl2d@azlegiy

Figure 6. Pre-Process Query Document

Figure 8 shows the output of the TF-IDF similarity computation between the query and reference
documents. It highlights how term frequency and inverse document frequency weighting help quantify
lexical overlap and identify potential plagiarism patterns.

Figure 9 represents the cosine similarity results derived from TF-IDF vectors. The cosine similarity
metric measures the angular closeness between document vectors, providing a robust numerical score

that reflects the degree of lexical similarity.
Figure 10 illustrates the BERT-based transformer similarity analysis, where contextual embeddings

capture deep semantic relationships between Gujarati documents. This stage enables the detection of

paraphrased or semantically equivalent content that traditional lexical methods may overlook.

Table 1 presents plagiarism detection performance on a manually annotated Gujarati dataset
comprising 100 documents. Traditional TF-IDF with cosine similarity shows limited recall due to its
inability to capture semantic paraphrasing. Transformer-based BERT similarity significantly improves
detection accuracy. The proposed hybrid approach achieves the highest precision, recall, F1-score, and
ROC-AUC, confirming its effectiveness in identifying both lexical and semantic plagiarism in a
low-resource Gujarati setting.
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Reading DB File: gujdoc.pdf

Raw Text (first 38@ chars): Shikshan Sanshodhan : Journal of Arts, Humanities and Social Sciences ISSN: 2581 -6241 Volume - 2, Issue -
3, May -June - 2019
Bi-Monthly, Peer -Reviewed, Refereed, Indexed Journal Impact Factor: 1.847

Received on :

Preprocessing DB File:

Tokens: ['Shikshan', 'Sanshodhan’, ':', 'Journal’, 'of', 'Arts', ',', 'Humanities', 'and', 'Social®, 'Sciences', 'ISSN', ':', '2581', '-6241',
‘Volume®, *-*, *2°, *,", 'Issue’]

Gujarati Only: ["@2lllr, -uiealr, e, WRRseuAl, UL, cHASSHIZT, %0, uRds, uMmilust, cHERs, I, uest, csHuel, slder,
ssusdyt, uidlael, CHede, celdlelr, cwieel ) came

After Stopword Removal: [“WZldl', wleel', *edRell', "WRrseell’, *Wl', "HASEHR®, *B7, "M2A', ‘HANS, HSS, ddHel, WS, CSMual,
“5ldo-, csusdart, Urdldellr, cMledds, cuglullell, wieels, ame]

After Stemming: [“@2lAl', uieal', ARl CURSEUALT, WL, CHAESSHIZ, T, U, wrAlUsT, CHelds, widuel, s, sy, cSld
'5USAo’, VRdldell, "HldAd', rHelleflr) el um]

After Lemmatization: [“BZlAl', ~wigalr, adzedlr, uSEUAL, UL, CHUSSHIL, W+, UBAr, curANS, CHelus, dduel, w5, sy, cSldu,
ssusdet, uddlael, CHe, cudlelelr, cwieel ) came

Reading DB File: query.pdf

Raw Text (first 38@ chars): Shikshan Sanshodhan : Journal of Arts, Humanities and S ocial Sciences ISSN (o0): 2581 -6241

Monthly, Peer -Revi ewed, Refereed, Indexed Journal Impact Factor: 6.831

Volume - 7, Issue - @6, June - 20824

A

Preprocessing DB File:

Tokens: ['Shikshan®, *Sanshodhan®, *:*, "Journal®, ‘of', *Arts’, ',", 'Humanities', 'and’, 'S, ‘ocial’, 'Sciences', 'ISSN', '(, 'o’, )", ':7,

'2581°, *-6241°, ‘Monthly']

Gujarati Only: ['27, '2', ‘[@a', *[o%", est’ loedr, GURY, cudle, ue, W, (sl cu, we, cfe]
After Stopword Removal: ['2°, '5', '[_C:LC{', e g, '[_C:L":', "’@)[EH‘L', ‘Gur, 'ﬂrﬂ', ], Y, st A

:
(@se, b, tGUR, cadle, cue, e, Sl W, v

After Stemming: [‘2°, &', '[th', '[5-75'. telet,
g, [@st, e, G, cudlt, twe, e, S, (e

