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Recent advances in transformer-based models provide new opportunities for cross-
lingual plagiarism detection by projecting sentences from different languages into a shared
semantic space. This also applies to low-resourced languages, where they show state-of-
the-art results. In this paper, we present a method for sentence-level cross-lingual plagia-
rism detection for Armenian-English and Armenian-Russian language pairs. We describe
both subtasks — source retrieval and sentence-level alignment based on a language-agnostic
dual-encoder model. In the first subtask, suspicious Armenian texts are segmented and
compared with English and Russian texts with a POS-tagging-based approach to obtain the
possible sources. In the second subtask, we apply a transformer-based dual-encoder model
for measuring semantic similarity between sentences. We also fine-tune the selected dual-
encoder model on both parallel and paraphrased Armenian-English and Armenian-Russian
sentence pairs to enhance sensitivity to semantic alignment and paraphrase detection. As a
source of paraphrased pairs, we use two different datasets: paraphrased pairs obtained from
a parallel corpus and English paraphrased datasets adopted for our language pairs. We ap-
plied the proposed method on two publicly available datasets, adopting one of them for our
language pairs. On both datasets, the tuned model outperforms the original one in terms of
F1. The obtained results show that the proposed method shows good effectiveness com-
pared to existing methods.

Keywords: cross-lingual plagiarism detection, transformer, cross-lingual sentence
embeddings, pre-trained models, POS tagging, paraphrase detection.

Introduction. Today, in a multilingual environment, the rich existence of
translation tools has further increased this problem and encouraged the growth of
cross-lingual plagiarism detection, where content is copied from one language and
translated into another [1, p. 354].

The detection of plagiarized text remains complex and challenging, with
accurate identification of various types of plagiarism necessitating diverse ap-
proaches and techniques [2].

Low-resourced languages create additional difficulties for cross-lingual
plagiarism detection. The main challenges include a lack of training data, limited
NLP tools and resources, poor embedding alignment, and unique linguistic fea-
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tures. The problem is further complicated when plagiarism involves paraphrasing —
rewriting the same sentence by changing words or syntax.

Therefore, for low-resourced languages, the cross-lingual plagiarism detec-
tion is an especially challenging and urgent task [3].

In this work, we aim to:

- Propose a sentence-level cross-lingual plagiarism detection method for
Armenian-English and Armenian-Russian language pairs using a transformer-
based dual-encoder model.

- Fine-tune selected dual-encoder model on parallel and paraphrased pairs.

- Evaluate the effectiveness of the proposed method on two publicly avail-
able datasets.

Related work. In this section, we present some recent works that use multi-
lingual transformer models for cross-lingual plagiarism detection. In [4], the au-
thors fine-tuned a pre-trained multilingual masked language model XLM-
RoBERTa for different language pairs and used it to classify sentence pairs as
translation/plagiarism. They achieved state-of-the-art results for French, Russian,
and Armenian languages. Earlier, the authors of [5] trained a language-agnostic
sentence encoder to detect plagiarized sentence pairs that have few or no lexis in
common for the Russian-English language pair. To calculate the similarity of a
sentence pair, they combined the ratio of common lexis with the sentence embed-
dings similarity. The authors of [6] fine-tune a multilingual dual-encoder model
LaBSE (Language-agnostic BERT Sentence Embedding) on paraphrased multilin-
gual pairs (PAWS-X) via contrastive learning to detect cross-lingual paraphrases.
They use an Additive Margin Softmax Loss by incorporating some ArcFace fea-
tures and ‘mega-batching’ with hard negatives, which improves the embedding
space for semantically similar sentence pairs. Similarly, the authors of [7] train a
bi-directional dual-encoder model with additive margin loss on parallel corpora. In
[8], the authors evaluate six multilingual transformer-based models (MBERT,
mDistilBERT, XLM-RoBERTa, SBERTMultilingual MiniLM-L12, SBERT Multi-
lingual MPNet, and Distil SBERT Multilingual) for cross-lingual plagiarism detec-
tion, on several language pairs including Armenian-English.

