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2. Summary of the project in Arabic

العربية         باللغة المنشورة الاعلامية المواد وتنوع تزايد والمسموعة (مع المقروءة

المواد          )والمرئية تلك استيعاب لتمكين الرقمية التقنيات تسخير الى الحاجة تبرز ،

وتصنيفها  الحاجة   . ومعالجتها تتأكد بنا    (وكذلك المحيطة العديدة المتغيرات لاستنباط) مع

لها        المصاحب العام والرأي المواد تلك حول بميكنة    . معلومات المتعلقة المهام تأتي وهنا

مدار            على وتنشر تبثُ التي الاعلامية للمواد الآلي والتصنيف والمعالجة المتابعة أعمال

خاصة          . الساعة بحثيا، الحية المواضيع من الفيديوهات في التنقيب وابحاث دراسات وتعد

اعمال            معظم ان اذ كالإنجليزية، العالمية باللغات المنشورة المواد بمعالجة يتعلق ما

مقننة           مصطلحات وفق البناء مسبقة فهارس على تُبنى التقليدية والاسترجاع البحث

المعنى،          . ومحددة فجوة يسمى ما الى والاسترجاع البحث آليات محدودية أسباب وتعود

قبل              من وسياقاتها الطبيعية اللغات من يفهم ما بين الكبيرة الفجوة الى تشير والتي

الآلية        الحواسيب قبل من يفهم ما مقابل .الانسان

لفهم            موحد عمل نموذج وتطوير استكشاف في البحثي المشروع هذا أهداف وتبرز

العربية     باللغة المنشورة الاعلامية المرئية      . المواد المفاهيم الربط طرق دراسة ذلك ويتطلب

الدارجة           الاعلامية الوسائل في منتظم غير بشكل تظهر التي والنصية كذلك. والمسموعة[

والابحاث           الدراسات لهذه السيبراني بالأمن العلاقة ذات التطبيقات الى النظر .سيتم

محتويات          من والمغازي المعاني لفهم المرجوة البحثية الأهداف لتحقيق وسعيا

متوازي          بشكل أنظمة عدة بناء الى بحاجة فإننا المعروض، هو   . الفيديو الأنظمة هذه أول

العربية        باللغة المسموعة المواد على التعرف السعودية (نظام هذه ). واللهجة وثاني

المرئية           المواد ضمن المعروض النص على والتعرف اكتشاف نظام هو هذه . الأنظمة وثالث

المرئية            المواد تحتويها التي والأفعال والأشياء المفاهيم على التعرف نظام هو .الأنظمة

لتحليل             مخصص رابع نظام الى الثلاثة الأنظمة هذه من نظام كل مخرجات وسترسل
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الأهمية       ذات للمعارف مناسب تمثيل واستنتاج وفرز    . المعنى لتوصيف التمثيل هذا إن

المرئية   اكتمال       ) الفيديو(المواد بعد المرئية للمواد والاسترجاع البحث في سيستخدم

البحثي   المشروع .عناصر

للأبحاث           وتحليل شاملة مراجعة لتشمل التقرير هذا في المتضمنة الأعمال وتأتي

الأربعة        بمساراتها المواضيع هذه لمثل تطرقت التي على    . المماثلة ذلك في ركزنا وقد

العميق       للتعلم والتطبيقات والتقنيات الأدوات deep(أحدث  learning .( أجرينا كما

المقارنات            وعقدنا البحثي، المشروع مجالات في سابقا بُنيت التي البيانات لقواعد دراسة

البحثية            المراحل في ستساعدنا التي المزايا أبرز وحللنا منها لكل والسلبيات بالإيجابيات

.المتقدمة

المسموعة،[           الأجزاء على للتعرف الثلاثة للأنظمة أولي ببناء ذلك بعد بدأنا

التعرف             مسار في ممتازة نتائج الى وصلنا وقد الإعلامية، المواد ضمن والمرئية والمقروءة،

التقرير           خلال ذلك استعراض وسيتم النص، على التعرف ومسار الصوت .على

بيانات             قاعدة بناء هو البحثي المشروع من الأول العام خلال الانجازات أهم ومن

السعودية       باللهجة ونصوص الحديثة الفصحى العربية المشروع  . للنصوص استهدف حيث

عن      تقل لا قاعدة تجاوز           100بناء من تمكنا أننا بالذكر الجدير من ذلك ومع كلمة، مليون

متضمناً             السعودية، العامية للغة معجم وأكبر أحدث لإنشاء بالفعل مستهدف كان مما أكثر

كلمة    بليون من على   . أكثر المعجم و    8+فيحتوى فريدة كلمة جملة  146+ مليون مليون

الحديثة         الفصحى العربية اللغة من كلمة بليون يقارب على   . وما يحتوي مليون 6+ كما

و   فريدة و   14+ كلمة جملة تم        150+مليون والتي السعودية؛ العامية اللغة من كلمة مليون

الإلكترونية،           والمواقع مسبقًا، الموجودة المعاجم تشمل مختلفة، مصادر خمسة من جمعها

الاجتماعي    التواصل وسائط المعجم   . ومنصات هذا الأساس - مستقبلا-وسيكون الحجر

والفيديوهات        المرئية المواد في المتضمنة المعاني على . للتعرف
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3. Summary of the project in English

With  the  ever  increasing  quantity  of  online  multimedia  information,  there  is  a  pressing

demand for technologies that facilitate accessibility and exploitation of the mostly unstructured

knowledge contained in that media.  The requirement for tracing and classifying the popping

topics in media and the requirement for the automatic collection of peoples’ opinions about these

topics has gained much attention recently.  The idea of automatic  understanding of events in

videos is not new. Extensive research has targeted the problem in the last two decades, in what is

known as content-based video archival  and retrieval.  However, the problem has proven very

challenging,  and the state  of  the art  is  still  very limited.  Most  of  today’s  commercial  video

retrieval systems mostly rely on meta-data for indexing video content. This is mainly due to what

is called the “semantic gap”, which denotes the difference between the sophisticated and context-

dependent human-level semantics, as in natural language, and the computational representations

achieved by state-of-the-art artificial intelligence methodologies, such as computer vision and

speech recognition. 

The main goal of this research project is to investigate and develop a unified framework for

understanding Arabic multimedia content. To achieve this goal, we are investigating methods to

map different  visual,  auditory,  and textual  information  in  unstructured  videos  to  a  common

semantic space. We are also looking into the important application of this work to cyber security.

In order to achieve our research target in extracting semantic information solely from the

video content,  we need to develop three independent  systems. The first  one is  a recognition

system for Arabic speech in the Saudi dialect. The second system is for Arabic text extraction

from video content. The third one is a recognition system for the visual content in the video.

Outputs from each independent system will be sent to a semantic module that will analyze and

deduce effective representation of the video content. This representation will be later used for

sorting videos and also for querying videos based on similar content. 

To achieve these objectives, we performed a comprehensive review to study and analyze the

available state of the art models related to these three systems in the literature. We paid more

attention  to  the  deep learning-based systems.  We also  analyzed  and  compared  many of  the
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available datasets in the literature to know the pros and cons of each dataset and the implications

of their use in the project. This knowledge helped us to select the most suitable datasets for our

preliminary experiments, and it might be helpful later in constructing our own dataset.

Then we started developing the first versions of the three systems to recognize speech, text,

and video content and evaluated them on some of the available datasets. For the speech and text

recognition  systems,  we  got  excellent  results  as  will  be  described  in  this  report  and  its

appendices.

Another achievement for the first year is the massive collection of Modern Standard Arabic

(MSA) and Saudi Dialect (SD) texts. Our goal was to build a database of at least 100 million

words; yet we were able to exceed such a goal and created the newest and largest SD corpora to

date. The size of the MSA text is +8M unique words, +146M sentences, and ~1B words, while

the size of the SD and mixed texts is +6M unique words, +14M sentences, and +150M words. It

was collected from five resources, including pre-existing corpora, websites, and different social

media platforms such as comments in YouTube videos. In the future, this corpus will serve as a

backbone for our video semantic processing system. 
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4. Stages of the project completion:

A description of the stages of completion during the project period (also add the completion

chart to the project phases, you can use the form below)

Project duration in monthsStage

121110987654321

1.1 Acoustic model training

1.2 Language model training

1.3  Large  vocabulary  ASR decoder  finite

state compilation

1.5 Data annotation for 300 hours of calls 

recordings

1.6  Data  collection  and  cleaning  of  100

Million  words  of  MSA  and  Saudi

Colloquial Arabic

1.7 Creation for a pronunciation dictionary

for MSA and Saudi colloquial 

2.1  Developing  Arabic  text  detection

algorithm in videos

2.2  Developing  Arabic  text  extraction

algorithm in videos

3.1  Arabic  text  data  collection  and  pre-

processing

3.2 Arabic Word vectors estimation

4.1 Recognizing video concepts

4.2 Mapping video concepts

PlannedCompletedWork is in progress
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5. Main Outputs (Publication)

search title

Publishi

ng

authority

Search Statusquarter

Publishe

d

Accepted

for

publicati

on

Posted

for

publicati

on

Q1Q

2

Q

3

Sensor-based Human Activity

Recognition with Spatio-

Temporal Deep Learning

Sensors,

MDPI

xX

Building a Large Contemporary

Saudi Corpus: An Incremental

Approach to Corpus Design and

Construction

IEEE

Access

x

X

Arabic  text  detection  and

recognition  from  streaming

videos  using  deep  learning

techniques (in process)
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6. Other research outputs

Output typeNotes

Authored books

Translation of books

Patented

Other outputs (specify)

Dataset:  the  King  Saud University  Saudi

Corpus (KSUSC) – with +1B total words,

including 126M Saudi Dialect words

We contribute to the literature of Saudi Dialect corpora by creating

the largest Saudi corpus – the King Saud University Saudi Corpus

(KSUSC)  –  with  +1Billion  total  words,  including  126M Saudi

Dialect words.  

The KSUSC  not only is  the newest  and largest   Saudi Dialect

corpus but is also diverse, covering 26 domains.

Dataset:  Arabic  OCR  database  (real  and

Synthetic database) 

We developed two datasets of text images: 

1. A  manual  human  labelled  dataset  from  video  frames.

(21402 Characters including 2728 spaces)

2. A synthetic  Arabic  OCR dataset  with diverse  texts and

fonts over various backgrounds.

System: Arabic Automatic OCR.We propose to develop an Arabic OCR to detect Arabic texts in

video frames and still images

System:  Arabic  Automatic  speech

recognition engine (Arabic ASR)

We are developing our own Arabic ASR engine to recognize the

speech from Arabic videos, for both MSA and Saudi Dialect.

System: Incremental pre-processing systemPre-processing  system to clean  and  normalize  the  semantic  text

corpus
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7. Technical details

1. Phase  1:  Developing  Arabic  speech  recognition  for  MSA  and  Saudi  dialect

 We present  the results  of the Arabic ASR system which was built  using the KALDI

toolbox. We used the whole version of the Arabic GALE corpus to train the model. Then, we

tested the trained model using continuous speech from streaming videos, where we got excellent

results. We tested the performance of the trained model using the Saudi dialect. We note that the

performance of a Saudi dialect recognition system requires enhancement, by using more speech

data.  Hence,  for  future  work,  we plan  to  collect  Saudi  dialect  speech,  other  than  what  was

available  in  GALE,  to  fine-tune  the  trained  model  for  better  performance  to  achieve  the

objectives of the project. In addition, we aim to investigate an end-to-end speech recognition

system such as  a  transformer  for  an Arabic  ASR system.  We anticipate  that  the  end-to-end

system will be more efficient and will have better performance.