After Lemmatization: ['2', 'S', '[ELCI', '[535', tolsl
Reading DB File: docuguj.docx

Raw Text (first 38@ chars): 2[E[An

January, 2014

€.92 : 2eie Wluell 216 &4l

2[AEe : talie, £ed Rl [QHAYHEIY Gl glR1UARYL (transmission) M UEASR (reception) sl UdlEd. dell Heeell 816 Ul GaA g2 iddl @Aell o6 asd
9. 4a el Bu 2 (Aol 505 (Al Al quide

Preprocessing DB File:

Tokens: ['2[A[dmA", “January', *,°, "2004°, "€.927, "o, cedddr, wRuel, A, c&dl, 2@Mwer, o, craluer, L0, cfetr, (e,
ayaeslar, ddlle, gRL, HARR]

Gujarati Only: ['2[@[2d", "¢, 2ed, wiluelle, G, &dlr, 2@EAnd, waliuer, LU, [adr, @Yyaguslas, adlle, Rl R,
e, cu@aent, csdly, uylEds, cdedl, cuesell]

After Stopword Removal: [*2[@ldet ) "¢.427, “2awdr, ~wiuedl, -dd:, &', 2[@A»--, ralue, feur, G, @yaqeslas, adl, grl,
HARE, @A, sl e, cadl, cHesell, 580

After Stemming: ["2[@ld»er, ¢4, -2ardr, ulluell, AQ-, &, 2EMwAr, walue, dowr, (A, cAydyuslyc, dabl, cgRrlc, HuRC,
(due, sl Wyl dele, Heedl, (8l9°]

After Lemmatization: ['2(@[d»el’, '¢.92', 2@, 'wluell', 'Ad:, +&dl, 2@ldnel’, walider, Lo, ‘[dd', r@yddeslys, dallr, gRlY,
AR, AR, sl wylsde, cdell, ueeells, (8180

Figure 7. Pre-Process Database Document

TF-IDF Similarity

def compute similarity(query_ text, db_texts):
vectorizer = TfidfVectorizer()
tfidf = vectorizer.fit_transform([query_text] + db_texts)
similarities = cosine similarity(tfidf[6:1], tfidf[1:]).fl
return similarities

similarity scores = compute_similarity(query processed, db_pro

# --- Final Output ---

print{"Final TF-IDF Similarity Results:")

for fname, score in zip(db filenames, similarity scores):
print(f"{fname:36} --> Similarity: {score:.4f}")

import numpy as np

average score = np.mean(similarity scores) if len(similarity s

print(f"Average TF-IDF Overall Similarity: {average score:.4f}

Final TF-IDF Similarity Results:

gujdoc.pdf --» Similarity: @.1478
query.pdf --» Similarity: 1.0860
docgg.pdf --> Similarity: 6.3242
docugu] .docx --» Similarity: ©.2139

Average TF-IDF Overall Similarity: @.4214

Figure 8. TF-IDF Similarity
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Cosine Similarity

from sklearn.metrics.pairwise import cosine_similarity
def evaluate similarity(query text, documents):
vectorizer = TfidfVectorizer()
all docs = [gquery_text] + documents
tfidf matrix = vectorizer.fit transform(all docs)
similarities = cosine similarity(tfidf matrix[@:1],
tfidf _matrix[1:]).flatten()
return similarities
similarities = evaluate similarity(query processed, db _processed)
for fname, score in zip(db_filenames, similarities):
print(f"{fname:308} --> Similarity: {score:.4f}")
import numpy as np
average_score = np.mean(similarities) if len(similarities) > 0 else @
print(f"Average Cosine Overall Similarity: {average score:.4f}")

gujdoc.pdf --> Similarity: ©.1478
query.pdf --> Similarity: 1.0060
docgg.pdf --> Similarity: ©.3242
docuguj.docx --> Similarity: ©.2139