Source retrieval. For the source retrieval task, we modified our method
presented in [9,10]. The main idea of the method remains the same - comparing
texts by nouns, adjectives, and verbs. However, instead of forming one vector for
each text, suspicious Armenian texts are split into sentences and form queries,
while source texts in English and Russian are split into overlapping fragments.
Each query is built on the basis of lemmatized Armenian tokens (nouns, verbs, ad-
jectives, named entities, numbers) translated into English and Russian, respective-
ly. Text fragments in the source languages are also split into lemmatized tokens.
We apply field weighting for different types of tokens in queries, and match them
with indexed English (Russian) fragments using the Pyserni [11] library and the
BM25 model (k1=1.2, b=0.5). For each Armenian sentence, top-n most relevant
candidates are selected from English and Russian text indexes. Then the top-n
fragments are aggregated into document-level source candidates.
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Sentence-level alignment. After the source retrieval stage, we employ the
Language-agnostic BERT sentence embedding (LaBSE) model for sentence-level
alignment.

Language-agnostic BERT sentence embedding is a pretrained model,
which achieves state-of-the-art performance on various bi-text retrieval/mining
tasks [12]. It supports 109 languages, including Armenian. In order to improve
LaBSE performance for Armenian-English and Armenian-Russian sentence pairs,
we fine-tune it on two types of data: parallel translations and paraphrases.

Parallel sentences. As a source of parallel sentences, we used several pub-
licly available corpora obtained from Opus (NLLB, JW300, ParaCrawl-Bonus,
MultiCCAligned, QED, TED2020, NeuLab-TedTalks, Wikimedia). Since parallel
sentences of the chosen language pairs in observable datasets are not always cor-
rect translations, after downloading all the sentences, we performed a multi-stage
filtering to select only ‘“high-quality” pairs. We set limits on the minimum and
maximum length of sentences (5-50 words and at least 40 characters on each side),
on the ratio of lengths between sentences (0.67-1.8), and on the number matches.
We also control the proportion of Latin and Cyrillic words (for the corresponding
language pairs) in Armenian sentences (no more than 40%), and the absence of
URL/Email. After filtering, we get 1.8m pairs for Armenian-English and 1m pairs
for Armenian-Russian.

Hard-negatives mining. For hard negatives mining, we use the algorithm
presented in [5] with minor changes and an extended filter system. We build em-
beddings of all English (Russian) sentences via LaBSE and index them with FAISS
using the FlatlP index. For each Armenian sentence - h;, we extract 100 nearest

sentences in English (Russian) - ¢;,j = 1,100, where its actual translation - ¢;, is

normally located in one of the top positions. Then the hard negatives are being se-
lected from the candidates that satisfy the following conditions:
{ Sim(hl’,Cj) = Hmin ,
sim(hi,cj) < sim(h;, t;),

where function sim (a, b) determines the semantic similarity between embeddings
of multilingual sentences a and b computed by LaBSE, and 6,,;, is the minimum
allowed threshold of semantic similarity. We additionally compare the selected
candidates with the English (Russian) sentence of each pair. In particular, we apply
Jaacard by tokens and bigrams, the intersection of character n-grams, and exclude
candidates if there are matches of numbers and dates. We also exclude paraphrases
by comparing with Normalized Levenshtein Distance for lexical similarity,
BertScore for more accurate semantic similarity, stsh-roberta-base as a cross-
encoder ceiling, RoBERTa-large NLI model (fine-tuned on Multi-Genre Natural
Language Inference) for borderline cases. All the candidates that satisfy the men-
tioned filters are sorted by semantic similarity computed by LaBSE on the FAISS
search level in descending order and 4 of them are selected. Thus, as hard negatives
are only selected sentences that are close enough to the Armenian sentence of the
selected pair, but are neither an exact nor a paraphrased translation.
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We randomly select 5k parallel sentence pairs with 4 hard negatives each
from filtered pairs, for each Armenian-English and Armenian-Russian language
pairs.

Paraphrases. As a source of paraphrase sentence pairs, we use two differ-
ent datasets.

