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Abstract. The growth of textual content in various languages and the advance-
ment of automatic translation systems has led to an increase of cases of trans-
lated plagiarism. When a text is translated into another language, word order will
change and words may be substituted by synonyms, and as a result detection will
be more challenging. The purpose of this paper is to introduce a new technique for
English-Arabic cross-language plagiarism detection. This method combines word
embedding, term weighting techniques, and universal sentence encoder models,
in order to improve detection of sentence similarity. The proposed model has
been evaluated based on English-Arabic cross-lingual datasets, and experimental
results show improved performance when compared with other Arabic-English
cross-lingual evaluation methods presented at SemEval-2017.
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1 Introduction

Development of the Internet and information technology have increased the availability
of digital libraries and automatic machine translation tools, where a text easily translates
fromone language to another language, and these have increased instances of plagiarism.
Plagiarism occurs by copying words, phrases or ideas from someone else without giving
acknowledgment to original work [8].

Zu Eissen et al. [20] presented a taxonomy of plagiarism, which was enriched by
Alzahrani et al. [3], who classified plagiarism into literal and intelligent plagiarism.
Literal plagiarism is word-for-word repetition of a phrase or transcription of a section
of someone else’s work. There are three types of this form, which are an exact copy,
near copy and modified copy. Whereas, intelligent plagiarism is the changing of content
in original text by modifying sentence structure such as paraphrasing or translating text
into another language, and is referred to as cross-language plagiarism. Identification
of translated plagiarism is more challenging than other types of plagiarism since each
language has its own structure.

There exist a number of plagiarism detection approaches that are able to capture
exact copy and simply modified plagiarism. However, these systems cannot effectively
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detect more extensively disguised cases of plagiarism, including paraphrases and cross-
language plagiarism. Eisa et al. [6] noted that existing methods are still struggling with
the serious issues in identifying linguistic changes like substituting vocabulary by their
synonyms. This paper proposes an English-Arabic cross-lingual plagiarism detection
model, that is based on semantic sentence similarity. Effectiveness of word embedding
and universal sentence encoding for representing sentence vectors are examined, and
a model is proposed based on combining these approaches and using combinations of
POS and TFIDF weighting schemes.

Several studies have been conducted on cross-lingual plagiarismdetection. For exam-
ple, a Cross-Lingual Alignment-based Similarity model (CL-ASA), that was presented
in [4] used a parallel corpus to create a bilingual statistical dictionary. Another study
based on comparable corpora was introduced in [9] and used a Cross-Language Explicit
Semantic Analysis (CL-ESA) model that can be applied to corpora that contain texts
that are written about similar topics in various languages. There has been little published
research on Arabic-English cross-language plagiarism detection. Aljohani and Mohd
[2] proposed an Arabic-English cross-lingual detection method based on winnowing
algorithm, and used Google Translate to translate the texts. Although this model was
able to detect literal plagiarism cases, it could not detect the cases of rewriting words
using their synonyms. To overcome this, Hattab [10] employed Latent Semantic Index-
ing (LSI) to construct a cross-lingual semantic vector space in order to identify context
similarity. The author used a parallel corpus to convert the source documents into target
text instead of using direct translation, using cosine measurement to calculate degree of
similarity. The method gave good results in the cases of replacing words, however the
computational procedure of LSI is relatively expensive. Another study [1] introduced a
technique based on key phrase extraction from suspect documents and then translated
these phrases via machine translation. Thereafter, the similarity between these phrases
was measured by a combination of three techniques: cosine similarity, longest common
subsequence (lcs) and n-grams. Even though the model worked quite well, computa-
tional complexity of using the lcs method has an impact on the overall performance.
Recently, Ezzikouri et al. [7] have applied a fuzzy semantic based similarity approach
in order to capture cross language plagiarism cases utilizing WordNet and the algorithm
that proposed in [18] in order to compute semantic similarity between two words.

