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Abstract

This paper employs a transfer learning approach to attribute and validate the
authorship of Arabic poetry. Poetry authorship attribution is a technique of identifying a
poet from an anonymous poem related to certain traits. Whereas, poetry verification entails
determining whether a poem was written by a specific poet. There are a few works in
Arabic poetry recognition, but their fundamental flaw is that they rely primarily on manual
feature extraction. This is due to the fact that authors used traditional machine learning
approaches. Transfer learning, as part of deep learning, has the ability to extract features
from text automatically. Furthermore, using transfer learning to improve text classification
accuracy in English has lately shown encouraging results. We employed Arabic-BERT as a
transfer learning method for the Arabic language in our research. Arabic-BERT's four
models were employed for authorship attribution and authorship verification. In terms of
authorship attribution, we found that the best Arabic-BERT model is the large model, which
has an f-score of 85%. It outperforms k-nearest neighbours, Naive Bayes, and Support
Vector Machines, which are traditional machine learning approaches. In addition, we
achieved a score of 96% in authorship verification, outperforming traditional machine
learning techniques.

Keywords: Arabic Poetry, Authorship Attribution, Authorship Verification, Transfer
Learning, Machine Learning.

1. Introduction

Authorship attribution or authorship identification is the process of recognizing the
writer of a particular text from a collection of writers [8]. It is the study of determining an
author's traits based on the features of documents authored by that author [14]. It is
particularly interested in determining who the true author of a contested anonymous
document is. Authorship attribution is regarded as a text categorization or text classification
problem in the literature.

Poetry is the most popular form of Arabic literature. It is the main source for
presenting Arab social, political, and intellectual life [16]. Although significant effort has
gone into categorizing Arabic literature, categorizing Arabic poetry is not the same as
categorizing other texts. That because Arabic poetry has structural features such as shape,
meter, thyme, and weight [4].

Two identification issues for Arabic poetry were investigated in this study. The first is
authorship detection, which involves identifying the author of a poem from a list of poets.
The second issue is the authorship verification problem, which entails providing some
Arabic poetry and determining if it belongs to a single poet or not [15].
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There are a few efforts in Arabic poetry recognition, where their primary flaw relies
mostly on manual feature extraction. These days, manual feature extraction is obsolete. It is
time consuming and the results have low performance. Deep learning models are now
capable of extracting features automatically. Furthermore, because poems are short texts that
rely heavily on implicit linguistic aspects, utilizing automated feature extraction for poetry is
more successful. Poems are defined by their ability to make words signify meanings more
than they do [18]. Furthermore, because the amount of text from a single author is usually
limited, authorship concerns are frequently data constrained [25].

In our research, we used the BERT (Bidirectional Encoder Representations from
Transformers) language model for transfer learning. BERT-based models have been shown
to be highly effective at comprehending language when pre-trained on a large corpus [9].
For most NLP tasks, such models were able to set new benchmarks and reach state-of-the-
art outcomes. In this research, Arabic-BERT, a pre-trained model for the Arabic language,
has been utilized [21].

Finally, traditional machine learning methods such as k-Nearest Neighbours, Naive
Bayes, and Support Vector Machine were used to compare our findings.

The rest of the paper is structured as follows: section two about the related works,
section three addresses the research background, section four gives our research
methodology, section five about experiments and results, while section six indicates the
conclusion and future works.

2. Related Works

There is some research on detecting and verifying the authorship of Arabic poetry;
however, it mostly relies on traditional machine learning methods. For instance:

Al-Falahi et al. in [1] posed the task of attribution of authorship to Arabic poetry. They
employed Characters, Sentence length, Word length, Rhyme, and the first word in the
sentence as features. For implementation, they employed a Markov Chain classifier with a
large number of texts for validation. The results of their experiments indicate a precision of
96.96.%. The same authors in [2] reported an authorship attribution in Arabic poetry using
Machine Learning. They used Naive Bayes and Support Vector Machine. The same features
as in the [1] had been used. The findings of the experiment reveal a precision of 98.63%. In
addition, from the same authors, in [3] they explored an authorship attribution in Arabic
poetry using text mining categorization. The text mining categorization methods they used
were Naive Bayes, Support Vector Machine, and Sequential Minimal Optimization. The
greatest findings came from the experiment that has a classification precision of 98.96 %.