1) We use filtered sentence pairs from Opus and generate paraphrased ver-
sions of Armenian sentences. At first, each Armenian sentence - h;, is translated
into English - e; and then paraphrased using Pegasus1. All the generated
p; € E;,j= 1,n candidates are compared with e; according to several criteria, to
choose the most optimal one. Then we check semantic similarity between the trans-
lated English sentence and the generated candidates by all-MiniLM-L6-v22, and
drop candidates for which sim(e;,p;) < fsim, Where 7, is minimum allowed
similarity threshold. We also drop candidates that excessively differ in length from
the translated sentence, and miss numbers or named entities. To ensure lexical di-
versity, we calculate bigram Jaccard distance and normalized token-level Le-
venshtein distance by this combined score:

diex(e1,pj) = 0.6 (1 —J2(es Pj)) + 0.4(TER(e;, pj)),

where function J, (a, b) measures how many word bigrams a and b sentences have
in common, and TER (a, b) shows the minimum number of token-level edit opera-
tions to turn sentence a into sentence b, normalized by sentence length. Then we
keep those candidates for which the following condition is true dlex(ei,pj) > Niex »
where 1., is the minimum allowed lexical difference. If no candidate meets the
above-mentioned conditions, the thresholds are gradually relaxed.

The final paraphrase p; is selected using the following formula:

pj = argmax, ¢ (adiex(ei,p;) + (1 — a)sim(e;, pj)),

where E; - is the set of all paraphrase candidates of an English e; sentence, which
satisfy all the previous conditions, and « is a weighting factor that controls the ratio
of semantic similarity and lexical diversity, and function argmax,,c,S(a) returns
the element a; from the set A, for which function S gets its maximum value. Then
the selected paraphrase p; is translated back into Armenian and replaces the origi-
nal sentence h;.

We randomly select 5k parallel sentences, paraphrase them, and mine 4
hard negatives according to the above-mentioned methods.

2) We also use Quora Question Pairs (QQP), PAWS-X [13], and STS-B
[14]. These datasets contain paraphrased sentence pairs in English. To adopt these
datasets into the Armenian-English language pair, we select 5k pairs from all 3 da-
tasets and translate one sentence of each pair into Armenian. To get paraphrased

! https://huggingface.co/tuner007/pegasus_paraphrase
2 https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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pairs in Armenian-Russian, we have translated another English sentence of each
selected pair into Russian.

For each paraphrased pair from both datasets, we mine 4 hard negatives
according to the above-mentioned method of hard-negative mining from the fil-
tered sentences from Opus. To translate sentences, we used the Yandex Cloud
Translate API3.

Fine-Tuning. To fine-tune LaBSE on parallel and paraphrased pairs, we
also employ the ArcFace-style Additive Margin Softmax Loss presented in [6].
However, we do not apply mega-batch mining and use both in-batch and formerly
mined hard negatives.

For each h;, e; (r;) L-2 normalised sentence embeddings for Armenian-
English (Armenian-Russian) positive pair (parallel or paraphrased), we apply a
fixed angular margin m:

cos(¢(h;, e;) + m),
where ¢ (h;, e;) is the angle between sentence embeddings h; and e;.

All {€;}; in-batch and {n¥}%_, hard negatives are scaled with s, and hard
negatives are also given an additive y boost.

Following [6], we also employ the following objective function:

N

1 14

L =—-— log<—>,

N_1 p+tn+yXq
=

where p = eS¥ cos(p(hied+m) 5 — Zj:r:i S % cos(p(hye))) , q —
=y, e5* cos((p(hi,nf)).

Additionally, we repeat the same process for English (Russian) sentences
against Armenian candidates (with only in-batch negatives) and average the two
directions.

We fine-tune LaBSE for 15k positive pairs and three epochs using Addi-
tive Margin Scale Loss with parameters: m=0.25, s=20, and y=1.3.

Evaluation and Results. In order to evaluate the effectiveness of the pro-
posed method, we will apply it to two publicly available datasets, one of which we
have adapted to the considered language pairs by translating suspicious texts into
Armenian.

First, we will apply our method to the dataset presented in [4]. This dataset
contains 400 suspicious documents in 5 different languages, including Armenian,
and 120000 source documents in English. After the source retrieval stage for each
Armenian suspicious text, we select 100 nearest texts for further detailed analysis.
Table 1 presents the F1 scores of the default and tuned LaBSE models on the da-
taset presented in [4].