For  literature  review and detailed  technical  information,  please  see  the  report  in  section

“Phase 1 Developing Arabic speech recognition for MSA and Saudi dialect”.

2. Phase 2: Improving Arabic text extraction from videos: 

Beside retrieving objects, actions and speech from videos in the process of video mining,

it is crucial to extract the texts that are within each frame. The complexity of this task includes

randomness in text position, text size, font type and text content, etc. All these factors make the

text extraction a very tedious task, and requires very advanced methods in machine learning. The

problem is then formulated as two folds, detect the text positions as boundary boxes images then

extract the content from the small text images. We investigated a single deep learning method

that accomplishes the above two steps in one pass. The experiments of this proposed method on

the public dataset ALIF have given better results compared to the state of the art.

Additionally, we are preparing a new dataset for Arabic OCR recognition that includes other

variants of texts that are related to the Saudi Arabian culture. This dataset will be used for our

Video Text OCR and to train our deep models. A paper describing the proposed technique and

its related results, is being prepared for publication in a couple of weeks.
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For  literature  review and detailed  technical  information,  please  see  the  report  in  section

“Phase 2 Improving Arabic text extraction from videos”.

3. Phase 3: Learning a Semantic Representation for Arabic.

In the following we report the progress of Phase#3 (learning a semantic representation

for Arabic). In the first year plan, phase#3 included two main objectives:  “Arabic text data

collection and preprocessing” (phase#3.1) and starting with “Arab word vectors estimation”

(phase#3.2). 

In order to accomplish phase#3.1, we  first conducted a comprehensive survey  of 33

Arabic corpora to help researchers understand the progress of Arabic corpora and the current

limitations  of  Saudi  Dialect  corpora.  Second,  we  intensively  collected  text  from different

sources and diverse domains that contains over 1.2B words. During the collection process, pre-

exiting corpora, Facebook, YouTube, and Twitter as well as other websites were used to collect

text  discussing  recent events.  Thirds,  we built  a new incremental  preprocessing system to

create  Saudi  Dialect  lexicons  and  use  them to  clean  and  normalize  the  text.  Fourth, we

accomplished the  targeted  KPI by building a contemporary  linguistic  corpus for  the  Saudi

language, which is named the KSUSC corpus. To our knowledge, this corpus is the newest and

largest Saudi Dialect corpora to date, with +1B words, +184M sentences, and +26M unique

words,  covering  26  different  domains.  Moreover,  the  collection  process  for  building  the

KSUSC is discussed in details, and the challenges in collecting SD text with respect to each

platform are highlighted in secion2. 

When it comes to phase#3.2, it was found that new models and representation have

emerged recently and, particularly, sentence embeddings (BERT-Like models) outperformed

the word vector estimation. BERT-Like models are generally self-supervised machine learning

techniques that make use of the huge amounts of unlabeled text data available on the internet.

Thus, we first surveyed BERT-Like models to help researchers understand these models and

how they can improve the semantic representation of Dialect text. Second, we have empirically

tested the most powerful BERT-Like models with different datasets over semantic sentence

similarity search task. Third, we conducted another empirical test to evaluate different BERT-

Like models  on a dataset of Arabic pairs of sentences. From the preliminary results, it was
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possible to conclude that SBERT-paraphrase model had the best performance and, thus, further

test will be conducted in the future to generate a sentence embeddings model for Saudi dialect.

For literature review and detailed technical information, please see the report in section

“Phase 3 Learning a Semantic Representation for Arabic”. 

4. Phase 4: Developing video content recognition system

Video content recognition is one of the most challenging and comprehensive problem being

addressed in this project. We are working to have an effective video content recognition system

in which multiple components such as static scenes, objects  and dynamic events and actions

should be addressed in integrated ways.

Video understanding and analysis,  action recognition is  challenging due to the extremely

high variation of the representative video features, which compose both the spatial and temporal

aspects

In the context of video understanding and analysis, action recognition is the most challenging

part due to the extremely high variation of the representative video features, which compose both

the spatial and temporal aspects. A robust modelling for such complex features is the key point

for  retrieving  the  actions  in  the  video.  Such  robust  modelling  is  nearly  impossible  without

investigating the powerful deep learning techniques. 

In this work we address the problem of video understanding in two ways. In one hand we try

to enhance the performance of action recognition techniques on well-known benchmarks such as

Kinetics  dataset  via two approaches.  The first  approach is  based on employing a variational

feature learning on top of action recognition models for better  discriminate inter/intra  action

categories. The second approach is based on feature fusion of the action recognition with the

classification features of the corresponding frames while on the other hand, we try to generalize

the solution toward a comprehensive video understanding. 

We also investigated the performance of some state-of-the-art deep learning concepts, such

as the inflated 3D convolution neural (I3D) networks and the slow-fast frameworks with the

powerful ResNet architecture as a backbone. Some modifications were investigated to improve

the  performance  of  the  mentioned  architectures.  With  careful  data  pre-processing,  both

architectures obtain comparable results in multiclass classification. The performance of SlowFast

in multi-label classification is slightly low. This might be attributed to the lack of balance in the
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dataset  action  tags.  Various  experiments  with  different  hyper-parameters  were  conducted

partially  on two datasets,  Kinetics-400 and holistic  video understanding (HVU).  Overall  the

experimental results show encouraging performances in many scenarios. 

For  literature  review and detailed  technical  information,  please  see  the  report  in  section

“Phase 4 Developing video content recognition system”
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1. Literature Review  
 When we need to extract information form any video, the video consists of audio, visual, and text 
content. Because our project is based on Arabic language, we need to perform automatic Arabic 
speech recognition (AASR) to extract the audio information from the streaming videos. In this 
section, we review the state-of-the-art in the AASR filed. The review is divided into three parts: 
speech corpora, techniques, and tools.  
 Form the database point of view, we can notice that the lack of availability of a large-scale 
Arabic speech corpora compared to other languages. Most of existing databases were recorded from 
TV broadcast. One of the largest corpus is GALE Arabic, which was developed by linguistic data 
consortium (LDC).  There are many versions from GALE corpus. The corpus consists a recording of 
broadcast conversation and broadcast news from Arabic TV channels [1]. Another important database 
is KSU speech database, which was produced by speech processing group at King Saud University 
[2]. This corpus was designed to fulfil the requirement of Arabic speaker/speech recognition systems. 
It contains the recording of large number of speakers, about 257 in 3 sessions, from different 
nationalities (Saudi, Arab, Non-Arab) [2]. MGB-2, is another important database and stand for Multi-
Genre Broadcast and consists of 1200 hours of recording form TV programs [3]. 
 From techniques point of view, deep learning has become the dominant technique in AASR, 
hence we focus herein only on research based on deep learning. A. Ali et al. developed a broadcast 
news system based on 200 hours from GALE phase 2. They used a conventional acoustic model and 
deep neural network acoustic model. The best results were achieved by DNN-MPE model with 
recorded 15.8% 32.21%, and 26.95% word error rate (WER), for reports, conversational, combined 
sets, respectively [1]. Long short-term memory (LSTM) and gated recurrent unit (GRU) are used for 
Arabic speech recognition in [4]. They tested the proposed system for 10 spoken Arabic digit 
recognition task and 10 spoken command TV task [4]. Deep auto-encoder was used for speech 
enhancement in [5], for remote Arabic speech recognition system. The authors used isolated words 
Arabic speech database for their experiments, where the database contained only recording of 20 
words.  
 In terms of available toolboxes for ASR, with the era of deep learning, the availability of huge 
amount of training data, and the fast growth in computation devices resulted in the release of  lot of 
ASR toolkit such as Baidu’s Deep Speech from Mozilla [6], wav2letter from Facebook [7], PyTorch-
Kaldi [8], openseq2seq from Nvidia [9], and ESPnet [10]. This is in addition to the old ASR toolkit 
such as HTK and Sphinx. Each of these toolkits has advantages and disadvantages. In our project, we 
are currently using Kaldi because it supports an available recipe of the Gale database, which we intend 
to use in the project. Moreover, we will investigate another state-of-art end-to-end ASR such as 
wav2letter in future.  
 As a conclusion, we notice that AASR needs more study and enhancement. Databases 
containing Saudi dialect is also required. Moreover, applying End-to-End (E2E) ASR for Arabic 
speech recognition system still needs more investigation.   

2. Initial Arabic Speech Recognition system   
 
In this section, we show the process of building an Arabic ASR system using KALDI tool. We follow 
the chronological steps of KALDI to build the system, which covers the tasks (1.1, 1.2, 1.3, 1.4 and 
1.7) of phase 1 in the proposal. The aim of this project is to build an Arabic video mining system, in 
which ASR is an important component to recognize the speech from the audio part of the video clips. 
To be able to compare the performance of our techniques and system with the state of the art results, 
we opted to use an available public domain speech database rather than building the database 
ourselves. 

2.1. Database used  

From searching for Arabic speech corpus, we selected the Arabic GALE corpus, which is very large 
and is the most suitable for our video mining project because it was collected from broadcast news 
and conversations. Moreover, there are several existing research in the literature using the GALE 



corpus. Gale has the following characteristics: (i) is publicly available, (ii) has a large collection of 
vocabulary and a very good amount of annotated data, and (iii) has published research using it. Gale 
has many phases and each phase has conservation and news parts. In the first six months of the project, 
we used the parts of Gale initially available to us: GALE Phase 2 Arabic Broadcast Conversation 
Speech Part 1 and Part 2 and GALE Phase 2 Arabic Broadcast News Speech Part 1, as shown in 
Figure 1 .  
 

 
Figure 1: Initial GALE Arabic total hours and speech of Saudi channels. 

2.2. Program used 

We used Gale Arabic recipe (s5b) in kaldi branch 5.0, which was developed by Ahmed Ali, et al.  in 
Ref [1]. The run script consists of many steps the can be executed together. They started by preparing 
the training data and converting the flac files to wave files. Then they prepared the data by splitting 
it into train, dev, and test sets for the news and conversation parts.  Table 1 shows the lists of acoustic 
models, which we investigated in developing an Arabic speech recognition system.  
 
Table 1. Acoustic model lists 

Acoustic model Command used Comments 

GMM-HMM Monophone steps/train_mono.sh  

Triphone steps/train_deltas.sh Number of gauss = 
30000 

tri2a steps/train_deltas.sh Using 
deltas+delta+deltas 

 
#gauss = 40000 

tri2b steps/train_lda_mllt.sh Using LDA+MLLT 
#gauss = 50000 

tri3b steps/train_sat.sh Using LDA + MLLT + 
SAT 

#gauss = 100000 
DNN TDNN local/nnet3/run_tdnn.sh Using chain lattice-free 

recipe 
#epoch = 3 

Activation function  = 
relu 

ivector dim = 100, 
#hidden layers = 6 

Total training time of 
this network is:  

10:23:11  
  
 



 
 

 

2.3. Feature extraction   

MFCCs are extracted by the command (steps/make_mfcc.sh) for each set. Then, cepstral mean and 
variance statistics are computed per speakers using this script (steps/compute_cmvn_stats.sh). For 
the deep neural network, I-vectors are used as a feature. The next step is to create high resolution 
MFCC, then compute the diagonal UBM using 512 Gaussians, after that I Vectors are extracted. More 
information can be founded in this script (local/nnet3/run_ivector_common.sh) 

2.4. Initial Results 

Table 2 reports the word error rate (WER) presented in the original Kaldi recipe and the WER for our 
trained system using different acoustic models. 
 