On the other hand, word embedding is an approach to provide a distributed repre-
sentation of vocabularies. There are number of methods which have been introduced to
generate word embedding from text data, for example, two methods were offered in [12]
to build the words representations model: (i) Continuous bag-of-words (CBOW) and (ii)
skip-gram (SKIP-G). The CBOW model predicts the current word based on surround-
ing words, whereas the second model uses the current word to predict the neighbor-
ing words. Furthermore, the Universal Sentence Encoder embeds sentences into vector
representations which capture rich semantic information that can be used in variety
of natural language processing (NLP) applications, like classification and plagiarism
detection [19]. The proposed model for detecting English-Arabic cross-lingual plagia-
rism is based on analyzing features of sentences using word embedding and multilingual
universal sentence encoder (MUSE) models.
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2 Proposed Method

The key idea for the proposed plagiarism detection technique for English-Arabic pairs
of texts is based on sentence level comparisons. The proposed model is based on word
embedding, term weighting, and MUSE. There are two steps in order to represent sen-
tence vectors. Firstly, we combine word embedding and mixing parts of speech (POS)
with the Term Frequency Inverse Document Frequency (TFIDF) weighting method,
which we name CL-WE-Tw, and is based on machine translation. The second step is to
combine the MUSE model with the CL-WE-Tw method in order to enhance detection
of sentence similarity. Figure 1 illustrates the framework for the proposed method, and
the main processes are shown in the following section.

Fig. 1. Proposed framework for English-Arabic cross-language plagiarism detection

2.1 Sentence Embedding Based on CL-WE-Tw Model

Representation of sentences based on word embedding and term weight schemes is a
useful way to extract features of each sentence, thus enhancing the ability to compute
sentence similarity. Word embedding captures semantic and syntactic features of the
language [13]. Term weighting schemes such as TFIDF and POS are methods to assign
for each term its weighted contribution in the text. The key idea of TFIDF is to find
relations of a word in a document to other documents in the corpus, and it is used to
reduce the influence of themost commonwords such as “is”, “the” and “a”. According to
[14], the TFIDF weighting scheme is integrated traditionally with information retrieval
for enhancing textual retrieval performance. In terms of the POS weighting approach,
which is beneficial to understand the sentence representation, POS is able to take into
account ambiguity problems, such as the word “train” which can be a noun or a verb.
The usefulness of combining the POS weighting scheme with information retrieval is to
improve retrieval performance [11]. As a result, the proposed method integrates word
embedding with both POS and TFIDF in order to represent sentences and then compute
the similarity between two sentence vectors. Each word is represented as a vector and
is weighted by mixing the TFIDF and POS weights. The weighted average of all word
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vectors is used to construct the corresponding sentence vector, as shown in Eq. 1.

Sv = 1

n

n∑

i=1

vi ∗ (TFIDF ∗ POS(wi)) (1)

Where Sv is sentence vector, vi is a function that finds word vector, wi is the ith

word of text. After getting each sentence vector, cosine similarity is applied to compute
similarity between two texts according to Eq. 2:

Ss = VE.VA′

‖VE‖.‖VA′‖ (2)

Where VE is the first sentence vector (in English sentence) and VA’ is the sentence
vector (translated from Arabic).

2.2 Sentence Embedding Based on MUSE

MUSE is a universal sentence encoder which is used to convert sentences into vector
representations. The benefit of these vector representation is to extract a high level of
descriptive features [19]. Two pre-trained models for semantic text similarity have been
released, thesemodels are based on transformer and convolutional neural network (CNN)
model architectures [19]. The MUSEmodel allows the representation of sentences from
different languages into a single vector space, where it is possible to find similarities
between sentences that are written in different languages directly. This approach there-
fore proposes to use the MUSE model to detect English-Arabic cross-language plagia-
rism, performing a direct comparison between English and Arabic sentences and then
applying cosine similarity between them to measure the degree of similarity.

2.3 Overall Sentence Similarity

As CL-WE-Tw and MUSE models are two important components for interpreting sen-
tence meaning, the overall sentence similarity is measured by a combination of sentence
similarity based on the CL-WE-Tw and MUSE models.

