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Abstract

We present a simple cross-lingual plagiarism detection method applicable to a
large number of languages. The presented approach leverages open multilingual
thesauri for candidate retrieval task and pre-trained multilingual BERT-based
language models for detailed analysis. The method does not rely on machine
translation and word sense disambiguation when in use, and therefore is suitable
for a large number of languages, including under-resourced languages. The
effectiveness of the proposed approach is demonstrated for several existing and
new benchmarks, achieving state-of-the-art results for French, Russian, and
Armenian languages.
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1. Introduction

The automation of plagiarism detection is an essential part of ensuring in-

tegrity and fair promotion in academic circles and other spheres of life. There
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have been significant advances in monolingual plagiarism detection, where pla-
giarism is detected between texts of the same language. A lot of research also
has been dedicated to solving the problem of cross-lingual plagiarism detection
[1, 2, B]. At the same time, there is notable lack of research and resources for
under-resourced languages, as highlighted in [4].

Multiple approaches exist for overcoming the language difference for cross-
lingual plagiarism detection. Using machine translation to bring all documents
to the same language is the most obvious solution, and it has been success-
fully employed in many works [5, [6] [7, [8, 9]. However, the solution relies on a
quality machine translation system, which is not available for many language
pairs. Apart from that, translation of entire documents is a time-consuming
and expensive process. There are also corpora-based approaches which leverage
parallel texts in different languages to train methods of mapping documents to
vectors in a shared space [I0, [I1]. These are also not suitable for most lan-
guage pairs because of the lack of relevant corpora. Thesauri-based approaches
provide alternatives to using machine translation and corpora-based methods,
such as using cross-lingual word embeddings, multilingual semantic networks to
overcome the language barrier. This work adopts a similar approach.

Combining the knowledge in multilingual thesauri is a fundamental part of
these methods. [12] show that using word sense disambiguation is very effective
in that regard. However, the disambiguation task can be challenging, especially
for lexically rich and under-resourced languages. Another approach is using
fuzzy search, as shown in [I3]. They assume that if there is enough textual
context, the real concepts will have a considerably higher concept mass and the
error will be reduced, which is unfortunately not always the case, especially
for lexically rich languages. Therefore, in this work we propose an alternative
approach of merging the thesauri based on simple frequency-based approxima-
tion instead of word sense disambiguation. The proposed plagiarism detection
approach displays state-of-the-art results on French, Russian benchmarks and
is also demonstrated to be effective on under-resourced languages such as Ar-

menian.



At the detailed analysis step, we compare passages of texts in their original
languages, using pre-trained multilingual masked language model to determine
their semantic similarity. The idea came from the success of BERT-based lan-
guage models in the task of paraphrase detection [I4] [I5], which is in nature
very similar to the target task, and the emergence of multilingual versions of
these models [16].

The main contributions of this work are:

1. An efficient and accurate method of cross-lingual plagiarism detection that
does not use machine translation at runtime and does not rely on word
sense disambiguation.

2. A method of constructing multilingual word clusters from a multilingual
thesaurus for the cross-lingual information retrieval of under-resourced
languages, also competitive for large languages.

3. A new test dataset for cross-lingual plagiarism detection, covering 5 lan-
guage pairs.

4. A challenging test dataset for sentence-level cross-lingual semantic simi-

larity analysis, covering 5 language pairs.

The paper is organized as follows: Section 2 reviews the related work, Sec-
tion 3 describes the proposed approach, in Section 4 we provide the results of
performance evaluation, and discuss it in Section 5.

We publish all presented datasets and models on GitHubE

2. Related Work

In this section, we present some of the methods previously used for the cross-
language plagiarism detection task. Similar to monolingual systems, methods
in cross-lingual settings also mainly use a two-staged approach [I7]. The first
stage is the retrieval of a small number of potentially relevant documents from a

large reference collection. It focuses on reducing the search space for the second
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stage, which focuses on more detailed comparison of the suspicious and retrieved
documents aiming to increase precision. The documents in the first stage can
be full texts, or smaller fragments such as paragraphs, sentences, or fixed-sized
windows. The second one, detailed analysis, pairwise compares the suspicious
document to the source ones, retrieved on the previous step. Here, the goal is to
align the similar text parts of the analysed documents. The method proposed
in this paper also relies on two-staged approach.

Syntax/Lexical based methods calculate the similarity without using any
multi-lingual data or translation mechanisms, and are mainly used for languages
that are syntactically and lexically close to each other. For example, CL-CNG
[18] is one such method that uses character n-gram vectors to represent the
texts.

Thesauri-based methods are based on transforming texts into language-independent
forms, with their following comparisons. Thesauri such as BabelNet [19] or
EuroWordNet [20] are multilingual semantic networks of different text units.
For each word, MLPlag [21] extracts language-independent word senses, using
EuroWordNet thesaurus, and later directly compares them. Cross-Language
Conceptual Thesaurus based Similarity (CL-CTS) method [22] transforms doc-
uments into vectors using EurOVO(E| conceptual thesaurus, and then uses cosine
similarity for comparison of the vectors. Another method is a knowledge graph-
based (CL-KGA) approach [23, [24] which uses BabelNet. These graphs are
constructed for each text fragment, using the words’ concepts and the paths
between them. Finally, the similarity is computed with some graph similarity
algorithm. The described methods often rely on word sense disambiguation,
which prevents them from being used for under-resourced languages that do
not have such tools.