3 https://translate.api.cloud.yandex.net/translate/v2/translate
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Evaluation results on the dataset presented in [4]

Table 1

Method Precision Recall Fi
Default 0.810 0.752 0.78
Tuned 0.812 0.758 0.784

The second dataset on which we will apply our method is paraplag_v2*
presented in [5]. It is designed to evaluate the performance of methods for identify-
ing monolingual (Russian) and cross-lingual (Russian-English) text borrowings. It
contains two essays. Essaysl is a dataset that consists of copy-pasted/moderately
disguised essays, whereas Essays2 contains only heavily disguised essays [5]. In
order to apply our method to this dataset, we translated the suspicious texts from
both essays into Armenian using the Yandex Cloud Translate API. We release the
translated datasets for public access®. All the source texts of both Essaysl and Es-
says2 were put into a 100k reference collection, randomly chosen from the 2019
Wikipedia dump (in English and Russian, respectively). Similar to the previous
dataset, after the source retrieval stage, we select 100 nearest source texts for each
Armenian suspicious text (in English and Russian, respectively). Tables 2 and 3
present the F1 scores of the default and tuned LaBSE models on both essays pre-
sented in [5].

Table 2
Evaluation results on the dataset presented in [5] for the hy-en language pair
Dataset (hy-en) | Method Precision Recall F1
Essaysl Default 0.685 0.777 0.728
Tuned 0.692 0.78 0.733
Essays2 Default 0.556 0.512 0.533
Tuned 0.572 0.514 0.541
Table 3
Evaluation results on the dataset presented in [5] for the hy-ru language pair
Dataset (hy-ru) | Method Precision Recall F1
Essaysl Default 0.545 0.831 0.658
Tuned 0.602 0.804 0.688
Essays2 Default 0.463 0.573 0.512
Tuned 0.494 0.528 0.511

As follows from Tables 1-3, for Armenian-English language pair, the fine-
tuning improved both recall and precision and for Armenian-Russian language
pair, it improved precision. For both datasets, the optimal similarity threshold was
selected after testing the method on dev, in order to maximize the F1 score.

4 https://plagevalrus.github.io/content/corpora/paraplag_v2.html
S https://drive.google.com/drive/folders/1GzkHr72ajmi9dJ9hOz-EFKI--isROkwy
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Comparison with other methods. We compare our method with the meth-
od presented in [4] on the same dataset (Table 4). They fine-tuned a pre-trained
multilingual masked language model XLM-RoBERTa and used for plagiarism de-
tection.

Table 4
Comparison with other method
Method Precision Recall F1
[4] 0.73 0.72 0.73
tuned 0.812 0.758 0.784

As shown in Table 4, the proposed method shows good effectiveness in
terms of F1.

In addition to the proposed approach of comparing multilingual sentence
embeddings, in future work, we plan to evaluate the similarity between sentences
as a weighted sum of semantic, lexical, and structural similarities. The structural
component will be based on a previously developed method that can represent a
sentence as a Markov chain of word transitions [15].

Conclusion

The article presents a two-level method for sentence-level plagiarism de-
tection for Armenian-English and Armenian-Russian pairs. For sentence-level
alignment, a transformer-based dual-encoder model was applied, which was addi-
tionally tuned on parallel and paraphrased sentence pairs for both Armenian-
English and Armenian-Russian language pairs. The paper also describes the pro-
cesses of hard negatives mining and generating paraphrases for Armenian sentenc-
es. The method was applied to two publicly available datasets. The obtained results
show that the tuned model outperforms the original one in terms of F1.
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<U3LMr6L-ULALENEL b4 UG EL-MNMUGNEL LERYULUL 2NR396Mh
15NLNh LUlUHUUNRGEG-3UL UULUMMUUNRY UbRLERYIULUUL
qruaN1Nh@3UL <U3SLURGMUUL UbENDY