Table 2. WER of an Arabic ASR using Gale Arabic database 

Acoustic model  

Type of speech 

WER  % (our 
training) 

WER % 
(amali 
recipe) 

Tri1 Report 31.33 26.38 
Tri2a Report 30.58 25.66 
Tri2b Report 27.83 23.32 
Tri3b Report 25.75 21.64 

TDNN Report 12.85 10.72 
Tri1 Conversational 49.25 46.86 
Tri2a Conversational 47.94 45.92 
Tri2b Conversational 44.28 42.23 

Tri3b Conversational 41.52 39.26 
TDNN Conversational 27.48 24.77 

Tri1 Conversational + 
Reports 

43.54 40.35 

Tri2a Conversational + 
Reports 

42.42 39.42 

Tri2b Conversational + 
Reports 

39.05 36.17 

Tri3b Conversational + 
Reports 

36.27 33.61 

TDNN Conversational + 
Reports 

22.78 20.26 

 

2.5. Testing the initial ASR system on speech out of the corpus 

We successfully tested the best model, which is TDNN, on speech out of the corpus to show the 
effectiveness and performance of this ASR.  We selected a new recent speech segment, which was 
related to covid-19 from Al-Arabiya channel and a speech segment from the KSU database. The 
results of the system are presented in the Figure 2 and Figure 3 below and show that our system 
produced excellent output.  



 
Figure 2:Test case 1: The output of the system for YouTube clip from Al-Arabiya channel 

 

 
Figure 3:Test case 2: The output of the system Free speech from KSU Arabic database . 

 

3 Arabic speech recognition system using large scale speech corpus   
 
From the above experiments of the six-month report, we conclude the following points:  

- The built GALE based ASR model needs more training data in order to recognize the speech 
efficiently.  

- The GALE based ASR needs to be tuned using speech of Saudi dialect in order to achieve 
the objective of this project. 

- For the integrated final system of this project, we need ASR model that can be integrated 
with the other parts (i.e. action recognition, object detection, OCR).  

Hence, in this report, we investigated using of the whole GALE database to train the ASR system and 
evaluate the trained system by feeding speech from Arabic videos and Saudi dialect.  

3.1. Corpus description  

In this section, we provided a short description of Gale the speech database used for training and 
testing the ASR model. GALE is a huge Arabic database that contains recording of Arabic broadcast 
conversation and news. It consists of many phases with a total number of hours of speech equal to 
1227 hours; out of it, 53.9 hours are from Saudi channels.  Table 3 presents the details of the different 
phases of Arabic Gale. 

Table 3: GALE Arabic total hours and speech of Saudi channels. 

 
 



3.2. Machine configuration  

Because of huge size of the GALE corpus, the model takes a lot of time to train, hence 
we used a powerful machine to train the model using this corpus. The machine that we 
used in the experiments has the following specifications: CPU: E5-2660, GPU: TITAN 
RTX-24GB, and RAM: 220 GB. 

3.3. Training procedure  

We follow the “run.sh” program in gale recipe (s5b) in the Kaldi environment of this 
research [1]. The run program consists of 10 stages containing the feature extraction, 
training, and decoding. In Table 4 we list all stages and their function. 
    

Table 4: Summary of "run.sh" script. 

Stage Function 
0 Preparing data, lexicon, and language model 
1 Generating MFCC features for train and test files 
2 Training the monophone system (mono) 
3 Align data using the mono system and training triphone system 

(tri1) using delta features 
4 Building graph of the tri1 system and decoding the test files. 
5 Align data using tri1 system, and training the triphone system 

using the LDA+MLLT features (tri2b) 
6 Building graph of the tri2b system and decoding the test files. 
7 Align data using tri2b system, and doing speaker adapting 

training (SAT) using the fMLLR-adapted features (tri3b) 
8 Building graph of the tri3b system and decoding the test files. 
9 Training and decoding the chain model using end-to-end 

alignments 
 
The training and validation loss of the chain model (last stage) are presented in 
Figure 4. The training time of each iteration is presented in Figure 5.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
Figure 4: Training and validation loss of chain model using GALE corpus. 

 
 

 
Figure 5: Duration in seconds for each of training iterations of the chain model. 

 
As shown in Figure 5, the total time increased for each iteration resulting in a very 
long training time, approximately 6.3 days.  
 

3.4. Results 

To evaluate the trained model, we calculate the word error rate (WER) and character 
error rate (CER) for all testing files using each of the trained models as presented in 
the Figure 6. We can see that the acoustic model based on DNN (chain model) reached 
14.65% WER, which is around 50% lower than the (Tri3b) model. Not that the WER 
presented in the original recipe [1] using the same model was 14.95% 
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Figure 6: Performance of the trained model using the test files of the GALE corpus. 

 
In Table 5, we present the details of the performance achieved by the chain model in 
terms of number of testing utterances, insertions errors, deletion errors, and substitution 
errors. 
 

Table 5: Details performance of the chain model. 

 

# of  
testing 

samples 

# of 
correction 

(%) 

# of 
insertions 

(%) 

# of 
deletions 

(%) 

# of 
substitutions 

(%) 

CER 316,317  297,623 
(94.1%) 

6102  
(1.9 %) 

6983  
(2.2%) 

5609 
 (1.8%) 

WER 69,668 
59,464 
(85.4%) 

1370 
(2.0%) 

1949 
(2.8%) 

6885 
(9.9%) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

37.38

33.39

30.83
32.31

14.65

19.01

16.25
14.79

15.94

5.91

Tri1 Tri2b Tri3b Tri3b_si Chain

WER CER



3.5. Demos  

In this section, we demonstrate the result of the best model (chain) using online speech 
from a YouTube video and a speech segment from a paragraph in KSU database to 
evaluate the systems using data that is not part of the GALE corpus.  
Example1 

Canonical text: 
Speaker: “Prince Mohammed bin Salman announces the strategy of the Public Investment Fund”  
Duration: [from 0.15 to 0.48] seconds 

 https://www.youtube.com/watch?v=3ys1ivxQPPQ :URL 
 

استراتيجية صندوق الإستثمارات العامة عشرين واحد وعشرين إلى عشرين خمسة وعشرين  التي 
في تحقيق طموحات وطننا الغالي نحو النمو الاقتصادي  ورفع جودة الحياة   رئيسيا    تمثل مرتكزا  

.وتحقيق مفهوم التنمية الشاملة والمستدامة في مختلف القطاعات التقليدية والحديثة   
إقتصادية ضخمة  و ات استثمارية خلال الأعوام السابقة إنجاز هستثمارات العاملإحقق صندوق ا 

الإستثمارات  استراتيجية مهمة حيث ضاعف صندوق  تمستهدفالمن خلالها  الوصول   تمكن
إلى ما يقارب تريليون وخمسمائة مليار ريال سعودي  بنهاية عام عشرين عشرين   إصوله هالعام

. الإستثمارات العامةكما أطلق صندوق   
 

 

Recognized text: 
 

  واحد وعشرين إلى عشرين خمسة وعشريناستراتيجية صندوق الإستثمارات العامة عشرين  

  التي تمثل مرتكزا رئيسيا في تحقيق طموحات وطننا الغالي نحو النمو الاقتصادي

  ورفع جودة الحياة وتحقيق مفهوم التنمية الشاملة والمستدامة في مختلف القطاعات التقليدية والحديثة

ات استثمارية إقتصادية ضخمة تمكن من  حقق صندوق استثمارات العام خلال الأعوام السابقة إنجاز
  خلالها

يقارب  ما  إلى  العام وصوله  استمرت  استراتيجية مهمة حيث ضاعف صندوق  الوصول مستهدفا 
 تريليون وخمسمائة مليار ريال سعودي 

 بنهاية عام عشرين عشرين كما أطلق صندوق اسثمارات العامة  
 
 
 
Example2 

Speaker: Native Arabic (Man) from KSU database 
Canonical text: 
 
دْرَ ، ويزيحُ سُحُب الهم ِّ والغم ِّ ، السَّفرَُ في الديارِّ ، وقطَْعُ القفارِّ ، والتقلبُ في الأرضِّ  مما يشرحُ الصَّ
الواسعةِّ ، والنظرُ في كتابِّ الكونِّ المفتوحِّ لتشاهد أقلام القدرةِّ وهي تكتبُ على صفحاتِّ الوجودِّ 

قة  وجناتٍ ألفا  ، اخرجْ من بيتكَ وتأملْ ما حولك  آياتِّ الجمالِّ ، لترى حدائق ذات بهجةٍ ، ورياضا  أني 

https://www.youtube.com/watch?v=3ys1ivxQPPQ


وما بين يديك وما خلفك ، اصْعَدِّ الجبال ، اهبطِّ الأودية ، تسل قِّ الأشجارَ ، عُبَّ من الماءِّ النميرِّ ، 
ِّ في فضاءِّ  يدِّ تسبح  ضعْ أنفك على أغصانِّ الياسمين ، حينها تجدُ روحك حرة  طليقة  ، كالطائرِّ الغر 

 . اخرجْ من بيتِّك ، ألقِّ الغطاء الأسودَ عن عينيك ، ثم سرْ في فجاجِّ اللهِّ الواسعةِّ ذاكرا  مسبحا  السعادةِّ ،  
 
 
Recognized text: 
 

 مما يشرح الصدر ويزيح سحوب وللهم والغم السفر في الديار وقطع القفاري
 والتقلب في الأرض الواسعة والنظر في كتاب الكون المفتوح  
  القدرة وهي تكتب على صفحات الوجود آيات الجمال لتشاهد أقلام  

 لترى حدائق ذات بهجة ورياضا أنيقة وجنات ألفا
  أخرج من بيتك وتأمل ما حولك وما بين يديك وما خلفك 

  يصعد الجبال يهبط الأودية تسلق الأشجار عبى من الماء النمير ضاع أنفك على أغصان الياسمين 
 طائر الغريد تسبح في فضاء السعادةحينها تجد روحك حرة طليقة كال

 أخرج من بيتك ألقي الغطاء الأسود عن عينيك ثم سر في فجاج الله الواسعة ذاكرا مسبحة  
 

3.6. Demo using Saudi dialect  

In this section, we demonstrate the result of the best model (chain) using speech from 
a YouTube video with Saudi dialect to evaluate the system performance on Saudi 
dialect.  
 