Corpora based methods use different information extracted from multi-lingual
databases. The cross-language explicit semantic analysis (CL-ESA) model [10]

is a multi-lingual version of Explicit Semantic Analysis [25]. Assuming that
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D is a document collection, for each document d of that collection, the ESA
algorithm associates a concept vector d, which in its turn is constructed using
TF-IDF similarity between the considered document and each of the Wikipedia
article concepts. The CL-ESA method works exactly the same way but instead
of using monolingual collection D, it uses a concept-aligned multi-lingual set of
collections. Another method based on parallel corpora is the Cross-Language
Alignment-based similarity Analysis (CL-ASA) [I1], which utilizes a statistical
bilingual dictionary obtained via IBM alignment model 1 [26]. The drawback
of these methods is the need for training sets, which are available only for a
handful of language pairs.

Machine translation based methods translate the documents into one lan-
guage and then use mono-lingual search algorithms. Translation plus mono-
lingual (T+MA) based approaches were used by many authors [Bl 6] [7, [8 [9].
Similar to corpora-based approaches, using machine translation is not an op-
tion for most language pairs, because developing or getting access to an accurate
translator would be extremely expensive.

Word embedding based algorithms. The methods use the vector representa-
tions of the words to compare the texts. In [I3] two methods were proposed,
CL-CTS-WE uses each word’s top 10 closest word embeddings to build a bag-
of-words of that word. The second one, CL-WES, represents each considered
textual unit as a vector sum of the words it consists of. Bilingualism of the
vectors for both methods is provided by Multivec [27]. Another method [28]
based on word embeddings uses bilingual word vectors from [16].

Besides the separate approaches mentioned above, some others like [29] or
[13] try to use fusions of those to achieve better results.

The proposed method belongs to thesauri-based methods, but in contrast
to the most does not rely on word sense disambiguation. To the best of our
knowledge the proposed method is the first one to use Universal WordNet for

the multilingual plagiarism detection task.



3. Proposed Method

This section describes the proposed two-step approach for cross-lingual pla-
giarism detection. The following subsection describes the process of retrieving a
small set of relevant text passages from a large collection of reference documents.
After that we describe the detailed analysis step where the retrieved passages
are compared with the suspicious passage using a more precise method.

Further in text, the terms suspicious and reference documents/passages will
be used. Suspicious documents/fragments denote the ones that potentially con-
tain plagiarism. Reference documents/passages denote the ones from which

plagiarism can potentially be produced.
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Figure 1: The scheme of query and reference collection documents preprocessing, word-level

multilingual clustering and relevant fragment searching.

3.1. Candidate Retrieval

The candidate retrieval process is a relevant document extraction process.
It reduces the number of documents that will go through the computationally

expensive detailed analysis step. In the proposed method, instead of full texts



both suspicious and reference documents are divided into smaller passages of
text (for example, paragraphs), and relevant candidate retrieval is done at that
level.

We define the task as follows: given a set of text passages D in language L1,
a suspicious passage of text s in language Lo(L2 # L), and a relevance ranking
method M, the goal is to retrieve from set D the most relevant K passages of
text for s, where K < |D)|.

The method employs an inverted index for implementing fast search. Ref-
erence documents are divided into smaller text fragments, which are then pre-
processed and indexed. Using the predefined multilingual thesaurus that maps
each word to a set of unique concepts, each paragraph’s word is replaced with
the corresponding concept. Words that are not attached to any concept remain
unchanged. Afterward, an inverted index is built for each of those modified para-
graphs. Suspicious documents are divided into sentences, and the replacement
process is applied on the sentence level. This process is described in Section
BIT

The search is performed for suspicious replaced sentences trying to find the
most similar source modified paragraphs. In addition to the multilingual the-
saurus, to enhance the search quality, we pre-processed both source and sus-
picious documents. The text was lemmatized and after that all stopwords,
numbers, punctuation characters as well as other tokens containing punctua-
tion inside them were removed.

Described document indexing and search processes were implemented using
the open-source enterprise-search platform Apache Sohﬂ Okapi BM25 was
utilized as the ranking function [30]. For tokenization and lemmatization, we
used Stanza v1.2.1 [31].

The candidate retrieval process is shown in Figure
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Figure 2: The process of preliminary multilingual word cluster creation using Universal Word-

Net and its addition with the use of machine translation.

8.1.1. Multilingual Word Clusters

To obtain the correct concept for each word, previously published work relied
on word sense disambiguation. In this work we propose circumventing that step
and using a word frequency-based approximation to merge thesauri of different
languages into one.