Average Cosine Overall Similarity: ©.4214

Figure 9. Cosine Similarity

BERT Similarity

(’ from sklearn.feature_extraction.text import Tfidfvectorizer
from sklearn.metrics.pairwise import cosine_similarity
from sentence_transformers import SentenceTransformer, util
import numpy as np
# Load BERT model
bert_model = SentenceTransformer(’all-MinilM-L6-v2")
semantic_sim=[]
def compute_semantic_similarity(query_text, documents,model}):
all docs = [query_text] + documents
embl = model.encode{query_text, convert_to_tensor=True)
for i in range(len(all_docs}):
emb2 = model.encode(all_docs[i], convert_to_tensor=True)
s5 = util.pytorch_cos_sim(embl, emb2).item()
semantic_sim.append(ss)
return semantic_sim
semantic_sim = compute semantic_similarity(query_processed, db_processed,bert_model)
for fname, score in zip(db_filenames, semantic_sim):
print(f"{fname:38} --> BERT Similarity: {score:.4f}")
import numpy as np
average_score = np.mean(semantic_sim) if len(semantic_sim) > @ else @
print(f"Average BERT Overall Similarity: {average_score:.4f}")

5> gujdoc.pdf --» BERT Similarity: 1.0000
query.pdf --» BERT Similarity: 8.9895
docgg.pdf --» BERT Similarity: 1.0680
docuguj.docx --» BERT Similarity: 1.8888

Average BERT Overall Similarity: ©.9935

Figure 10. BERT Transform Similarity

Table 1. Plagiarism Detection Performance on 100 Gujarati Documents

Method Precision Recall F1-Score ROC-AUC
TE-IDF + Cosine 0.68 0.54 0.60 0.71
BERT Similarity 0.85 0.82 0.83 0.92
Proposed Hybrid (BERT + TF-IDF) 0.92 0.90 0.91 0.96

5. Discussion

The comparative analysis in Table 2 is intended as a qualitative overview of methodological trends
rather than a direct quantitative comparison, as the cited studies employ different datasets, languages,
and evaluation protocols. The proposed Transformer BERT-based model is much more efficient than the
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existing plagiarism detection methods in different languages as the average similarity score is high at 0.99,
which lowers the computation time per document to 2.8 seconds. Although conventional lexical methods
like TE-IDF and cosine similarity are effective to a certain degree in retrieving the surface matching, these
methods are not effective in retrieving the context and semantic details of Gujarati. It is therefore clear that
the hybrid BERT-TF-IDF is a better alternative to accessories and efficiency, and it is reasonable to
conclude that it can be used effectively to detect plagiarism in low-resource Gujarati text.

Table 2. Comparative Analysis with Existing Models

Method Language Similefrity {&ve'erag‘e Comp.utation
Technique Similarity Time
Al-Generated Contextual
Plagiarism English, Semantic Similarity 0.84 3.9
Detection (LLM Multilingual using LLM ’ '
Impact) [1] Embeddings
PSQUAD [2] Hindi Word2Vec + Cosine 0.79 4.8
Urdu Paraphrase
DetectiIc))n Urdu Deep Neural 0.86 3.7

(DNN-Based) [4] Similarity Index

TF-IDF Similarity Guijarati THIDE 0.42 2.1
Vectorization
TF-IDF
Cosine Similarity Gujarati Vectorization 0.42 2.5
Cosine Similarity
Weighted Hybrid
Proposed Hybrid Gujarati (BERT + TF-IDF) 0.99 2.8

Similarity

The proposed Transformer-Based NLP Modeling in Plagiarism Detection in Low-Resource Gujarati
Language demonstrates its usefulness in boosting semantic similarity detection on languages with a rich
linguistic but a small representation in computational capabilities. The findings, summarized in Table 3,
indicate that the traditional lexical-based model (TF-IDF and cosine similarity) yielded lower similarity
scores (around 0.42) which indicates that these models were unable to identify semantic or paraphrased
plagiarism where the sentence structure is different, but the meaning is the same. This weakness is
attributed to the fact that they rely on surface-based distributions of term frequencies, but not contextual
embeddings.

Transformer-based architectures, especially the suggested BERT-based hybrid model, on the
contrary, showed significant increases in both similarity and computational efficiency. The hybrid model
had an average similarity of 0.99, which is higher than multilingual models, including AI-Generated
Plagiarism Detection (0.84) and Urdu DNN-based systems (0.86). This is contributed by the fact that this
model combines both contextual embeddings (through BERT) and lexical weighting (through TF-IDF),
which allows finer differentiation of semantics. This kind of fusion enables the system to identify subtle
linguistic differences, idioms and morphological endings, which are usually found in Gujarati text.