Also, for Arabic poetry authorship authentication, Omer and Oakes in [19] employed
Arud, the metrical method used in traditional Arabic poetry. The study presented a method
for automatically discriminating authors based on an Arud encoding. The Arud-based
characteristics exceeded the baseline, which was the frequency of the most common terms,
which are frequently used linguistic features.

In addition, some studies have looked into the authorship attribution of Arabic texts in
general. For example, Altheneyan and EI-Menai in [6] investigated the feasibility of Naive
Bayesian classifiers and their effect on event models for authorship attribution of Arabic
literature. They investigated their application to this problem using several event models,
including simple Naive Bayes (NB), Multi-Variant Poisson Naive Bayes (MVPB),
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Multivariant Bernoulli Naive Bayes (MBNB), and Multinomial Naive Bayes (MNB). They
compared the performance of these models to other current techniques using an Arabic
dataset collected from novels by ten different writers. The findings revealed that MBNB
produces the top results, correctly identifying the author of a text with an accuracy of
97.43%. Furthermore, Hajja and Yahi in [13] investigated the topic of Arabic author
attribution, which is concerned with identifying a specific author of an Arabic publication
from a set of probable writers. For the training and testing of the models, many factors were
considered. They examined how factors such as part of speech tags, stylistic concerns such
as punctuation and sentence characteristics, word kinds, and word variety affected the
results. In general, they found that the task's most informative characteristics were part of
speech, n-grams, and stop words.

3. Background

In this study, transfer learning for author detection and verification of Arabic poetry
was suggested. Transfer learning is a machine learning subfield that has been studied for
over three decades [23]. It deals with the capability to use pre-existing models to learn new
data. It is one method for obtaining knowledge that has proven to be effective. In transfer
learning, a neural network is initially trained on a specific data set and task, then the features
learned by the network are reused and transferred to another network to be trained on a
different task. Recently, transfer learning has been employed in deep learning approaches to
fulfil various tasks after being trained on large dataset [23].

One popular technique for transfer learning is BERT. BERT developed by Google, as
a transformer-based machine learning algorithm for Natural Language Processing (NLP)
pre-training stage [9]. It uses the Transformer and Attention mechanisms to learn contextual
relationships between words (or word pieces) in a document. The transformer consists of
two processes: an encoder that accepts text as input and a decoder that produces task
predictions. Because BERT's goal is to develop a language model, just the encoder approach
1s necessary [9].

The first stage of BERT is pretraining. It is performed in an unsupervised manner and
comprises of two primary tasks: Masked Language Modelling (MLM) and Next Sentence
Prediction (NSP). In MLM task, a certain number of tokens in a sequence are replaced by
[MASK] token. Then, the system attempts to detect the masked tokens. In the NSP task,
two sentences A and B are simultaneously entered into BERT to predict whether sentence B
occurs before or after sentence A in the same text. B is the genuine next phrase that follows
50% of the time during training, and it uses a random sentence from the text the other 50%
of the time [9].

The second stage is fine tuning. Using BERT for a certain task in the fine tuning is
relatively simple. BERT adds a simple layer to the main model and may be utilized for a
large range of linguistic activities. In text categorization like authorship attribution, for
example, a classification layer is applied on the Transformer output for the [CLS] token.

4. Methodology

In our work we used Experimental methodology. The following steps were engaged in
developing a model for authorship attribution and verification:
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4.1 Collecting Data

The dataset for our training and testing were taken from [5]. The information was scraped
from adab.com. The dataset contains about 58K poetry (verses) for 652 writers from the 6th
century to the current days. The majority of the poets have only a few lines of poetry. As a
result, only poems for writers with the largest 10 texts were chosen. The names of the poets,
the number of poems utilized, and the total number of words are listed in table 1.

Table 1: The names of the poets, the number of poems, and the number of poems' words

No. Poet Name No. of poem text | No. of poem words
1 Ibn Al-Rumi 2142 346,799
2 Abu-al-'Ala’ al-Mu'ri 1593 103,067
3 Ibn-Nabatah al-Masri 1534 136,419
4 Jubran Khalil Jubran 1148 192,594
5 'Abd-al-Ghani al-Nabulsi 1115 115,908
6 al-Buhturi 959 152,258
7 Muhyi-al-Din Bin-'Arabi 860 89,051
8 Khalil Mutran 857 152,741
9 Abu-Nawwas 821 54,352

10 Safi-al-Din al-Huli 811 80,960
Total 11,840 1,231,555

4.2 Data Pre-processing

The collected dataset underwent various pre-processing stages before being fed as
input to the model, including: Removing Punctuations, extra whitespaces, diacritics, and
non-Arabic letters. Also, the data with orthographical variances have been standardized.
Only for machine learning methods, Stop words, which are unimportant words that appear
too frequently in the data collection, have been removed. Also, an algorithm for light
stemming is used. It eliminates the most frequent suffixes and prefixes while maintaining
the word's form.