Many multilingual thesauri exist that can be used in the abovementioned
method. BabelNet [19], DBNary [32], and various multilingual WordNets pro-
vide open access to their data, which could be adapted to create multilingual
word clusters for the cross-lingual retrieval task. Based on the vocabulary size,
its coverage of a large number of languages and precision, we decided to use
Universal WordNet (UWN) [33] as basis for our experiments.

Within a language, each word is linked to one or more synsets, each corre-
sponding to a unique concept. When merging UWN’s interconnected synsets
from different languages, the number of words in created multilingual clusters of
concepts grows even more. The usage of all available synsets for a word leads to
a situation when a word appears in many clusters, which negatively affects the
precision of retrieval method. Therefore, it is important to reduce the number

of each word’s clusters to the most relevant ones.

Shttps://solr.apache.org/


https://solr.apache.org/

In this work, we experiment with several approaches to alleviating that prob-
lem. First, we used the concepts in Princeton WordNet 3.1E| to create the initial
set of word clusters. The concepts were extracted for every English word. Then,
we used UWN to populate the clusters with corresponding words in other lan-
guages.

Let Lywn be the set of all languages supported by UWN, Cywn be the
set of all concepts, universal among all languages, and w some word in English.
With S’lc we denote the set of synsets corresponding to all of the concepts of
the word w (Cy € Cyw ) in language | € L. Then, we can define the different
multilingual cluster creation approaches as follows:

All. For each English word w we merge the synsets Slcu, foralll € Lywn.
The synsets that correspond to different parts of speech of the w are merged
separately. The merged synsets serve as multilingual word clusters.

Topl. In this approach, we additionally filter the set of concepts based on
the frequencies provided in Princeton WordNet. For each English word w, we
take only the most frequent concept CL°P1 and merge its corresponding synsets

S for all [ € Lyw . The most frequent concepts are taken separately for

Lo
each part-of-speech category of the word w.

We call the created multilingual word-to-cluster mapper “Cross-Language
synonyms dictionary” (CL-SynDi). Since Universal WordNet consists of over
1,500,000 words in over 200 languages, CL-SynDi mapper can be used for build-
ing cross-lingual information retrieval systems for all those languages.

The analysis of the word-to-concept mapping obtained from UWN revealed
many concepts missing the corresponding words for some languages. Thus, we
manually supplemented the missing meanings (in the way of translation) to
the clusters in the respective languages. Additionally, we enriched the clusters
with the words in the languages that were already present. The translation was

processed using Google Chrome translation. Only the English words were used

as a source of translation. To get the proper translation for the words that can

dhttps://wordnet.princeton.edu/
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appear as different parts of speech, the words were translated in connection to
their parts of speech. The process of CL-SynDi creation is described in Figure
2] The final statistics of the obtained dictionaries are shown in Figure [3|

UWN = UWN+GoogleTranslate

on ] 82,42
fr e
os ] 62,66 | aors
b — ) 71,85
hy 2597 s
de —— ) 6921
20 4‘0 6‘0 86 160

Lexical Coverage (%)

Figure 3: The comparison of lexical coverage of the multilingual clusters created with and

without the usage of machine translation, computed on 120,000 texts of Wikipedia.

While less fine-grained, the proposed approach achieves good results on var-
ious cross-lingual benchmarks and as shown for the Armenian language, can be
quite effective for under-resourced languages that might not have word sense
disambiguation tools.

The created multilingual clusters are published on GitHuHﬂ

3.2. Detailed Analysis

After retrieving the top-K relevant fragments, we perform more detailed
analysis of their similarity to the suspicious fragment. The goal of this step is
to increase the overall precision of the plagiarism detection.

In the detailed analysis step, we employ the same method as [34]. The task
is defined as a binary classification of whether the two input passages of texts
in different languages are a translation of each other. Similar to [34], we also
fine-tune a pre-trained multilingual masked language model and use a pair of
sentences as input. If multiple candidates are classified as translation, the one

with the highest score is selected. The model and how it works is shown in

Shttps://github.com/1998karen/Cross-Lingual-Plagiarism-Detection
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Figure [d If retrieved and suspicious texts fragments contain more than one
sentences, they are divided into sentences, which are then pairwise compared
using the fine-tuned language model.

It is worth noting that the defined translation detection task is similar to
paraphrase detection. Taking that into account, we decided to use multilingual
BERT-based language models for our task, since they have shown decent results

for paraphrase detection.

If life were predictable it would | | Ecnu 6bl xu3Hb bbina npedckasyemol, oHa :
cease to be life, and be : nepecmana 6b1 6bIMb XU3HBIO U nomep;ma
! without ﬂavor ! 161 eKyC.

_______________________________________________________________________

Multilingual Masked Language Model
OQO O00: OO0 000 0O00: OO0 OO0 000

v
Binary
Classification

Figure 4: The process of classification whether the two text fragments are translation of each

other, used at detailed analysis step.

To fine tune the language model we used pairs of parallel sentences as positive
examples, and as negative examples we used sentences that were similar but not

the translation of each other.