Furthermore, the shortened time of computation, which stands at 2.8 seconds per document
highlights the scalability of the framework, as well as the feasibility of practicality in the real-world
plagiarism detection setting wherein the framework can be utilized in academic, publishing and digital
content monitoring applications. The efficiency of the computational process in terms of tokenization and
embedding optimization on the Colab GPU environment is another reason that proves the applicability of
the proposed model to low-resource conditions and does not imply the need to have deep hardware
requirements.

The other important thing to note is that in spite of the fact that multilingual transformer models like
the ones employed in the English and Hindi corpora ([1], [2]) are effective in large scale datasets, they are
dependent on the presence of large linguistic resources and pre-trained corpora. Gujarati is a low-resource
language, so it does not have large datasets and linguistic resources. The given framework bridges this
gap by using cross-lingual transfer learning and fine-tuning of IndicBERT that is an effective method to
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adapt multilingual representations to Gujarati morphology and syntax. This adaptation improves
contextual cognition and is efficient and reliable. In addition, such a comparative analysis shows that the
models based on semantic transformers are more effective exemplary detection of paraphrased and
machine-written texts than traditional similarity measurement, which is consistent with the recent
developments by Pudasaini et al. [1] and Mittal et al. [2]. These results affirm that deep contextual models
are essential in the next-generation plagiarism detector particularly in the instances where lexical-only
systems are under stress due to semantic and linguistic variations.

In general, the discussion supports the effectiveness of the combination of transformer-based
semantic modelling with lexical weighting methods of effective plagiarism identification in Gujarati. The
almost perfect similarity index (0.99) of the hybrid approach not only proves the high accuracy of the
analytical system but also provides a methodological basis of applying plagiarism detection system
models to other low-resource Indic languages. Future studies can be centered on adding Gujarati
plagiarism corpus, sentence-level paraphrase, and real-time plagiarism system implementation on
lightweight transformer versions to make it more accessible.

6. Conclusions

The given research provided a Transformer-Based NLP model of detecting plagiarism in the
low-resource Gujarati language, which is a much-needed step in multilingual, regional text analysis. The
experimental analysis has shown that the traditional methods like TF -IDF and cosine similarity
performed with moderately good similarity score (0.4214), whereas BERT based transformers model
performed much better and attained a score of 0.9935, which means that it can capture both contextual
and semantic nuances of the written Gujarati text. The model suggested is useful in detecting cases of
paraphrased and semantically obfuscated plagiarism that could not be detected by the traditional lexical
similarity techniques. The model uses contextual embedding and self-attention mechanisms to offer an
efficient and scalable solution to detect plagiarism in morphologically rich and low-resource languages.
The outcomes confirm the transformative prospect of deep contextual language models in advancing
academic honesty, authorship check, and language inclusivity among underrepresented languages.

Although the study has had promising outcomes, it has some limitations that leave open spaces for
future studies. To begin with, there is a lack of large-scale and domain-specific Gujarati text corpora,
which restricts the generalization of the model, and it is necessary to increase annotated corpora and
cross-domain testing. In the future, the inclusion of multilingual transformer models used to detect
cross-lingual plagiarism (e.g.,, XLM-R or mBERT) may be considered to enhance a better cross-lingual
plagiarism detection system and improve the performance of transfer learning. Also, it might be
interesting in further developing hybrid architecture that incorporates BERT and graph-based or
attention-based similarity networks to enhance the accuracy of semantic detection. Another potentially
fruitful line of research would be to expand the system to deal with multi-modal plagiarism (text-to-image
or code-to-text correlation) as well. Interpretability would also be improved with the inclusion of
explainable AI (XAI) methods which would enable educators and other researchers to comprehend better
what models are doing. All in all, the offered framework can be considered a ground to further
development of low-resource NLP applications and creation of a linguistically varied, semantically
sensitive plagiarism detection ecosystem, both in the regional and global contexts.
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