Speaker: Saudi (women) 
 
Canonical text: 

  قلت لهماذا راح يكون معك حق   قلت لهماذا راح يكون معك حق 
  راح يكون له تأثير عليهم راح يكون له تأثير عليهم 

  كل شيء  هراح تعرف من   كل شيء   هراح تعرف من 
 ه عن خوي   كلمتهراح تصير مشكلة إذا  هعن خوي   كلمتهراح تصير مشكلة إذا 
 أعتقد إنه راح الشغل   أعتقد إنه راح الشغل 

 كذه  هو قال ان أظن كذه  هو قال  ان أظن  
  راح يفكر بالموضوع راح يفكر بالموضوع

  سمعت آخر خبر   سمعت آخر خبر 
  تدري ليش صار أمس  تدري إيش صار أمس 

  تعرف إنه خلاص ترك الشغل  إنه خلاص ترك الشغلتعرف 
  لا تسوي إزعاج  لا تسوي إزعاج

  طفشان لا تقول إنك   طفشان لا تقول إنك 



 لاتصدق كلامه لاتصدق كلامه 
  لا ترد عليه لا ترد عليه

  تكثر كلاملا  تكثر كلاملا 
  تتجاهلني    لاتتجاهلني   لا
 تضايقهم  لا   تضايقهم لا

 

Recognized text: 
  راح يكون له تأثير عليهم راح يكون له تأثير

  راح تعرف من كل شيء راح تعرف من كل شيء 
  راح تصير مشكلة إذا تكلمت عن خاوية  راح تصير مش مشكلة إذا تكلمت عن خاوية
  أعتقد إنه راح الشغل أعتقد إن راح الشغل

  أظن هو قال إذا قال كده أظن هو قال كده 
  راح يفكر بالموضوع فكر بالموضوعراح ي 

  سمعت آخر الخبر  سمعت آخر خبر 
  تدري ليش صار أمس  تدري إيش صار أمس 

  تعرف إنه خلاص ترك الشغل  تعرف إنه خلاص ترك الشغل
  لا تساوي إزعاج لا تسوي إزعاج

  لا بتقول إنك قشان لا تقول إنك كوفشان 
  لا ترد عليه لا ترد عليه

  ر كلام لالا تكفي كلام كثي
 لا تضايقهم  لا تضايقهم

 

4 Data annotation (task 1.5) 
As we mentioned in section 2.1, we used Arabic Gale database because it was the best 
for our video mining project because it has recording of broadcast news and 
conversation. Moreover, Gale is transcribed and annotated at the sentence level. 
Hence, we did not have to perform data annotation on this database. From the Gale 
description in section 3.1, we notice that the Saudi dialect speech of the Gale is not 
enough to build an accurate ASR for Saudi dialect. This was confirmed by the result 
in the previous section. Therefore, we started to collect more Saudi dialect speech 
from the social media and YouTube channels. After the collection of speech with 
Saudi dialect, we will transcribe and annotate the speech.      



5 Data collection (task 1.6)  
Outputs from speech engines can be enhanced by the use of a strong language 
model, which takes the outputs from the speech engine and converts them to a 
sequence of characters that conforms to the language. We are using the dictionary 
included in the Arabic Gale database, unfortunately, Saudi dialect words may not 
be included, and this leads in some instances to some nearby words that are out of 
context. In order to achieve better state of the art results, we participated in the data 
collection conducted by the semantic team (i.e. team of phase 3), and we collected 
nearby 1 billion words in diverse contexts.  

In the next months, we will fine-tune the current language model by training it 
with Saudi dialect, we also will use the videos collected at the semantic part to 
extract the Saudi Arabic dialect audios from the videos. This will also complete the 
task 1.6 of this phase. Data collected by the semantic team is well described in their 
respective report. 

6 Conclusion and future work  
In this report, we demonstrated the results of the Arabic ASR system which we built 
using the KALDI toolbox. We used the whole version of Arabic GALE corpus to train 
the model.  Then, we tested the trained model using continuous speech from streaming 
videos. Moreover, we demonstrated the performance of the trained model using Saudi 
dialect. We note that the performance of a Saudi dialect recognition requires 
enhancement. Hence, for future work, we plan to collect more Saudi dialect speech in 
order to fine-tune the trained model for better performance to achieve the objectives 
of the project. In addition, we aim to investigate an end-to-end speech recognition 
system such as a transformer for an Arabic ASR system. We anticipate that the end-
to-end system will be more efficient and has better performance.  
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1. Literature Review 

The need for an Arabic optical character recognition (OCR) system has increased due to the 

large number of Arabic texts that are stored in images, not in textual forms. Many old books, and new 

books that are stored in PDF format are being transformed into text-based modern formats like 

EBUD, MOBI, or AMZ, but manually, which is time-consuming and bound to human-error. The 

importance of having an Arabic OCR system for the Arabic language has increased due to the large 

number of Arabic speaking population which is estimated at around 407-420 million people [1]. The 

Arabic language is also important for non-Arab Muslims, because all the religious texts are written, 

and cited in Arabic. 

 But Arabic language is known to be a difficult language, not just to learn, but also to deal 

with in digital systems. That is why researchers have considered developing an OCR system for 

Arabic language as an open problem until today. This difficulty arises from the nature of Arabic text, 

the way of writing Arabic texts specifically, which can be summarized by following: 

1. Arabic Texts, unlike Latin languages, are written from right to left. 
2. The characters within a single word can be connected or disconnected depending on the 

character itself. For example, the character "ي" is considered as a connected letter, and can 
be written in the letter shape: this shape "ـيـ", this shape "يـ", or this shape "ـي". Unlike the 
character "ر" which can be only written in the letter shape, or this shape "ـر", and no 
character can be connected to it from the left. 

3. Each character has multiple forms, depending on its location within a word, and the previous 
character if it is a connected character or a disconnected character. For example, the 
character "ه" has four forms: this form "ه" which is used when it’s located at the end of the 
word, and the previous character is a disconnected character, this form "هـ" which is used 
when it is located at the beginning of the word, this form "ـهـ" which is used when it is located 
at the middle of the word, and this form "ـه" which is used when the character is located at 
the end of the word, and the previous character is a connected character. Table 1 shows all 
the characters written in all forms. Arabic Texts have a cursive feature, which differs 
depending on the font style. 

4. A diacritic (Harakat) can additionally be added to any Arabic character, which are: "    َ  " ,"    َ  
","    َ  ", "    َ  ","    َ  ","    َ  ", and  "    َ  ", and some characters can have more than one diacritic. 
Some Arabic words may consist of the same characters in the same order but have more than 
one meaning depending on the diacritics of the word.  

5. The Arabic language has also ligatures, which is a special way to write two characters. It 
differs depending on the font style, for example: "محـ", and "ي  ."ـن  

6. Some Arabic characters have similar shapes, but they can be distinguished by the existence 
of the dots, their quantity, and their position, which can be above the character, or below 
the character. For example, these three characters: " حـ", "خـ", "جـ ". 
 



 

Table 3. All Arabic characters in all forms 

     

     
 ـب ـبـ   
 ـت ـتـ   
     
     
     
     
 ـد     
 ـذ     

 ـر    
 ـز    

 ـس ـس ـ   
 ـش ـش ـ   
 ـص ـص ـ   
 ـض ـض ـ   

 ـط ـطـ   
 ـظ ـظـ   
     

     
 ـف ـفـ   
 ـق ـقـ   
 ـك ـكـ   
 ـل  ـل ـ   
 ـم  ـمـ   
 ـن  ـنـ   

     
 ـو    

  ـيـ   
 

These features have made the development of an Arabic OCR system a real challenge for 

researchers, especially for the segmentation process, since unlike the Latin languages, most of the 

Arabic words consist mainly of connected characters. Due to this many works were dedicated to the 

segmentation process exclusively, but there are others who developed a complete OCR system, like 

the work of [2] which consists of skew detection and line segmentation, word segmentation, character 

segmentation, and finally character classification. The accomplished accuracy for line segmentation 

is good, which varies between 97% and 100%, depending on the font style and if the standard 

deviation verification of the line length is applied or not. As for the character segmentation, it uses 

the Zidouri segmentation algorithm [3], which uses the vertical projection, as well as the number of 

horizontal pixels to find guide bands, and then several rules are applied. The accuracy varies between 

46% and 84%, depending on the font style, this variation makes the algorithm font-dependent. The 

classification stage has an accuracy of 82%, it uses the decision tree classifier, generated by 24 



features. The complete system accuracy has not been computed, but the author has used the 

segmentation accuracy multiplied by the classification to have an approximated accuracy of the 

overall system which is 61%. 

In general, most of the researchers focus on the segmentation problem as it is considered as 

the main source of errors in any Arabic OCR system [4]. The developed algorithms use many 

approaches in order to segment the characters correctly, but in general, they can be classified into two 

main classes: Implicit segmentation, and explicit segmentation. In implicit segmentation, the 

characters are being segmented during the recognition phase, there is no real segmentation of the 

characters and it usually uses a variable-size window that passes the whole word, to provide the 

tentative segmentation points which are confirmed or not during the classification phase. In [5] the 

authors have used the restricted Boltzmann machine for classification, and compared their results of 

using RBM with the use of Hidden Markov Model (HMM). The character rate accuracy of using the 

RBM is 95.2%, while the character rate accuracy of HMM is 87%. In [6] the authors have designed 

an Arabic OCR system that uses three sliding windows on sub-word image, which are fed into a 

multichannel neural network to predict the likelihood of the input window that is a candidate cut 

place. The authors compared their model with a similar model but using only one window. Using the 

size of 18pt for the text from the APTI dataset [7] for testing, the three-windows’ model has 

accomplished an accuracy of 98.9%, while the single-window model has accomplished an accuracy 

of 90.2%. both are trained using only one font. There is another version of the three-window model 

that is trained on 4 fonts, which has an accuracy of 95.5%. 

In explicit segmentation, the characters are segmented before they are being classified or 

predicted. This approach has been used by many researchers and is classified into many subclasses. 

The first attempt to segment Arabic characters is traced back to 1975 by Nazif [8] [4], yet it is not 

known what type of approach have been used, nor the achieved accuracy. The most common method 

for Arabic characters’ segmentation is done by extracting the vertical projection profile, then several 

operations are used, and rules can be applied to segment the connected characters. This method is 

computationally simple and accomplished good results on simple fonts, however without applying 

any rule it failed in the case of overlapped characters and cursive fonts. This method was used in [9], 

where it firstly approximates the limits of characters in each word using a vertical projection, 

modulated by the vertical width of writing, which sets a certain threshold for the width of the 

characters. Then the maximum number of black segments on a line of pixels is calculated, each 

character must have only one black segment except for some characters located at the end of the word. 

This method was tested on handwritten and typewritten text, but it was designed for typewritten 

specifically. The accuracy accomplished for handwritten text is 96%, but the testing data seems very 

small, containing only 4 words written by 5 persons, and some rules were followed by the writers to 



make the testing data. As for the typewritten text the algorithm was tested on 500-1000 words 

typewritten using four different fonts that do not have overlapped characters, and it accomplished an 

accuracy between 99% and 100%. In [10] the authors presented a segmentation algorithm that is 

based on the vertical projection profile, and some rules were applied. The rules are related to the 

structural characteristics between the background region and the character component, as well as the 

isolated characters. The testing accuracy of the algorithm is 94.7%. It was tested on 500 samples, 

written on different fonts, but the rules were not reported. In [11] the authors designed an Arabic OCR 

system that does the word segmentation using the vertical projection profile, and the character 

segmentation using the same method with a set of statistical features. The system was tested on APTI 

dataset, using 24816 words written by 10 different fonts of different sizes, and the achieved accuracy 

is 97.7%. 