4. Experiments

To demonstrate the effectiveness of the proposed approach, we carried out
several experiments, evaluating candidate retrieval and detailed analysis steps
separately, and also the overall performance on established benchmarks and
new test datasets. We performed the evaluations for English-Russian, English-

French, English-Spanish, English-German, and English-Armenian language pairs.

4.1. Candidate Retrieval

To select the best of proposed modifications and synonym dictionaries for

candidate retrieval part of the algorithm, we ran several tests. We added 10,000
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English documents, extracted from Wikipedia, to the index as reference collec-
tion. To check the candidate retrieval performance, we then performed search
for 316 automatically generated suspicious documents in Russian. All of the
suspicious documents contained plagiarised fragments.

As an evaluation metric of candidate retrieval step Recall @K was chosen,
which computes the ratio of the relevant documents in the retrieved K docu-
ments.

According to the estimations shown in Table[T] the best results were achieved
by using the word-to-concept mapper that was created using only the meanings

with the highest frequency scores.

Recall@aK
Merge method K=1 K=5 K=10 K=50
All 0,624 0,728 0,762 0,832
Topl 0,747 0,827 0,853 0,899

Table 1: Extrinsic evaluation of cross-lingual thesauri merge methods in the candidate retrieval

task.

Additionally, we checked the effectiveness of extending the thesaurus with

machine translation (Table [2)).

Recall@K
Thesaurus K=1 K=5 K=10 K=50
UWN 0,175 0,265 0,307 0,426

UWN+GoogleTranslate 0,747 0,827 0,853 0,899

Table 2: Extrinsic evaluation of the effectiveness of machine-translated multilingual thesaurus

in the retrieval task.

4.1.1. Hyperparameters

For candidate retrieval, we selected K = 50 to guarantee high level of recall.
For example, [35] work for English-Hungarian plagiarism detection also consid-
ered up to 50 documents for the retrieval stage. For Okapi BM25 ranking of the

candidates, we used k1 = 1.2 and b = 0.75. Suspicious documents were divided

12



into sentences, while reference documents were divided into paragraphs. This

configuration was used in all following experiments.

4.2. Detailed Analysis

XLM-RoBERTa (XLM-R) [36] was chosen as the model to resolve the de-
tailed analysis task. XLM-RoBERTa is a multilingual model trained on 100
different languages.

We created a training dataset to fine-tune the XLM-R model, and then
evaluated the performance on several datasets.

Training. To fine-tune XLM-R we automatically generated a dataset, using
English Wikipedia and scientific papers on various topics, randomly sampled
from Google Scholar. The positive examples were generated by automatically
translating random sentences from scientific papers and Wikipedia sentences,
4,500 each. In total, the training set included 9,000 positive examples, 150 for
each language pair.

As for the negative examples, for each language pair, we took random sen-
tence pairs from English Wikipedia and scientific papers 75 each. These sen-
tences were then translated into corresponding languages to form sentence pairs
for each language pair. We assume that during the plagiarism detection process,
the vast majority of sentence pairs that will rich the detailed analysis step will
not have or will have low similarity between their sentences. During the data
generation process, we checked that no sentence appeared twice in the training
set. Finally, the training set consisted of 18,000 examples.

Evaluation. The trained model was evaluated on existing Negative-1,
Negative-4 test datasets [34] and a new dataset based on MRPC [37]. The
evaluation results are provided in Table

Negative-1, Negative-4. These test datasets from [34] consist of English-
Russian sentence pairs. They were used to fine-tune the model for that language
pair only. 16,000 sentences from Yandex parallel corpus and 4,000 manually
translated sentences were used, as positive examples. Negative examples were

obtained using the same 20,000 sentences. Each Russian sentence was compared
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to each English sentence (except for its own pair) using different similarity
measures. For the Negative-1 set, only one negative example was taken for each
Russian sentence from the most similar sentences. As for the Negative-4 set,
4 negative examples were taken (one most similar example for each similarity
measure).

vMRPC. The main drawback of existing detailed analysis datasets is that
they generate non-translation pairs mostly based on lexical distance. That ap-
proach leaves out certain difficult cases where the sentences are lexically distant
but semantically very close. Based on the similarity of paraphrase and transla-
tion detection tasks, came the idea to transform a paraphrase detection dataset
for our needs. Translation of near-paraphrases from a paraphrase detection
dataset would allow to address the lack of challenging negative examples. For
more robust evaluation of the trained detailed analysis model, we created a
new test dataset for 5 pairs of languages based on machine translation of the
Microsoft Research Paraphrase Corpus (MRPC). We denote the new dataset
vMRPC.

The process of creating YMRPC is described in Figure [f] For each pair
from MRPC dataset, one of the sentences was translated into the 5 selected
languages. The translation was processed using Google Translate. So, each
non-translated English sentence was paired with the translation of its original
counterpart. Additionally, to exclude the risk of the effect of bad translations
on the performance of the model, all the source-translated sentence pairs were
translation-risk predicted using ModelFront ﬂ Translations with an estimated
risk score above 50% were discarded. In the resulting sets, the average risk
varied from 24% to 35% among the languages.