q.U. MEwnpnuyu, MM Uwhwljwo

Spwuudnpdbinwihu dnnbjubph ytpohu  udwénwiubpp  dhyiquywu
thnfuwnnipyniuubph  hwynuwpbpdwu  hwdwp pudbnnd BU unp  huwpwynpnieyniuubp'
wmwppbp  Ggniubpnd gpwdé Uwfjuwnwunieniututipp punhwunp hdwuwnwihu
wnwpwdnipjwu Uk wpnjtywbint dhongny: Uw Ytpwpbipnud £ uwl uwhdwuwthwy pwihu
ntiunputbpny [Ggniubpht, npuinbin npwup gnyg Gu twhu wnwolwlwng wpnyniupubip:
UWofuwwnwupnud  ubplujugywsé b uwuwnwunigyniuubph dwlwpnwynw  dheiquywu
thnfuwnnieyniuubph  hwynuwpbpdwtu  Jdbpnn' hwjbpbu-wugbpbu W hwbpbu-nnwbpbu
lGquywu gnygbiph nbwpni: Ugluwwnwupnd ufwpwgpwd Gu  thnfuwnnigyniuttiph
npnudwt  Bpynt Bupwliuunhpubpp' uygpUwnpnipubph npnunwdp W Uwfuwnwunijw
dwlwpnwynw finfjuwnnigniuubph pwgwhwyunindp' hhdudwd YpYuwyh Ynnwynphsny
dnntith ypw: Unwohtu Gupwfuunpnud hwjbpbu wbpuwnbpp pwdwuynud Gu wnwudhu
dwubpph L hwibdwwnyn wugpbt W nnwbpbu  wnbpunbph hbn' funuph  Jwubph
Upwagpdwt daennh dhongny' huwpwynp uygpuwnpnipubipp unwuwne hwdwp: Gplypnpn
Gupwfuunpnd  Yppwnynd £ YpYuwyh Ynnwdnphsnd  wmpwtubnpdbpwihu dnnbp
Uwfuwnuwunieiniutiph dholt hdwuwwihtu udwunieniup hwedunybint hwdwn: Cunpdws
Ynyuwyh Ynnwdnpphs dnnbju nuniguuynd b pwpgiwudwd b ybpwsbwybpwdwd
hwjtpbu-wugbpbu b hwybpbu-nnwbpbt  Uwfuwnwunyeiniuubph  gnygbph  dhongny'
hdwunwht hwdwwwwwufuwubgdwu L Ybpwdbwybpwnwubph  hwjnuwpbpdwu
Uywwdwdp dnnkih qqujunyeyniup pwpdpwgubine hwdwn: Npwtiu Jpwdbwlybpuyws
qnygbph wnpnip' Yphpwnynd Bu Bpynt nwppbp wdywjubph pwgdniggniuubp’ gniqwhbn
Ynpwnuwutiphg unwgyws Ybpwsbwlbpwdws gnygbip b punpwsd |Ggyuywu gnygbiph
hwdwp  pwpgiwudwd  wugltpbu  Jepwsbwlybpuyywsd wndjuiubph  pwqgdniggniuttin:
Unwowpyynn dbpnnp Yhpwndt £ Gpynt pwg hwuwubihnyeniu niubgnn indjuijutiph
pwquniyniutubiph pw' npuughg dbyp hwpdwpbgubing punpdws Gquywu gnygbiphu:
Gpynt  wnduutph  pwqdniEniuubpnd £ nwniguudwd  dnnbip gbpwquugnd |
uygpuwlwu dnnbiht F1 swihwuhoh hwdwwnbipunnuwd: Unwgywd wpryniupubpp gnyg tiu
nwihu, np wnwownpyynn dbpnnp gnyg £ wwjhu pwdwpwp  wpryniuwybungen’
hwibdwwwéd gnjnipinttu niubignn dbpnnubph hbw:
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Unwugpuypti  pwnbp.  Jdhobquiwl  gpwugnnnipjwtu  hwjnuwpbpnid,
npwuudpnpdbp,  wluwnwunyegnuubph  pwqdwigne  Bdpbinhuqubp,  twuwwbu
nwnigwuywd dnnbjubin, funuph dwubiph upwagpnud, yepwabwybpuydwu hwjnuwpbpnud:

METO/ OBHAPYKEHHUS MEXBSI3bIKOBOI'O IVIATUATA HA
YPOBHE IPEJJIOKEHUM U151 APMSIHO-AHTJIMMCKOM U
APMSIHO-PYCCKOM SI3BIKOBBIX ITAP

