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Semantic

Semantic Textual Similarity (STS) is a crucial subfield of
Natural Language Processing (NLP) that has garnered
significant attention in recent years. STS aims to compute the
degree of semantic similarity getween two textual documents,
{)aragraphs, or sentences, either monolingually or cross-
ingually. In this paper, we focus on calculating the semantic
similarity between two sentences in Arabic and Arabic-English
cross-lingual pairs. Given the prevalence of Arabic texts in
Islamic literature, this research has numerous practical
applications. The semantic similarity between two sentences
can be determined using their semantic vectors. To compute this
similarity, we first need to represent each sentence as a vector .

In this study, word vectors were extracted using pre-trained
embeddings on Arabic texts from Twitter and Wikipedia,
employing two well-known word embedding techniques:
CBOW and Skip-Gram. Additionally, transformer-based
models such as paraphrase-xlm-roberta were utilized for
cross-lingual semantic similarity calculation between Arabic
and English. To evaluate and train the model, we used data
from the Semantic Textual Similarity Conference of 2017,
which includes Arabic-Arabic and Arabic-English sentence
pairs. A deep neural network model, specifically a Siamese
network with an LSTM layer, was trained. LSTM enables the
network to learn long-term dependencies. Siamese networks,
despite their simplicity, yield satisfactory results, while
transformer-based models demonstrate strong cross-lingual
learning capabilities.

In the final layer of the network, the cosine similarity between
the vectors of the two input sentences is used to determine
their degree of similarity. The results indicate that the
propose(? method achieves a Pearson correlation of 83.4% for
Arabic-Arabic sentence pairs and 82% for Arabic-English
pairs, outperforming other existing approaches.
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