This approach allowed us to generate more challenging negative examples
for the evaluation of the model. Unlike SemEval-17 Task 1 [38], where manual
work of experts was involved, we were able to automatically create examples

for multiple languages, including a under-resourced language such as Armenian,

Shttps://modelfront.com
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Dataset Lang. Pairs Recall Precision F1

vMRPC EN-HY 901 0,89 0,74 0,81
EN-RU 1250 0,91 0,72 0,81
EN-ES 1457 0,94 0,72 0,82
EN-FR 1397 0,91 0,72 0,81
EN-DE 1154  0.94 0.70 0,81
Neg-1 EN-RU 7998 0,89 0,93 0,91
Neg-4 EN-RU 18613 0,84 0,88 0,86

Table 3: Detailed analysis model scores on different benchmarks.

and then compare the detection quality of the model across the language.

/ The Gerontology Research | ! ‘[Mrs. Slough] is the oldest living !
' Group said Slough was born on | | American as of the time she died, L.
July 8, 1889, making her 114 . | Stephen Coles, Executive Director of

el old at the time of heri fthe Gerontology Research Group, said |

death. ! | Sunday.
\_MRPC pair. Label: non-paraphrase.| 1T
A 4 n v
/; The ~ Gerontology ~~ Research’! Machine translate to
+ Group said Slough was born on | the target language

‘July 8, 1889, making her 114,
| years old at the time of her,

bttt : | Estimate translation risk |

H “[l-%a. Cnay »] - camas cmapas u3 |
HbIHE KUBYWUX aMepuKkaHyes Ha
| MOMeHm ceoell cmMepmu, - ckasar e | Yes

| gockpeceHbe Jl. Cmueen Koyns, < Risk < Threshold

E ucnonHUmMenbHbIl Qupekmop E

| MepoHmonoauyeckol 1

"""" o, Label: o transiation. ' Exclude from the dataset

Figure 5: Detailed analysis challenging test data generation translating one of the sentence in

MRPC paraphrase pairs.

In the following experiments, to achieve higher precision, the classification

threshold of the finetuned model was chosen according to the highest Fjy o5 score.

4.8. Cross-Lingual Plagiarism Detection Benchmarks

For the English-Russian, English-French, English-Spanish language pairs we
used existing benchmarks for cross-lingual plagiarism detection and compared
the results with novel and state-of-the-art results on them. We also constructed

a new test dataset for all these pairs and evaluated the method on it. Since the
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Crosslang
Rec. Prec. F1
Proposed method 0,77 0,86 0,81
[9] 0,79 083 0,80

1

Table 4: Comparison of the proposed method with the state-of-the-art on CrossLang dataset

for English-Russian cross-lingual plagiarism detection.

scope of this work did not include the study of post-processing steps aimed at
increasing the granularity score [39], we compare the methods based on preci-
sion and recall measures only. The selected datasets and evaluation results are
described below:

Crosslang is an automatically generated English-Russian cross-lingual pla-
giarism detection dataset [9]. This dataset is based on English and Russian
Wikipedia random articles. Here, suspicious and corresponding source docu-
ments have similar topics. Each suspicious document contains from 20 to 80
percent of plagiarism, the source of which is split among 1 to 10 documents.

We compare the performance of our approach with [9], the state-of-the-art
on this benchmark. The evaluation results on CrossLang are provided in Table
ik

[40]. We also used the [40] pre-gathered subsets of different parallel corpora

that are often used for different cross-language NLP tasks:

) JRC—AcquiSEI - corpus contains European law texts from Acquis Commu-

nautaire on 22 languages.

e Amazon Product Reviews - a corpus of reviews of different products col-

lected by [41].

e Conference papers (TALN) [42] - a corpus that contains scientific texts

extracted from conference papers that were published in two languages.

ec.europa.eu/../jrc-acquis
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We used the same methodology as [13] for evaluation, and compare the

performance of our approach with the results published in their paper (Table

p).-

JRC-Aquis APR TALN
PI‘OpOSGd Method 71,80i0,444 96,6710. 387 89,72i0,474
[13] 72,70+1,446  78,91+1,005  80,89+0, 044

Table 5: Comparison of Fl-scores of the proposed method and the state-of-the-art on Ferrero

et al. dataset for English-French cross-lingual plagiarism detection.

PAN-PC-2011. This corpus contains both monolingual and cross-language
plagiarism cases [43]. PAN-PC-2011 contains documents with both automati-
cally and manually generated plagiarism cases. For the cross-language plagia-
rism detection task, this corpus includes Spanish-English and German-English
document pairs. Some of these documents were manually corrected after an
automatic translation of some parts of the texts. To use the dataset to evaluate
our algorithm we only used the documents that were created for the external
plagiarism detection task and that are used in cross-language cases.

We used the evaluation scriptﬁ provided by PAN 2010 conference organizers.
The results on the Spanish-English subset are shown in Table [(] We compare
our approach against the novel state-of-the-art method proposed by [28].