Contour tracing is another method for character segmentation. In [12] the authors proposed 

two methods for Arabic/Latin handwritten texts. The first one uses the pen thickness to detect the 

junction (baseline) that connects the characters, while the second detects the upper contour of each 

word, then two filters are applied to get two types of strokes, which the authors denote as “valleys” 

and “summits”. Those strokes will be analyzed to get the primary segmentation points. Both methods 

have been tested on handwritten Latin and Arabic texts, the first one achieved an accuracy of 93.5%, 

while the second one achieved an accuracy of 99.3%. The second one is also faster according to the 

authors. 

Template matching can be used as well to segment Arabic characters. In [13]  Bushofa and 

Spann have proposed an OCR system for Arabic texts, using a sliding window of size 7×7 that 

searches along the baseline to find the segmentation points. The reported accuracy of the overall 

system is 97.23%, it was tested on a private dataset that consists of four different fonts and different 

sizes as well.  

In [14] the authors have proposed a technique where a wavelet transform is used to detect the 

underlying horizontal edges of the word, then those edges that overlap with the baseline are 

considered as candidate segmentation points, and using NN classifiers, those candidates are filtered 

into definite segmentation points. The reported accuracy of 97.83%, was compared to other works 

that used spatial-based techniques, and has shown not just a higher accuracy, but also a higher 

recognition rate. 

 

 



2. Building an end-to-end Character recognition system  

2.1. Introduction  
In our initial investigation while preparing the proposal, we were intending to use a 3 step 

system, the text detection within the images, the detected text extraction as small images, and the text 

segmentation and binarization, but in order to be more efficient, we proposed a more efficient method 

that uses a deep neural technique where the three steps are fused into a single system. The proposed 

method gave very high accuracy and has shown state of the art efficiency on public available datasets. 

So by this proposed method we are accomplishing tasks 2.1, and 2.2, and 2.3 in one single task. 

Hence, we investigated the application of recent deep learning techniques for Arabic optical 

character recognition (OCR). We proposed a system that uses deep learning models to recognize the 

Arabic text in video frames at real time. To evaluate the proposed system, we used two datasets, a 

publicly available dataset called ALIF which was proposed by S. Yousif et el., in 2015 [1]., this dataset  

contains 2308 annotated images for training and  3221 images for testing, the test bed is split into 

three sets, with various difficulty in the texts within the images.  

The ALIF dataset is segmented at the character level, but lacks various fonts and sizes of the 

texts and most of the text images are already cropped within small images with limited height and 

width. Any extension to huge video frames, would make the trained model unable to generalize. In 

order to avoid such problem, we opted to develop our own dataset, by two methods, by labelling 

selected video frames containing various texts at the character level, and by generating synthetic texts 

with various fonts and sizes over different backgrounds, and if time permits with diverse orientations 

of the texts. The new KSU Arabic-OCR database will be developed to fulfil the requirements of the 

whole project of semantic representation of Arabic video mining, in which OCR is playing an 

important role of the project.    

2.2. Details of the system 

Our proposed Arabic deep OCR consists of two phases as shown in  

Figure 1. At the first phase, we start the training process by using the public Arabic dataset 

ALIF, by using the text images and their respective annotations as bounding boxes. At the second 

phase, frames without corresponding annotations are fed to the detection system, in order to test the 

model for detecting and automatically segmenting Arabic characters within videos frames. Output 

results of the test images will then be compared to the annotated characters of the test annotations as 

sequences of successive letters.   

 

 

 



 

 

 

 

Figure 1: Research Methodology. 

2.3. Character level Arabic Datasets: 
This phase of the project aims essentially to detect the Arabic text, including the Saudi dialect, 

from the whole frame of video, rather than from the segmented regions. This is why the training 

models require to be trained on Arabic character level. In our proposed system, we started by ALIF 

as a baseline, and at a later stage, we will use our developed Arabic OCR dataset for a second more 

general trained model, able to be tested on video frames with various sizes and texts. 

 ALIF Dataset: 
The ALIF dataset is originally split into four sets, a train set and three tests sets. The sets 

contain different numbers of images, depending on the complexity of the texts, including blurring, 

diverse sizes, etc…, that make the test sets with variable difficulties of text detection.  

Dataset Split Number of text images 

(Character Level Annotated) 
Number of characters 

Including space 

Train 2308  - 
ALIF  test 1 900 14110 
ALIF Test 2 1299 19306 
ALIF Test 3 1022 13362 

A graphical distribution of the letters of the datasets is presented in Figure 2 to Figure 5 

Training Videos 

Output 

Video to frames Annotation process 

Arabic-OCR 

Proposed 

Training models 

Testing Videos Video to frames 



 
Figure 2:ALIF Train dataset 

 
Figure 3, ALIF Test 1 dataset 

 
Figure 4, ALIF Test 2 dataset 



 
Figure 5, ALIF Test 3 dataset 

 

 KSU-OCR dataset 
Given that ALIF does not cover a varied set of fonts and sizes of texts, and with the need to 

extend our work to local Saudi Colloquial Arabic, as well as to Arabic international video content, 

we started by selecting a set of TV shows and news videos, with some variety in size of text and the 

backgrounds. The videos were given to two annotators to make the bounding boxes at two levels, a 

sentence level and a character level. We have preferred to use the same ALIF set of characters, to 

have a uniform strategy, if we want to compare models. A list of the characters is presented in Table 

2, where we also present the statistics per character. Most characters can occur at start of a word, can 

be isolated, in the middle or at the end. In our annotation style, we omitted such complications. In a 

future version, such additions can be done by an automatic manner with 10% manual sample 

checking. 

 

Alif:2518 

Baa:735 

Taaa:775 

Thaa:80 

Jiim:287 

Haaa:447 

Xaa:114 

Daal:667 

Thaal:61 

Raa:919 

Miim:1211 

Nuun:991 

Yaa:1537 

Waaw:951 

Hamza:62 

Haa:401 

Zero:44 

One:39 

Two:32 

Three:14 

Six:7 

Seven:2 

Eight:14 

Nine:12 

HamzaAboveAlifBroken:64 

TildAboveAlif:10 

HamzaUnderAlif:94 

TaaaClosed:526 

HamzaAboveWaaw:20 

AlifBroken:109 



Zaay:171 

Siin:434 

Shiin:239 

Saad:249 

Daad:115 

Thaaa:29 

Taa:186 

Ayn:645 

Ghayn:66 

Laam:1758 

Faa:505 

Gaaf:372 

Kaaf:454 

TWOPOINTS:10 

POINT:15 

DASH:69 

COMMA:21 

PERCENTAGE:8 

Four:10 

Five:39 

HamzaAboveAlif:252 

Laam_TildAboveAlif:5 

Laam_HamzaAboveAlif:79 

Laam_HamzaUnderAlif:26 

Laam_Alif:174 

SPACE:2728 

*INTERPOINT:0 

*EXCLPOINT:0 

*UNDERSCORE:0 

*SLASH:0 

 

Table 2: Set of ALIF characters (without position constraints), *: listed to comply with ALIF Dataset character encoding 

The difficulty of the manual selection of the position of each bounding box depended 

essentially on the size of the text and its font. In this initial work, we investigated only the horizontal 

texts. In a future version, logos and rotated texts will be taken into account. The initial texts that were 

chosen to be labelled varied in terms of height and width, in both Figure 6Error! Reference source 

not found. and Figure 7, where the distribution of the collected text areas (size of the bounding box 

of each text sentence within the image), are shown.  

 

  

Figure 6, Height Histogram, Min: 17, Max: 452 Figure 7, Width histogram, Min: 27, Max: 1758 



A better representation of the character distribution of our collected Arabic KSU OCR dataset 

is presented in Figure 8. 

 

Figure 8, Histogram of the character distribution of the Arabic KSU-OCR 

 We need also to investigate in a more uniform set of text images, in order to have a better 

model trained on an evenly distributed set of Arabic characters .For example  the character Alif and 

the Space are the most dominant characters in our dataset (this is the same in ALIF dataset). Adding 

also numbers might be a very interesting approach as many plates and road signs have numbers and 

can contribute to better understanding of the video content. 

 KSU-OCR dataset Labeling Methodology  
In order to improve the data collection procedure on our KSU–OCR dataset, we investigated 

further in splitting the video texts of the dataset into different sentence images, this approach might 
be useful when a text detector is introduced at the frame level to detect probable text areas, and send 
them as separate bounding boxes to be recognized into successive letters words. 

Each video of the KSU-OCR dataset has been split into frames, each frame split into areas of 
texts, then each area of text split into boundary boxes for letters. The annotations were made by the 
labelMe website, and the results of each frame saved as a separate xml file. The content of a sample 
XML is presented in Figure 9. 



 

 

 

 

 

 

 

Figure 9, Sample of the Arabic KSU-OCR Dataset annotation 

2.3.4. Future Work on KSU-OCR 

We are exploring generating Arabic text data synthetically, by superposing Arabic texts over 

diverse backgrounds, and generating images with their respective bounding boxes. This approach can 

be a complementary method to balance the dataset and enhance the control over the text fonts, text 

sizes and orientation.  

3. Experimental Results 

3.1 Training the proposed system using the ALIF dataset 
As mentioned earlier, ALIF text images have limited height, which can be a benefit while 

training but a handicap for testing on large texts. This point will be taken into account when we will 

make our own dataset. 

In the initial training of our model, we used a fixed image size of (64×512) for the deep neural 

network. Due to the small size of the database, we used a pertained weight to initialize the weights of 

the backbone network detector. Then, we trained the model for 10k iterations. Figure 10 shows the 

training loss using ALIF database. The mean average precision is presented for the testing set.  

The performance of the proposed system after 10K iterations is presented in Table 3. We can 

notice that the system still needs enhancement. 
Table 3: System performance after 10K iterations 



Precision 75 % 

Recall 90 % 

F1-score 82 % 

mAP@0.50 7.44 % 

 

 

Figure 10. Loss and mAP of ALIF training model 

3.2  Character detection and recognition Results on ALIF tests 

In order to compare our work to state of the art works on the ALIF dataset, we improved the 

models and added varied augmentation schemes to have a variety of images, including saturation hue, 

blurring, etc…We also used an additional approach of multi-labelling, where a character is detected 

by its variant word positions, at Start, Isolated Middle or End position, as this information is also 

provided in the ALIF dataset.  

3.2.1 Single label  

In this set of experiments, there were 57 labels selected from 60 original labels of the ALIF 

dataset, the decrease in labels was based on the number of occurrences in the training dataset since 

some labels had an appearance of less than 10 occurrences in the text images histogram, and hence 

were discarded. After repeated sessions of training and parameter tuning, the initial results are 

presented in Table 4. The results are very interesting, as accuracies surpassed the original accuracies 

of the ALIF paper.   

 

mailto:mAP@0.50


 

Table 4: ALIF dataset initial results using single label : 57 classes 

Test Results 

ALIF_test1 SENT: %Correct=45.05 [H=405, S=494, N=899] 

WORD: %Corr=94.38, Acc=93.80 [H=13371, D=692, S=104, I=82, N=14167] 

ALIF_test2 SENT: %Correct=37.67 [H=486, S=804, N=1290] 

WORD: %Corr=91.65, Acc=90.93 [H=17746, D=1378, S=239, I=140, N=19363] 

ALIF_test3 SENT: %Correct=2.85 [H=29, S=987, N=1016] 

WORD: %Corr=71.72, Acc=69.07 [H=9624, D=2676, S=1119, I=355, N=13419] 

 

3.2.2 Multi Label   

In this set of experiments, there were 62 labels, including position information of each 

character as a second label for our network. Results of the multi label network are shown in Table 5. 