Simsentence = (swe + smuse)

2
(3)

In Eq. 3, swe is the result is obtained by sentence embedding based on CL-WE-Tw
while smuse is obtained based on the MUSE model. After obtaining the similarity score
between the pair of sentences based on the proposed model, it can be judged whether
this pair is plagiarized or non-plagiarized. Namely, if the degree of similarity exceeds a
predefined threshold α, the pair of sentences is considered plagiarized.

3 Experiment and Results

In order to assess the proposed model, STS Test and Microsoft Research Video Descrip-
tionCorpus (MSRvid) datasets drawn from the Semantic Textual Similarity (STS) shared
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task from SemEval-2017 (STS Cross-lingual Arabic-English), released in [5], are used
to assess the performance of the model. The total size of these datasets is 985 pairs of
sentences, each pair of sentences having been labelled by humans on an integer scale
from 0–5 (5 means exactly similar, whereas 0 indicates that the two sentences in the
pair are completely different). The Pearson correlation coefficient P between the human
rating and the predicted value of the model is used to assess the performance of the
proposed model.

The proposed model consists of two components, the first is machine translation and
the second is applying monolingual semantic analysis based on word embedding and
mixing TFIDF with POSweightings. A pre-processing phase is required for making text
is ready for further evaluation, and consists of the following steps. Firstly, all sentences
are translated from Arabic into English via the Google Translation API. Secondly, Nat-
ural Language ToolKit (NLTK) is used for tokenization, POS tagging, removing punc-
tuation marks, and normalization. After the texts are pre-processed, Mikolov et al.’s
[13] pre-trained word2vec model, which is efficient to extract semantic and syntactic
features, is used to generate a vector for each word in each sentence. The word2vec
model was trained on a Google News dataset of about 100 billion words. On the other
hand, the second component of the proposed model, which is based on MUSE model, is
not required for the pre-processing steps. After representing sentence vector, the degree
of the similarity between the pair of sentences is calculated using cosine similarity.

A number of experiments have been done in order to examine the performance of
representing sentence embedding based on the CL-WE-Tw and MUSE models then
measuring semantic similarity between two sentence vectors. Table 1 shows the results
of the proposed model.

Table 1. Assessment results of proposed model

Datasets Methods STS Test MSRvid

Word2vec Model

Average all vectors 0.6204 0.7269

Average all vectors & TFIDF 0.6693 0.7718

Average all vectors & POS 0.6801 0.7460

CL-WE-Tw 0.6902 0.7732

MUSE Model

MUSE model 0.78 0.7977

Combination of CL-WE-Tw and MUSE Models

((CL-WE-Tw) + (MUSE model))/2 0.8147 0.837

As displayed in Table 1, integrating the word2vec model with the POS and TFIDF
weighting scheme achieves good results on both the STS test dataset and the MSRvid
dataset with Pearson correlations of 0.6902 and 0.7732 respectively. Computing simi-
larity between the two sentence vectors based on the MUSE model achieves the highest
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results for both datasets with correlations of 0.78 and 0.7977 respectively. Interestingly,
combining the CL-WE-Tw and MUSE models achieved better performance than using
them individually.

The proposed models have been compared with the ECNU [16], BIT [17] and HCTI
[15] methods that obtained the best results on the STS Test dataset. Table 2 presents the
comparative evaluation.

Table 2. Comparative evaluation

Models Pearson correlation coefficient

The proposed model 0.8147

ECNU 0.7493

BIT 0.7007

CL-WE-Tw 0.6902

HCTI 0.6836

As shown in Table 2, the proposed model based on sentence embedding obtains the
highest performance with a correlation of 0.8147.

4 Conclusion

This paper proposed a technique for detecting cross-lingual plagiarism based on combin-
ing word embedding, term weighting and the MUSE models. According to the results
of the experiments, the proposed model is competitive when compared against other
participating approaches in the SemEval-2017 Arabic-English cross-lingual evaluation
task. For future work, we will explore the use of machine learning algorithms (e.g., deci-
sion tree and random forest) and neural network architectures (e.g., LSTM and RNN)
in order to enhance cross-lingual plagiarism detection.
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