PAN-PC-11 ES-EN

Recall Precision

Proposed method 0,79 0,85
[28] 0,75 0,79

1

Table 6: Comparison of proposed method and the state-of-the-art on PAN-PC-11 dataset’s
English-Spanish subset.

Dataset for all language pairs. To be able to evaluate and compare

8github.com/pan-webis-de/../sepln09
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the efficiency of the proposed algorithm on the 5 selected languages, we cre-
ated a new datasetﬂ based on Wikipedia articles, using the same algorithm as
[9]. For each language the resulting dataset contains 400 suspicious texts with
plagiarised passages from a reference collection of 120,000 English texts.
Detailed statistics and evaluation results are provided in Tables [7] and

respectively.

Plagiarism fraction

Pair Hardly Medium Much
(0-0.2) (0.2-0.5) (0.5-0.8)
EN-HY 16.5% 65.25% 18.25%
EN-RU 15.25% 62.25% 22.5%
EN-ES 7.5% 59.0% 33.5%
EN-FR 12.0% 60.0% 28.0%
EN-DE 19.0% 63.0% 18.0%

Table 7: Plagiarism fraction per document in the proposed cross-lingual plagiarism detection

dataset.

Pair Recall Precision F1
EN-HY 0,72 0,73 0,73
EN-RU 0,81 0,82 0,81
EN-ES 0,90 0,86 0,88
EN-FR 0,88 0,81 0,84
EN-DE 0,71 0,64 0,67

Table 8: Evaluation results on the proposed cross-lingual plagiarism detection benchmark.

9nttps://drive.google.com/drive/folders/1jnAehDCQM_ulP3wKpRMozpbpiuOxbP5E?usp=

sharing
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5. Discussion

The evaluation results demonstrate that the proposed simple approach of
grouping multilingual synsets based on the most frequent meaning can be very
effective for cross-lingual plagiarism detection. The method based on adapted
UWN and XLM-R achieved results close to the state-of-the-art of English-
French, English-Russian languages on established test datasets.

The detailed analysis results on YMRPC for the Armenian language demon-
strate the effectiveness of multilingual language models in this task even for
under-resourced languages. Our approach also achieved adequate results for
the overall detection task, which indicates its suitability for under-resourced
languages. In that regard, the advantages of proposed method are that it does
not depend on machine translation and does not require fine-grained word sense
disambiguation. Therefore, it can easily be adapted and employed for all lan-
guages present in UWN and XLM-R.

Speaking about the limitations of the work, we need to note some points.
First, the proposed method is applicable only for the languages where lemma-
tization and tokenization tools exist. Second, Universal WordNet contains lim-
ited amount of languages, which also affects the number of applicable languages.
Then, descent machine translation tools are required, as the method uses such
a tool to supplement the “Cross-Language synonyms dictionary”. Further, tak-
ing into account the results achieved on German texts, we can assume that
the method has some issues with the languages where word formation via com-
pounding is common. It is worth to note that the method was tested only on

the languages from Indo-European family.

6. Conclusion

In this work we presented a method of cross-lingual plagiarism detection that
relies on openly available multilingual thesauri and pre-trained language models,

and therefore can easily be adapted to many languages. The effectiveness of the
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model was shown both on large languages using existing benchmarks, as well as

on an under-resourced language, using newly presented datasets.

7. Acknowledgments

This work was supported by a grant for research centers in the field of arti-
ficial intelligence, provided by the Analytical Center for the Government of the
Russian Federation in accordance with the subsidy agreement (agreement iden-
tifier 000000D730321P5Q0002 ) and the agreement with the Ivannikov Institute
for System Programming of the Russian Academy of Sciences dated November
2, 2021 No. 70-2021-00142.

The authors thank Denis Turdakov, Yaroslav Nedumov, and Kirill Sko-

rnyakov for their insightful feedback.

References

[1] M. Potthast, B. Stein, A. Eiselt, A. B.-C. P. Rosso, Overview of the 1st
international competition on plagiarism detection, in: 3rd PAN Workshop.

Uncovering Plagiarism, Authorship and Social Software Misuse, 2009, p. 1.

[2] M. Potthast, A. Barrén-Cedeno, A. Eiselt, B. Stein, P. Rosso, Overview
of the 2nd International Competition on Plagiarism Detection, in:
M. Braschler, D. Harman, E. Pianta (Eds.), Working Notes Papers of the
CLEF 2010 Evaluation Labs, Vol. 1176 of Lecture Notes in Computer Sci-
ence, 2010.

[3] M. Potthast, A. Eiselt, L. A. Barrén Cedeno, B. Stein, P. Rosso, Overview
of the 3rd international competition on plagiarism detection, in: CEUR

workshop proceedings, Vol. 1177, CEUR, Workshop Proceedings, 2011.

[4] S. Muhammad, Mono-and cross-lingual paraphrased text reuse and extrin-

sic plagiarism detection, Ph.D. thesis, Lancaster University (2020).