Table 5: ALIF dataset initial results using Multi- label : 62 classes 

Test Results 

ALIF_test1 SENT: %Correct=43.51 [H=392, S=509, N=901] 

WORD: %Corr=94.02, Acc=92.24 [H=26603, D=1450, S=243, I=504, N=28296] 

ALIF_test2 SENT: %Correct=36.85 [H=479, S=821, N=1300] 

WORD: %Corr=91.89, Acc=89.78 [H=35600, D=2615, S=529, I=817, N=38744] 

ALIF_test3 SENT: %Correct=3.42 [H=35, S=987, N=1022] 

WORD: %Corr=76.16, Acc=70.65 [H=20444, D=4326, S=2074, I=1478, N=26844] 

The Multi Label results are also very interesting, as our proposed system can detect the 

character and its position in the word. This is very encouraging, as the system self-detect boundary 

boxes, and the order of appearance of the characters. 

In Table 6, we show some testing samples of the proposed model. We can clearly see that this 

model recognized and detected the Arabic text with very high accuracy.  

 

 

 

 

 

 

 

 

 



Table 6: ALIF result samples 

Input image Output image Prediction 

  
Character Score 

Alif 100% 

Laam 100% 

Siin 100% 

Ayn 100% 

Waaw 100% 

Daal 100% 

Yaa 100% 

TaaaClosed 100% 

  
 

  
Character Score 

Alif 100% 

Laam 100% 

Gaaf 96% 

Alif 100% 

Haa 93% 

Raa 100% 

TaaaClosed 100% 
 

 

3.3 Training the proposed system using KSU database 

In order to have a training dataset for the Arabic OCR, as realistic as possible, i.e. similar to daily 

videos from the YouTube or any other video provider, we selected the size of (640×640) as input 

image to our network, where text can be at any position, contrary to ALIF where the text is surely 

within the small text images. With this constraint, we are forcing our network to automatically detect 

the texts within the big images, then convert the localized text image as a sequence of characters. 

With this new size constraint, the training took longer time compared to the ALIF database.  

Therefore, we trained the system only for 2K iterations to investigate the performance of the proposed 

model in large images. The performance after 2K iterations is presented in Table 7. We note that the 

system is in its early stages, and that the system needs further enhancement.  

 

 



Table 7: System performance after 2K iterations. 

Precision 57 % 

Recall 66 % 

F1-score 61 % 

mAP@0.50 55.71 % 

3.4 Initial Results on the KSU database (Arabic-OCR) 
Herein, we show the example of testing the proposed model using our database. We can clearly 

see that the model has recognized and detected the Arabic text with good accuracy. A very interesting 

point is that the system can differentiate between English and Arabic text as shown in Table 8.   
Table 8 : Arabic-OCR  result sample. 

Input image Output Image 

 

 

Predictions 

 

Character Score Character Score Character Score 

jiim: 95% laam: 71% hamzaunderalif 27% 

alif: 97% laam: 96% baa: 85% 

baa: 47% miim: 37% ghayn: 43% 

laam: 83% haaa: 66% xaa: 54% 

baa: 99% miim: 96% daad: 100% 

space: 80% laam: 75% alif: 94% 

space: 71% space: 99% ayn: 99% 

  taaaclosed: 94% 
 

 



Figure 11 shows other examples of the output of the detection and extraction process of our 

proposed model (using KSU OCR database). From the results, we can clearly notice that the proposed 

system is encouraging but still needs more enhancements. In addition, post-processing step may be 

used to remove duplicate detections. We anticipate that these improvements will increase the system 

performance.   

 

 

 

  

 

Figure 11: Another example of the detected results. 
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1. Introduction  

This document reports the progress of Phase#3 (learning a semantic representation for 

Arabic). In the first year plan, phase#3 included two main objectives:  “Arabic text data collection 

and preprocessing” (phase#3.1) and starting with “Arab word vectors estimation” (phase#3.2).  

In order to accomplish phase#3.1, we first conducted a comprehensive survey of 33 Arabic 

corpora to help researchers understand the progress of Arabic corpora and the current limitations of 

Saudi Dialect corpora. Second, we intensively collected text from different sources and diverse 

domains that contains over 1.2B words. During the collection process, pre-exiting corpora, 

Facebook, YouTube, and Twitter as well as other websites were used to collect text discussing recent 

events. Thirds, we built a new incremental preprocessing system to create Saudi Dialect lexicons 

and use them to clean and normalize the text. Fourth, we accomplished the targeted KPI by building 

a contemporary linguistic corpus for the Saudi language, which is named the KSUSC corpus. To our 

knowledge, this corpus is the newest and largest Saudi Dialect corpora to date, with +1B words, 

+161M sentences, and +14M unique words, covering 26 different domains. Moreover, the collection 

process for building the KSUSC is discussed in details, and the challenges in collecting SD text with 

respect to each platform are highlighted in secion2.  

When it comes to phase#3.2, it was found that new models and representation have emerged 

recently and, particularly, sentence embeddings (BERT-Like models) outperformed the word vector 

estimation. BERT-Like models are generally self-supervised machine learning techniques that make 

use of the huge amounts of unlabeled text data available on the internet. Thus, we first surveyed 

BERT-Like models to help researchers understand these models and how they can improve the 

semantic representation of Dialect text. Second, we have empirically tested the most powerful 

BERT-Like models with different datasets over semantic sentence similarity search task. Third, we 

conducted another empirical test to evaluate different BERT-Like models on a dataset of Arabic 

pairs of sentences. From the preliminary results, it was possible to conclude that SBERT-paraphrase 

model had the best performance and, thus, further test will be conducted in the future to generate a 

sentence embeddings model for Saudi dialect. 
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The remaining of this report will report the details of phase#3.1 contribution. Then, 

phase#3.2 details and experiment results will be presented. Finally, the report will be concluded and 

future plan and research direction will be presented at the end.  

2. Phase 3.1: Arabic Test Data Collection and Pre-Processing  

Language corpus is a term used to describe a collection of texts written in one or more 

languages [1]. It is considered one of the most important sources of data in different areas, including 

information retrieval (IR), natural language processing (NLP), and computational linguistics (CL). 

This is because it can represent the written language and, hence, be used to process opinions and 

implement related applications. Compared to English corpora, Arabic corpora are poorly resourced 

and lack sufficient research and data, which negatively affects Arabic-based NLP practitioners [2]. 

The Arabic language is the mother language of Arab countries and one of the six official 

languages of the United Nations (UN) [3]. There are three main versions of the Arabic language: 

Classical Arabic (CA), Modern Standard Arabic (MSA), and Dialect Arabic (DA). CA is the official 

language used in the Quran and during the medieval period, MSA is the official language used in 

the modern period and by news outlets, and DA is the spoken language that is used in daily life and 

differs from one country/city to another. Moreover, there are many subcategories under these Arabic 

languages, and thus, Arabic is considered to be highly inflectional and to have a very complex 

morphology [4]. Therefore, the development of large Arabic corpora has been the focus of many 

researchers in recent years. However, most of these developments have focused on CA and MSA 

rather than DA; thus, Arabic NLP solutions perform poorly with DA data [5].  

In DA, also known as colloquial language, one lemma can have hundreds of surface forms, 

and thus, it is a morphologically rich language [6]. DA differs from MSA syntactically, 

morphologically, and phonologically and does not have standard orthographies [7]. As emphasized 

in the literature [8], it is nearly impossible to have one NLP solution that can process all variations 

of Arabic. It is also important to have a corpus that reflects the current use of language [9], and thus, 

new terms that reflect recent events around the world (such as the COVID-19 pandemic and the 

Saudi Vision 2030 framework) must be incorporated into corpora. 
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Although MSA used to be considered the dominant written language, due to the social media 

platforms emerging around the world, DA has become more frequently written than MSA [10]. 

Moreover, Saudis are considered some of the most active users of social media. It was reported by 

Alruily [4] that there are more than 11 million Arabic accounts in Twitter, with 27.4 million tweets 

being published a day; Saudi Arabia has the most active users, with 30% of these tweets. In [11], 

61% of the 175M Arabic tweets considered were found to be from Saudi Arabia. 

Thus, this section focuses on Saudi Dialect (SD) and highlight the current challenges of SD 

corpora. In particular, it presents a new system designed to build a Saudi Dialect Corpus named KSU 

Saudi Corpus (KSUSC). The system proposed is designed to incrementally create two types of 

lexicons to identify common ASCII and unwanted symbols. These lexicons will be used to clean 

MSA and SD text from different resources and platforms and then validate the data to eliminate 

irrelevant characters or incomplete text. The incremental process introduced in this system allows it 

to be scaled to other languages in DA. 

This section is organized as follows. First, the literature review of relevant tools and corpora 

is presented. Second, the collection process is described and the details of the collected resources 

are also summarized. Third, the architecture of the proposed system is presented and simple 

examples are illustrated. Finally, the statistics of the built corpus are presented and discussed to 

finally conclude the report at the end.   

2.1 Literature Review 

 In this section, Arabic corpora and preprocessing tools available in the literature are 

discussed and compared to motivate the contribution of this phase. 

2.1.1 Existing Arabic Corpus 

⮚ PATB (MSA) [12] The Penn Arabic Treebank (PATB) corpus began in the fall of 2001 and has 

had three full releases of morphologically and syntactically annotated data: (1) the Arabic 

Treebank: Part 1, which consists of 166K words of written MSA newswire from the Agence 

France Presse corpus; (2) the Arabic Treebank: Part 2, which consists of 144K words from Al-

Hayat distributed by Ummah Arabic News Text; and (3) the Arabic Treebank: Part 3, which 

consists of 350K words of morphologically annotated newswire text from An-Nahar. 
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⮚ Gumar (Gulf Arabic Dialect) [13] Gumar Corpus is a large-scale corpus of Gulf Arabic (GA) that 

includes a number of sub-dialects in the six countries of the Gulf Cooperation Council: Bahrain 

(BH), Kuwait (KW), Oman (OM), UAE, Qatar (QA), and Saudi Arabia (SA). It’s present 

preliminary results on GA morphological annotation. Building a morphologically annotated GA 

corpus is a first step towards developing NLP applications, for searching, retrieving, machine-

translating, and spell- checking GA text among other applications. the Gumar Corpus, a large-

scale corpus of Gulf Arabic consisting of 110 million words from 1,200 forum novels, the corpus 

annotated for sub-dialect information at the document level, it presents results of a preliminary 

study in the morphological annotation of Gulf Arabic which includes developing guidelines for 

a conventional orthography. The text of the corpus is publicly available through a web interface. 

The Gumar Corpus is a morphologically annotated Gulf Arabic (GA) corpus. In its current state, 

the corpus contains more than 112 million words that spans over 1,200 documents. Its content is 

collected from online novels, where it has 60.52% SA, 13.35% EA, 5.91% KW, 1.13% OM, 

0.65% QA, and 0.49% BH. Moreover, there is around 10% that is identified as GA (other) which 

are the cases of a novel containing a combination of several GA dialects that is due to multiple 

writers with different dialects or due to the existence of different characters in the novel. It was 

sometimes hard to differentiate through the text between the three dialects of OM, QA and AE 

even with a native speaker annotating, hence these cases we marked as GA (other) also. The rest 

of the corpus (7.93%) is mostly MSA and other DA such as Egyptian, Iraqi, Levantine, ... etc.  