For traditional machine learning methods, Term Frequency-Inverse Document
Frequency (TF-IDF) is used to represent text in a numerical form. The TF-IDF calculates the
importance of a word by considering its frequency of occurrence in the text and calculating
how frequently the same word appears in other documents. If a term appears frequently in
one document but not in others, it is likely to be extremely important to that text and is thus
given greater weight [12].

4.3 Authorship Attribution Using Arabic BERT

Figure 1 depicts the high-level architecture for applying Arabic-BERT for the
Authorship Attribution model. In the figure /CLS] donated the classification token
TOK;...TOK} are the Wordpieces tokens, C is the class which is the class label. 4;..4, are
the probabilities each Author.

The system receives an unknown Arabic poem as input. The text is tokenized by the
system. Before feeding the model, the Arabic-BERT model, like the original BERT, requires
a particular format for the input. At the start of each sentence, a special token called /CLS] is
added, and at the end of each sentence, a special token called /SEP] is added. Wordpieces
[24] was chosen as the tokenizer for Arabic tokenization since it was also utilized during
BERT's pretraining.
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Figure 1: The high-level architecture for the Authorship Attribution model using Arabic-BERT.

The four Arabic-BERT language models that built from scratch for pretraining, were
employed. Arabic-BERT is made up of models of various sizes that have been trained using
masked language modelling and entire word masking [9]. The trained models of sizes Large,
Base, Medium, and Mini, were used for experimentations [21]. The models' descriptions are
shown in table 2. A vocabulary set of 32,000 Wordpieces was created using a corpus that
included the unshuffled version of OSCAR data [22] and a recent data dump from
Wikipedia, which totalled 8.2 billion words.

Table 2: Descriptions of Arabic-BERT Models [21]

Mini | Medium | Base | Large
Hidden Layers 4 8 12 24
Attention Heads 4 8 12 16
Hidden Size 256 512 768 1024
Parameters 11M 42M 110M | 340M

In the fine-tuning step, a dense layer is formed over the pre-trained Arabic-BERT
model, as shown in Figure 1, and this dense layer is fed the final hidden vector of the
classification token [CLS]. To accomplish multi-label classification of each poem, the
sigmoid function is used as an activation function and binary cross-entropy is used as a loss
function. The probabilities of all classes are produced by the model, with the greatest
probability being the poet's name for the supplied Arabic Poetry.

4.4 Authorship Verification Using Arabic- BERT

Authorship verification is the process of finding if a poem was created by a certain
poet. In this case, the system's input is an Arabic poem and the poet's name; the output will
be true if the poem belongs to that author, or false if it doesn't. We applied the same model
as in figure 1 for this sort of problem, with the exception that the output is binary.

22-



Egyptian Computer Science Journal Vol. 46 No.l January 2022 ISSN-1110-2586

In binary text classification, we aim to anticipate whether a piece of text or a phrase
belongs in one of two categories, true or false in our model. For implantation, we utilized the
soft max activation function with a sparse categorical cross entropy loss function.

4.5 Traditional Machine Learning

To compare the transfer learning technique to standard machine learning, we used the
same dataset with three well-known machine learning algorithms for both authorship
attribution and authorship identification. k-Nearest Neighbours, Naive Bayes, and Support
Vector Machine have been used for comparison.

k-Nearest Neighbours is a classification algorithm. Documents must be indexed and
transformed to vector representations during the training phase. To categorize a new
document d, its document vector must be compared to each document vector in the training
set. The k-Nearest Neighbours are found by calculating similarity, which may be done using
Euclidean distance [11].

Naive Bayes classifiers are commonly used in text classification because it is simple and
computational efficient. It employs training technique that include approximating the
relative occurrence of terms in a text as probabilities and using these probabilities to
categorize the content. Naive Bayes decomposes the term P(d | ¢), where d is the document
and c is the class, by assuming conditionally independent features [11].