20



[5]

[10]

C. K. Kent, N. Salim, Web based cross language plagiarism detection,
in: 2010 Second International Conference on Computational Intelligence,

Modelling and Simulation, IEEE, 2010, pp. 199-204.

M. A. Sanchez-Perez, G. Sidorov, A. F. Gelbukh, A winning approach to
text alignment for text reuse detection at pan 2014., in: CLEF (Working
Notes), 2014, pp. 1004-1011.

I. Muneer, M. Sharjeel, M. Igbal, R. M. A. Nawab, P. Rayson, Cleu-a cross-
language english-urdu corpus and benchmark for text reuse experiments,
Journal of the Association for Information Science and Technology 70 (7)

(2019) 729-741.

O. Bakhteev, A. Ogaltsov, A. Khazov, K. Safin, R. Kuznetsova, Cross-
lang: the system of cross-lingual plagiarism detection, in: Workshop on

Document Intelligence at NeurIPS 2019, 2019.

M. Kuznetsova, O. Bakhteev, Y. Chekhovich, Methods of cross-lingual text
reuse detection in large textual collections, Informatika i Ee Primeneniya

[Informatics and its Applications] 15 (1) (2021) 30-41.

M. Potthast, B. Stein, M. Anderka, A wikipedia-based multilingual re-
trieval model, in: C. Macdonald, I. Ounis, V. Plachouras, I. Ruthven, R. W.
White (Eds.), Advances in Information Retrieval, Springer Berlin Heidel-
berg, Berlin, Heidelberg, 2008, pp. 522-530. doi:https://doi.org/10.
1007/978-3-540-78646-7_51

A. Barrén-Cederio, P. Rosso, D. Pinto, A. Juan, On cross-lingual plagiarism

analysis using a statistical model., PAN 212.

M. Franco-Salvador, P. Rosso, M. Montes-y-Gémez, A systematic study of
knowledge graph analysis for cross-language plagiarism detection, Informa-

tion Processing & Management 52 (4) (2016) 550-570.

J. Ferrero, F. Agnes, L. Besacier, D. Schwab, Using word embedding for

cross-language plagiarism detection, arXiv preprint arXiv:1702.03082.

21


http://dx.doi.org/https://doi.org/10.1007/978-3-540-78646-7_51
http://dx.doi.org/https://doi.org/10.1007/978-3-540-78646-7_51

[14]

[15]

[16]

[17]

[18]

[20]

[21]

[22]

[23]

J. Devlin, M.-W. Chang, K. Lee, K. Toutanova, Bert: Pre-training of
deep bidirectional transformers for language understanding, arXiv preprint

arXiv:1810.04805.

Y. Liu, M. Ott, N. Goyal, J. Du, M. Joshi, D. Chen, O. Levy, M. Lewis,
L. Zettlemoyer, V. Stoyanov, Roberta: A robustly optimized bert pretrain-
ing approach, arXiv preprint arXiv:1907.11692.

A. Conneau, G. Lample, M. Ranzato, L. Denoyer, H. Jégou, Word trans-
lation without parallel data, arXiv preprint arXiv:1710.04087.

M. Potthast, A. Barrén-Cedeno, B. Stein, P. Rosso, Cross-language plagia-
rism detection, Knowledge-Based Systems 45 (2011) 45-62.

P. McNamee, J. Mayfield, Character n-gram tokenization for european lan-

guage text retrieval, Information Retrieval 7 (2004) 73-97.

R. Navigli, S. P. Ponzetto, Babelnet: The automatic construction, eval-
uation and application of a wide-coverage multilingual semantic network,

Artificial Intelligence 193 (2012) 217-250.

P. Vossen, Introduction to eurowordnet, in: EuroWordNet: A multilingual

database with lexical semantic networks, Springer, 1998, pp. 1-17.

Z. Ceska, M. Toman, K. Jezek, Multilingual plagiarism detection, in:
AIMSA, 2008.

P. Gupta, A. Barrén-Cedeno, P. Rosso, Cross-language high similarity
search using a conceptual thesaurus, in: T. Catarci, P. Forner, D. Hiemstra,
A. Penas, G. Santucci (Eds.), Information Access Evaluation. Multilin-
guality, Multimodality, and Visual Analytics, Springer Berlin Heidelberg,
Berlin, Heidelberg, 2012, pp. 67-75.

M. Franco-Salvador, P. Gupta, P. Rosso, Cross-language plagiarism detec-

tion using a multilingual semantic network, in: P. Serdyukov, P. Braslavski,

22



[25]

[26]

[28]

[29]

S. O. Kuznetsov, J. Kamps, S. Riiger, E. Agichtein, I. Segalovich, E. Yil-
maz (Eds.), Advances in Information Retrieval, Springer Berlin Heidelberg,

Berlin, Heidelberg, 2013, pp. 710-713.

M. Franco-Salvador, P. Rosso, M. Montes-y-Gémez, A systematic study of
knowledge graph analysis for cross-language plagiarism detection, Informa-

tion Processing & Management 52 (4) (2016) 550-570.