⮚ Gumar Emirati (Emirati dialect) [14] The first large-scale morphologically manually annotated 

corpus of Emirati Arabic. This corpus includes about 200,000 words selected from eight Gumar 

corpus novels in the Emirati Arabic variety. The selected texts are being annotated for 

tokenization, part-of-speech, lemmatization, English glosses and dialect identification. It defines 

to be the native spoken variety in the Gulf Cooperation Council, is still lagging behind other 

Arabic dialects with respect to resource and tool creation, given the considerable amount of 

Dialect content online. 

⮚ Curras (Palestinian Dialect) [15] The first morphologically annotated corpus of the Palestinian 

Arabic dialect. Palestinian Arabic is one of the many primarily spoken dialects of the Arabic 

language. Arabic dialects are generally under-resourced compared to Modern Standard Arabic, 
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the primarily written and official form of Arabic, it consists around 43,000 words. The corpus 

data was collected from variety of resources (Facebook, Twitter, Blogs, Forums, Palestinian 

stories, Palestinian terms, TV Shows). 

⮚ YADAC (Egyptian Arabic) [16] It’s another Dialect Arabic Corpus is a multi-genre Dialect Arabic 

corpus – that is compiled using Web data from microblogs (i.e. Twitter), blogs/forums and online 

knowledge market services in which both questions and answers are user-generated. 15M search 

queries are randomly selected and used to crawl the Web over a period of 7 months – May 2011 

to November 2011. After applying the threshold model of dialect identification, the total size of 

YADAC is 6M wordform tokens and 457K wordform types. It is distributed as 41% from online 

knowledge market services, 32% from microblogs and 27% from blogs and forums. 

⮚ COLABA (Egyptian, Iraqi, Levantine, and Moroccan) [17] Cross Lingual Arabic Blog Alerts 

(COLABA) is a large effort to create resources and processing tools for Dialect Arabic Blogs. It 

is an initiative to process Arabic social media data such as blogs, discussion forums, chats, etc. 

Given that the language of such social media is typically DA, one of the main objective of 

COLABA is to illustrate the significant impact of the use of dedicated resources for the 

processing of DA on NLP applications. Accordingly, Information Retrieval (IR) was chosen as 

the main testbed application to process DA. 

⮚ Arabic corpus for Egyptian tweets (Twitter-based Egyptian Arabic) [18] This is an Arabic corpus 

for Egyptian tweets and it covered a blend of different general topics discussed on Twitter. The 

corpus contains 22,834 tweets complied over the period from May 2011 to December 2011. It 

is a subset of the microblog portion of YADAC. This corpus uses a function-based annotation 

scheme in which words are labeled based on their grammatical functions rather than their 

morpho-syntactic structures given that these two do not necessarily map. While a standard 

morpho-syntactic scheme makes comparisons with other work easier. 

⮚ Multi-Dialectal Corpus of Arabic (Arabic Dialects) [11] a multi-dialectal corpus of Arabic is 

based on the geographical information of tweets for classification. The information was 

collected based on the user locations around Arab countries, and extracted tweets that have 

Dialect word(s). A total of 175 million tweets were collected in March 2014. By excluding 
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tweets with non-deterministic user locations, a 62M tweets that have deterministic mappings 

between user locations and Arab countries were retained. Furthermore, these tweets were 

filtered based on dialectal words to extract a 6.5M tweets (i.e. 3.7% of the original tweets); in 

which 3.99M (61%) were from SA, 880K (13%) from EG, 707K (11%) from KW, 302K (5%) 

from AE, 65k (2%) from QA, and the remaining (8%) from other countries such as Morocco 

and Sudan. 

⮚ AraSenTi-Tweet (Saudi Dialect) [6] A Corpus for Arabic Sentiment Analysis of Saudi Tweets. 

The corpus consists mainly of tweets written in MSA and the Saudi dialect. It contained around 

2.2 million tweets and was used to generate an Arabic corpus of tweets. A corpus of Saudi 

tweets was extracted from the datasets and has reached 17,573 tweets The corpus was manually 

annotated for sentiment and labelled with four labels for sentiment: positive, negative, neutral 

and mixed. Baseline experiments were conducted to provide benchmark results for future work. 

⮚ SANA (Arabic Dialects) [19] is a large-scale, multi-genre, multi-dialect multilingual lexicon for the 

subjectivity and sentiment analysis of the Arabic language and dialects. Language use varies 

across genres and SANA caters for that fact by encompassing lexica derived from four main 

genres: Online newswire, chat turns, Twitter tweets, and YouTube comments. In addition to 

Modern Standard Arabic (MSA), where most NLP efforts have been focused for the past few 

years, SANA also covers both Egyptian Dialectal Arabic (EDA) and Levantine Dialectal Arabic 

(LDA), along with providing English glosses.  

⮚ TunDiaWN (Tunisian Dialect) [20] A corpus-based approach to create WordNet resource for 

Tunisian dialect, which deviates from the strategies commonly adopted. Tunisian dialect (TD) 

textual data collect consists in producing MultiTD corpus (Multi-source Tunisian dialect corpus) 

which gathers TD texts from many sources: social networks (Twitter, Facebook, etc.), written 

pieces of theater, dictionaries, transcriptions of spontaneous speech, etc. 

⮚ AWATIF (MSA) [21] is a multi-genre corpus of MSA labeled for subjectivity and sentiment 

analysis (SSA) at the sentence level. This corpus is labeled using both regular and crowd 

sourcing methods under three different conditions with two types of annotation guidelines. The 

data was collected from three different sources: (1) 2855 sentences were collected and labeled 
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from Part 1 V 3.0 (ATB1V3) of the Penn Arabic TreeBank (PATB); (2) 1019 sentences were 

harvested and labeled from 30 Wikipedia Talk Pages (WTP); (3) 1508 sentences were crawled 

and labeled from web forum (WF) that comprises 2532 threaded conversations from 7 WFs. 

AWATIF is expected to help bridge a gap in research that it can be exploited for building genre-

nuanced SSA systems for Arabic. It is also expected to help uncover how a MRL like Arabic 

can be handled in the context of social meaning extraction tasks like that of SSA. 

⮚ Saudi Twitter Corpus (Saudi Dialect) [22] Saudi Twitter Corpus for Sentiment Analysis is 

partially bridges this gap due to its focus on one of the Arabic dialects which is the Saudi dialect. 

This corpus presents annotated data set of 4700 for Saudi dialect sentiment analysis. The purpose 

of this work is to present the first Saudi annotated corpus. This will be achieved by reporting a 

procedure of manual corpus annotation. This corpus includes data from Twitter and covers 

several domains such as sport, economy, and politics. The intention of this corpus is to create 

the first reliably annotated Twitter data for the Saudi dialect which will be subsequently released 

to the LREC community as part of this submission. 

⮚ MD-ArSenTD (Egypt and the United Arab Emirates) [23] The Multi-Dialect Arabic Sentiment Twitter 

Dataset is composed of tweets collected from 12 Arab countries (KW, SA, QA, UAE, Jordan, 

Lebanon, Palestine, Syria, Algeria, Morocco, Tunisia, Egypt) and annotated for sentiment and 

dialect. The Twitter4J API [24] was used to collect 470K tweets, starting from 3/1/2017 

until4/30/2017. Then, the target size of the MD-ArSenTD was set to 14,400 tweets and, thus, 

1200 tweets were selected and annotated for each country. This dataset will help the Arabic NLP 

research community understand the specificities of Arabic tweets by providing insights into 

Twitter’s topics, dialects and writing styles in the different Arab countries. The implementation 

was only performed on tweets from Egypt and the United Arab Emirates (UAE), with the aim 

of discovering distinctive features that may facilitate sentiment analysis. These models are based 

on feature engineering and deep learning, and have already achieved state-of-the-art accuracies 

in English sentiment analysis. Results indicate the superior performance of deep learning models, 

the importance of morphological features in Arabic NLP, and that handling dialectal Arabic leads 

to different outcomes depending on the country from which the tweets are collected. 
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⮚ SANAD (Arabic Corpus) [25] A large Single-labeled Arabic News Articles Dataset (SANAD) of 

textual data collected from three news portals. The dataset is a large one consisting of almost 

200k articles distributed into seven categories that are offered to the research community on 

Arabic computational linguistics. SANAD is composed of three main datasets scraped from three 

news portals, which are AlKhaleej, AlArabiya, and Akhbarona. It is made public and freely 

available online.  

⮚ KACST (Arabic Corpus) [2] It is the King Abdulaziz City for Science and Technology (KACST) 

Arabic corpus, which was designed and created to overcome the limitations of existing Arabic 

corpora. The design of the distribution of the corpus materials across all time periods, mediums, 

domains, and topics is influenced by the information and knowledge production available across 

those time periods as well as the available text mediums. The main source of the KACST Arabic 

Corpus texts is the Internet. Several Arabic web sites provide free-to-download, machine 

readable format texts covering numerous mediums. The corpus texts have been collected from 

numerous sources and contains more than 731 million words from 869,800 texts. The main 

purpose of the KACST Arabic Corpus project is to develop a free access, KACST Arabic corpus 

design and construction large-sized, and sufficiently diverse Arabic corpus to represent the many 

varieties of Arabic language across three main dimensions: time, region, and genre. Such a 

corpus could be used for different research interests, beginning with linguistic studies at various 

levels and extending to the development of NLP applications. 

⮚ 1.5 Billion Arabic Corpus (Arabic Corpus) [26] A contemporary linguistic corpus for Arabic 

language that includes more than five million newspaper articles. It has over five million articles 

from ten news sources. The total number of words exceeds 1.5 billion words, and the total 

number of unique words exceeds 3.3 million words. The data were collected from newspaper 

articles in ten major news sources from eight Arabic countries, over a period of fourteen years. 

It should be noted that the news websites crawling was done between December 2013 and June 

2014. The main purpose for creating this corpus, is to have a free tool for Arabic language 

available for researcher. It is made specifically for work in the field of information retrieval, or 

natural language processing. The corpus is not limited to one subject. It is multi-topic news 

corpus covering Politics, literature, arts, technology, sports, economy, culture, and many other 
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subject matters. It is also, a good representation of Arabic language. It covers a period of fourteen 

years and eight countries. These countries have a very large portion of Arabic native speakers. 

Finally, all ten sources used in creating the corpus are well represented. 

⮚ Arabic Text Corpus (Arabic Corpus) [27] An Arabic text corpus for Arabic variety detection which 

includes more than 233.000 words built from three varied sources of Arabic language: Quranic 

text, Classical Arabic text, and Modern Arabic text. The Arabic Quranic text has been 

downloaded from the Tanzil project web site. It is one of the most important Quranic text 

verification projects. The modern Arabic fragments have been taken from Corpus of 

Contemporary Arabic. The corpus consists of 1,500,000 words split into 14 classes: 

autobiography, children stories, computer, economics, education, health, interview, politics, 

religion, sciences, short stories, sociology, sports, and tourism. It is an open source corpus 

developed at Leeds University by Latifa el Sulaiti. The classical Arabic text has been extracted 

from InAra Arabic corpus. Even if it is designated for intrinsic plagiarism detection but the 

majority of its content is ancient Arabic files. Ancient Arabic files have been selected manually. 