Support Vector Machine is a machine learning method presented by [7]. It is a
hyperplane that divides a collection of positive instances from a collection of negative
instances with greatest margin in its simplest linear form. The locations of test documents
with relation to the hyperplanes are used to classify them [11].

4.6 Evaluation

There are many techniques for determining the effectiveness of our work;
nevertheless, in our area, accuracy and recall are the most popular. Precision metric is the
ratio of categorized poems that is successfully classified. Recall metric is the proportion of
all poems properly categorized for a specific class. F-score is a combining metric that takes
both precision and recall into account [20].

5. Experiments and Results

Using Arabic-BERT and machine learning techniques, we conducted many
experiments for Arabic authorship attribution and Arabic authorship verification.

5.1 Arabic-BERT Models

Our dataset for Arabic poem attribution was subjected to the four models of Arabic-
BERT: Mini, Medium, Base, and Large. We used the following parameters for Arabic-
BERT fine tuning: Batch size 32, epoch 5, and 0.00001 Learning Rate.

Figure 2 summarizes the findings. It is clear that the larger the model size for transfer
learning, the more accurate the findings. As a consequence, the f-score for mini is the lowest
(73%) while the result for large is the greatest (85%).
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Figure 2: Arabic Poem Attribution Dataset to the four Arabic-BERT models

5.2 Poet Name Attribution

The method assigns the poet's name to an unknown poem. Table 3 presents the
findings for all ten poet names using the Arabic-BERT large model, which produces the best
results as demonstrated in figure 2. Except for al-Buhturi, the poem's accuracy is near the
norm, which is about 85%. We found that poetry for al-Buhturi's included the following
characteristics: "The different facets in which he presents his poems are religious, literary,
and political" [17]. That suggests, he wrote in a variety of fields, which means we may
require more training data in the future to detect his poems more accurately.

Table 3: Performance of Poet Attribution

Poet Name Precision | Recall | f-score
Ibn Al-Rumi 0.8 0.82 0.81
Abu-al-'Ala' al-Mu'ri 0.91 0.89 0.90
Ibn-Nabatah al-Masri 0.88 0.89 0.88
Jubran Khalil Jubran 0.89 0.86 0.88
'Abd-al-Ghani al-Nabulsi 0.91 0.86 0.88
al-Buhturi 0.69 0.73 0.71
Muhyi-al-Din Bin-'Arabi 0.83 0.86 0.85
Khalil Mutran 0.87 0.83 0.84
Abu-Nawwas 0.85 0.85 0.85
Safi-al-Din al-Huli 0.87 0.88 0.87
Average 0.85 0.85 0.85

5.3 Machine Learning Methods

We compared our transfer learning approach to traditional machine learning using the
same dataset. We picked k-nearest Neighbours, Naive Bayes, and Support Vector Machine,
all of which are well-known text mining algorithms. As illustrated in table 3, Arabic-BERT
with the large model has a f-score of 85% that outperforms other techniques.
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Figure 3: Compare Arabic-BERT with machine learning methods
Where KNN is K-Nearest neighbours , NB is Naive Bays and SVM is Support Vector Machine.

5.4 Poet Name Verification

We utilized Arabic-BERT with a large model to verify if an unknown Arabic poem
belonged to a specific author, and we achieved a very good f-score of 96%. As demonstrated
in figure 4, Arabic-BERT outperforms KNN, NB, and SVM when compared to classical
approaches.
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Figure 4: Compare Poet Name Verification using Arabic-BERT with traditional machine learning
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6. Conclusion

Arabic poetry contains structural traits that distinguish it from other texts, making it a
challenging problem to solve. Authors in this field usually extract poems features manually.
However, nowadays, most work in text mining is based on transfer learning and automated
feature extraction. We employed Arabic-BERT as a transfer learning approach to recruit and
evaluate Arabic poets. We analysed four models for authorship attribution and found that the
largest model, with an f-score of 85 %, is the best. Also, when we compared our findings to
those of traditional machine learning with manual feature extraction, we discovered that the
transfer learning technique outperformed the others. The other goal of this study is to
determine whether an Arabic poem belongs to a specific poet. We acquired an f-score of
96% using transfer learning, which is significantly higher than other traditional machine
learning approaches.

For greater performance in the future, we will need to identify or construct a larger
language model than the one now in use. We also require more training data, particularly for
the poetry, which has little data.
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