E. Gabrilovich, S. Markovitch, Computing semantic relatedness using

wikipedia-based explicit semantic analysis, Vol. Vol. 6, 2007.

P. F. Brown, S. A. Della Pietra, V. J. Della Pietra, R. L. Mercer, The math-
ematics of statistical machine translation: Parameter estimation, Compu-

tational linguistics 19 (2) (1993) 263-311.

A. Bérard, C. Servan, O. Pietquin, L. Besacier, Multivec: a multilingual
and multilevel representation learning toolkit for nlp, in: The 10th edition

of the Language Resources and Evaluation Conference (LREC), 2016.

M. Roostaee, S. M. Fakhrahmad, M. H. Sadreddini, Cross-language text
alignment: A proposed two-level matching scheme for plagiarism detection,

Expert Systems with Applications 160 (2020) 113718.

M. Roostaee, M. H. Sadreddini, S. M. Fakhrahmad, An effective approach
to candidate retrieval for cross-language plagiarism detection: A fusion of
conceptual and keyword-based schemes, Information Processing & Man-

agement 57 (2) (2020) 102150.

S. E. Robertson, S. Walker, S. Jones, M. M. Hancock-Beaulieu, M. Gatford,
Okapi at trec-3, Nist Special Publication Sp 109 (1995) 109.

P. Qi, Y. Zhang, Y. Zhang, J. Bolton, C. D. Manning, Stanza: A Python
natural language processing toolkit for many human languages, in: Pro-
ceedings of the 58th Annual Meeting of the Association for Computational

Linguistics: System Demonstrations, 2020.

23



[32]

[33]

G. Sérasset, Dbnary: Wiktionary as a lemon-based multilingual lexical

resource in rdf, Semantic Web 6 (4) (2015) 355-361.

G. de Melo, G. Weikum, Towards a universal wordnet by learning from
combined evidence, in: D. W. Cheung, I. Song, W. W. Chu, X. Hu, J. J.
Lin (Eds.), Proceedings of the 18th ACM Conference on Information and
Knowledge Management (CIKM 2009), ACM, New York, NY, USA, 2009,
pp- 513-522. |[doi:http://doi.acm.org/10.1145/1645953.1646020.

D. Zubarev, I. Sochenkov, Cross-language text alignment for plagiarism
detection based on contextual and context-free models, in: Proc. of the

Annual International Conference “Dialogue, Vol. 1, 2019, pp. 799-810.
M. Pataki, A new approach for searching translated plagiarism.

C. Alexis, K. Kartikay, G. Naman, C. Vishrav, W. Guillaume, G. Francisco,
G. Edouard, O. Myle, Z. Luke, S. Veselin, Unsupervised cross-lingual rep-
resentation learning at scale (2020). arXiv:1911.02116.

W. B. Dolan, C. Brockett, Automatically constructing a corpus of senten-
tial paraphrases, in: Proceedings of the Third International Workshop on

Paraphrasing (IWP2005), 2005.

D. Cer, M. Diab, E. Agirre, I. Lopez-Gazpio, L. Specia, Semeval-2017 task
1: Semantic textual similarity-multilingual and cross-lingual focused eval-

uation, arXiv preprint arXiv:1708.00055.

M. Potthast, B. Stein, A. Barrén-Cedeno, P. Rosso, An evaluation frame-
work for plagiarism detection., Vol. 2, 2010, pp. 997-1005.

J. Ferrero, F. Agnes, L. Besacier, D. Schwab, A multilingual, multi-style
and multi-granularity dataset for cross-language textual similarity detec-

tion, 2016.

P. Prettenhofer, B. Stein, Cross-language text classification using structural
correspondence learning, in: Proceedings of the 48th annual meeting of the

association for computational linguistics, 2010, pp. 1118-1127.

24


http://dx.doi.org/http://doi.acm.org/10.1145/1645953.1646020
http://arxiv.org/abs/1911.02116

[42]

[43]

F. Boudin, Taln archives: a digital archive of french research articles in
natural language processing (taln archives: une archive numérique franco-
phone des articles de recherche en traitement automatique de la langue)[in
french], in: Proceedings of TALN 2013 (Volume 2: Short Papers), 2013,
pp. 507-514.

M. Potthast, B. Stein, A. Eiselt, A. Barrén-Cedeno, P. Rosso, Pan pla-
giarism corpus 2011 (pan-pc-11) (Jun. 2011). doi:https://doi.org/10.
5281/zenodo .3250095.

25


http://dx.doi.org/https://doi.org/10.5281/zenodo.3250095
http://dx.doi.org/https://doi.org/10.5281/zenodo.3250095

	1 Introduction
	2 Related Work
	3 Proposed Method
	3.1 Candidate Retrieval
	3.1.1 Multilingual Word Clusters

	3.2 Detailed Analysis

	4 Experiments
	4.1 Candidate Retrieval
	4.1.1 Hyperparameters

	4.2 Detailed Analysis
	4.3 Cross-Lingual Plagiarism Detection Benchmarks

	5 Discussion
	6 Conclusion
	7 Acknowledgments