I'.A. Ilerpocsin, P.P. Caaksn

[Mocnennue nocTwkeHus B 00JACTH MoJeNieli Ha OCHOBE TpaHC(HOPMEpPOB
OTKPBIBAIOT HOBBIE BO3MOKHOCTH JUISL BBISIBICHUS MEXbBS3BIKOBBIX 3aMMCTBOBAHUH ITyTeM
MPOENMPOBAHUS MPEITI0KEHUH U3 PAa3HBIX A3BIKOB B 00Iee CEMaHTHYECKOE MPOCTPAHCTBO.
OT0 Taxke NPUMEHHMO K MaJIOPECYPCHBIM SI3BIKaM, Ii€ TaKHe MOJIETH JEeMOHCTPHPYIOT
HepeaoBbIe Pe3yNbTaThl. B TaHHOM CTaThe MPEACTaBIEH METO BBIABICHHS MEXKbA3BIKOBBIX
3aMMCTBOBAaHUN Ha YPOBHE MPEAJIOKEHUH s apMSHO-aHTJIMHCKOM M apMsHO-PYCCKOH
A3BIKOBBIX Tap. OmmcaHel 00e¢ MoA3agadll — IIOWCK HMCTOYHHKOB M BBIPAaBHHBAHUE Ha
YpOBHE MpPEVIOKEHHH Ha OCHOBE S3BIKOBO-HE3aBHCUMOW MOJENU C  JBOHHBIM
KOAMPOBIIMKOM. B  mepBoil moa3agade MOAO3PUTEIBbHBIE  apMSHCKHE  TEKCTBI
CETMEHTHUPYIOTCSI U CPaBHMBAIOTCS C AQHIVIMHCKUMHM ¥ PYCCKUMH TEKCTaMU C
UCIIOJIB30BAaHUEM II0AX0Ja, OCHOBAHHOI'O Ha pa3MeTKe dYacTeil peuw, I U3BJICUCHUA
BO3MOXHBIX HCTOYHUKOB. Bo BTOpOH noj3ajaue NPUMEHSETCS MOAEIb C JIBOMHBIM
KOJIMPOBIIMKOM Ha OCHOBE TPAaHC(HOPMEPOB JJs M3MEPEHHsS CEMaHTHYECKOI0 CXOJCTBA
MEXIy TMpeIoKeHUsIMH. BrlOpaHHas Mojenb C JABONHBIM KOAMPOBIIMKOM TaKXke
JooOydaeTcss Ha  apMSHO-aHIJMHCKOW M apMSHO-PYCCKOM  INapajjieNbHBIX |
nepedpa3supoBaHHBIX IapaX, YTOOBI IMOBBICUTH YYBCTBUTEIHHOCTh K CEMAaHTHYECKOMY
BBIDABHUBAHUIO W  BBIABICHUIO nepedpasupoBanuii. B KkadectBe  HCTOYHMKA
nepedpa3supoBaHHBIX ~ [Ap  WCIOJB3YIOTCS  JBa  pa3HBIX  Habopa  JaHHBIX:
nepedpasupoBaHHbIE Tapbl, MOJYyYCHHBIE M3 MApaIe]IbHOTO KOpIyca, M aHIJIMHCKHE
HabOpbl JaHHBIX C mNepedpasMpOBaHHBIMU MapaMu, aJalTUPOBaHHbIE Ul BBIOPaHHBIX
SA3BIKOBBIX Tap. [IpemnoskeHHbIN MeTo ] ObUT IPUMEHEH K ABYM OOIIEIOCTYIHBIM Habopam
JAaHHBIX, aJlalITUPOBAB OAWMH W3 HUX JAJS BRIOpAaHHBIX SI3BIKOBBIX map. Ha obomx Habopax
JAaHHBIX JOOOYYEeHHAas MOJENb IPEBOCXOJUT UCXOAHYIO 1o mokasatento F1. [lomyuenHsie
pe3ynbpTaThl MOKA3BIBAIOT, YTO MPEJIOKEHHBIM METOJ] JEMOHCTPUPYET IOCTATOYHYIO
3¢ PEKTUBHOCTB 110 CPABHEHHUIO C CYIIECTBYIOIIUMH METOIaMH.

Knrwouesvie cnosa: BBHIBIEHUE MEXBS3BIKOBOTO IIarmara, TpaHchopmep, MexXb-
SI3BIKOBBIE SMOEIIMHTH TPEJIOKEHUH, MpenoOydeHHbIe MOJENH, pa3MeTKa 4acTel peuw,

BBISIBJIEHHE TIepedpasupoBaHusl.
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