Files taken from the original corpus are classified into 8 classes: religion, geography, and travel, 

history, sociology, literature, philosophy, and science. This corpus will be freely available online 

for researchers soon and any comments from researchers are welcome for future improvements 

to meet their needs for deeper research on Arabic texts and its different varieties. 

⮚ JCCA Corpus (Arabic Corpus) [9] The Jordan Comprehensive Contemporary Arabic Corpus is a 

100-million-word corpus that is balanced, annotated, comprehensive, and representative of 

contemporary Arabic as written and spoken in Arab countries today. This corpus contains 

slightly more than 100-million words of the same text types, domains, and genres. The corpus 

contains 87% of texts from written sources and 13% of transcribed spoken language. The written 

part includes texts from Applied Sciences, Arts, Belief and Thought, Commerce and Finance, 

Imaginative works, Leisure, Natural and Pure Sciences, Social Sciences, and World Affairs. The 

spoken sub-corpus includes transcripts of Spontaneous Conversations (4.2%) and Context-

Governed Spoken Language (6.2%) from the categories of Educational/Informative, Business, 

Public/Institutional, and Leisure. The corpus was automatically annotated both morphologically 

and syntactically. A sample of one million words was manually and semi-manually verified; it 
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was additionally annotated for sentiment and glossed in English. DIWAN was used to annotate 

a one-million-word snapshot of the corpus. DIWAN is a dialectal word annotation tool, but we 

upgraded it by adding a new tag-set that is based on traditional Arabic grammar and by adding 

the roots and morphological patterns of nouns and verbs. 

⮚ KSUCCA (Arabic Corpus) [28] The King Saud University Corpus of Classical Arabic (KSUCCA) is 

a classical Arabic corpus that consists of around 50 million words. The corpus includes texts of 

six genres, namely religion, linguistics, literature, science, sociology, and biography. The main 

purpose of KSUCCA was to be used for studying the distributional lexical semantics of words 

in the holy Quran. It is part of ongoing research that attempts to study the meanings of words 

used in the holy Quran, through analysis of their distributional semantics in contemporaneous 

texts. 

⮚ BRAD (MSA and Dialects Corpus) [29] Book Reviews in Arabic Dataset (BRAD) is a corpus used for 

sentiment analysis and machine language applications. It comprises of almost 510,600 book 

records collected from GoodReads application. BRAD’s 510,598 Arabic-reviews are made for 

4993 books (authored by 2043 writers) contributed by 76530 users. It should be noted that the 

dataset has reviews expressed in Modern Arabic Standard (MSA) as well as dialects. Each record 

corresponds for a single review and has the review in Arabic language with a total of around 

2,781,805 sentences. The balanced clean subset contains 156,506 reviews. Each review is 

annotated with a scale from 1 to 5. 

⮚ OSAC (MSA) [30] Open Source Arabic Corpora (OSAC) is a free accessible Arabic corpus that 

contains about 18M words and about 0.5M district keywords after stopwords removal. It was 

collected from multiple websites to includes 22,429 text documents. Each text document belongs 

to 1 of 10 categories (Economics, History, Entertainments, Education & Family, Religious and 

Fatwas, Sports, Heath, Astronomy, Low, Stories, Cooking Recipes). This corpus has been used 

to address the impact of text preprocessing on the Arabic text classification. 

⮚ Tashkeela (Arabic Corpus) [31] A corpus collected from freely published texts in ancients books, 

these books had been rewritten and vocalized by volunteers manually, to ensure that words are 

vocalized. This corpus can be used as a linguistic resource tool for natural language processing 
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such as automatic diacritics systems, dis-ambiguity mechanism, features and data extraction. It 

is a collection of Arabic vocalized texts, that is freely available, and covers modern and classical 

Arabic language. The Data contains over 75 million of fully vocalized words obtained from 97 

books, structured in text files. The corpus is collected mostly from Islamic classical books, and 

using semi-automatic web crawling process. The Modern Standard Arabic texts crawled from 

the Internet represent 1.15% of the corpus, about 867,913 words, while the most part is collected 

from Shamela Library, which represent 98.85%, with 74,762,008 words contained in 97 books. 

⮚ ANT Corpus (MSA) [32] An online Arabic corpus of news articles (ANT Corpus) is collected 

from RSS Feeds. Each document represents an article structured in the standard XML TREC 

format. This Corpus can be used for Text Classification to assign to each article its accurate 

predefined category. Documents were collected from a Tunisian news website, “Jawhara-FM”, 

which is updated daily. It contains about 10,000 articles from 9 categories, including +865,500 

word in which around 144 word is per article. Each document is described by meta-data 

including its identifier, the publishing date, the document’s title, the access link, the source, the 

author, the abstract, the main text and the category which is considered as the document’s class. 

⮚ OPUS (Multilingual Corpus) [33] A growing language resource of parallel corpora and related tools. 

The focus in OPUS is to provide freely available data sets in various formats together with basic 

annotation to be useful for applications in computational linguistics, translation studies and 

cross-linguistic corpus studies. This corpus was compiled as additional data sets on a large scale 

in order to provide data for many other, often under-resourced languages and domains. The 

overall goal of the OPUS project is to make parallel resources freely available, especially 

emphasizing the support of low density languages. The largest domains covered by OPUS are 

legislative and administrative texts (mostly from the European Union and associated 

institutions), translated movie subtitles and localization data from open-source software projects. 

There is also a substantial amount of newspaper texts and some other smaller collections from 

various on-line sources. OPUS has been extended by several large collections; such as TED [33] 

which is a parallel corpus of  TED talk subtitles provided by CASMACAT1. The files are 

 

1 http://www.casmacat.eu/corpus/ted2013.html 

http://www.casmacat.eu/corpus/ted2013.html
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originally provided by the Web Inventory of Transcribed and Translated Talks2 and contains 15 

languages and a total number of 3.81M sentence fragments. Another example is MultiUN [34], 

which is a collection of translated documents from the United Nations with 6 languages and a 

total number of 81.41M sentence fragments. One last, and mostly known dataset is OpenSubtitles 

[35], which is a collection of translated movie subtitles from http://www.opensubtitles.org/. This 

is a slightly cleaner version of the subtitle collection using improved sentence alignment and 

better language checking with a 62 languages and a total of 3.35G number of sentence fragments. 

⮚ HARD (Arabic and Dialectal Corpus) [36] Hotel Arabic-Reviews Dataset (HARD) is one of the largest 

Book Reviews in Arabic Dataset for subjective sentiment analysis and machine language 

applications. It adds to the large dataset BRAD, and comprises of 490,587 hotel reviews. The 

dataset is a collection of Arabic reviews compiled from Booking.com; a website that specializes 

in online accommodation booking. Collected reviews are structured as follows: A rating out of 

10 of the accommodation, a title of the review, a positive aspect(s) of the accommodation, a 

negative aspect(s) of the accommodation, the reviewer’s username, and country of residence. 

Reviews are available in many languages, including MSA, and can be filtered to the user’s 

preference. However, the majority of the dialectal reviews are in Gulf dialects. The data was 

collected and originally organized in the following columns: Hotel name, rate (reviewer’s rating 

out of 10), user type (family, single, couple), room type, nights (number of nights stayed), review 

title, positive review, negative review. The main objective was to make HARD datasets publicly 

available and perceived as benchmark in the field of Arabic computing.  

⮚ Habibi (Arabic and Dialectal Corpus)  [37] An open-source Arabic song lyrics dataset from 18 different 

Arab countries. Habibi corpus comprises of more than 30,000 Arabic songs’ lyrics in 6 Arabic 

dialects for singers from 18 different Arabic countries (Egypt, SA, Lebanon, Iraq, Sudan, KW, 

Syria, UAE, Morocco, Tunisia, Yamen, Jordan, QA, Bahrain, Algeria, Oman, Palestine, Libya). 

These songs are segmented into more than 500,000 sentences (song verses) with more than 3.5 

million words that are free from spam words, ads, hashtags or emojis resulting in a clean and 

noise-free dataset. The resource provides a rich and diverse venue for researchers working on 

 

2 https://wit3.fbk.eu 

http://www.opensubtitles.org/
https://wit3.fbk.eu/
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Dialects Identifications and Authorship Attribution, and available under License Creative 

Commons Attribution-NonCommercial 

⮚ Arabic Sentiment Analysis Dataset  (Saudi dialect) [38] A dataset built from tweets discussing 

several social issues in Saudi Arabia. These issues include changes that were implemented by 

the country as part of a newly established vision, known as Saudi Arabia Vision 2030. The 

constructed dataset was manually annotated according to the sentiment conveyed in the text. To 

achieve the best sentiment classification accuracy, several procedures were implemented within 

the proposed framework including light stemming, feature extraction, parameter optimization 

and feature-set reduction. This corpus was available for download3 and contained 15,149 words. 

⮚  SUAR (Saudi dialect) [10] The corpus SUAR (SaUdi corpus for NLP Applications and Resources) 

consists of 104,079 words collected from different online resources (Blogs, Forum, Instagram, 

Twitter, WhatsApp, YouTube). The corpus was automatically annotated using the MADAMIRA 

tool, after which it was manually inspected to validate the resulting analysis. And this corpus 

conducts a pilot study to explore possible directions to facilitate the morphological annotation of 

the Saudi corpus. 

⮚ MADAR (Arabic Dialects) [39] The Multi Arabic Dialect Applications and Resources (MADAR) 

is the first is a large parallel corpus of 25 Arabic city dialects in the travel domain. The goal of 

MADAR is to create a large number of dialects, a unified framework with common annotation 

guidelines and decisions, and targeting applications of Dialect Identification (DID) and Machine 

Translation (MT). The MADAR Corpus is a collection of parallel sentences covering the dialects 

of different cities from the Arab Regions (including Aleppo, Alexandria, Algiers, Amman, 

Aswan, Baghdad, Basra, Beirut, Benghazi, Cairo, Damascus, Doha, Fes, Jeddah, Jerusalem, 

Khartoum, Mosul, Muscat, Rabat, Riyadh, Salt, Sanaa, Sfax, Tripoli, and Tunis.), in addition to 

English, French, and MSA. This corpus is created by translating selected sentences from the 

Basic Traveling Expression Corpus (BTEC) [17] in French and English to the different dialects. 

The MADAR Corpus will be made available soon to the research community under a non-

 

3 https://www.kaggle.com/snalyami3/arabic-sentiment-analysis-dataset-ss2030-dataset  
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commercial license. While the Arabic portions of the corpus will be provided but the English 

corpus will not be available due to copy right restrictions. The latest release contains two 

datasets: (1) Corpus-26: a set of 2,000 sentences and translated to all 25 city dialects (each of 

these sentences has 25 corresponding parallel translations), in addition to MSA; (2) Corpus-6: a 

set of 12,000 sentences translated to the dialects of five selected cities: Doha, Beirut, Cairo, 

Tunis, and Rabat, in addition to MSA. 

⮚ Dialectal Saudi Twitter Corpus (Saudi Dialect) [4] This corpus presents a dialectal Saudi corpus 

that contains 207,452 tweets generated by Saudi Twitter users. In addition, a comparison 

between the Saudi tweets dataset, Egyptian Twitter corpus and Arabic top news raw corpus, 

representing MSA in various aspects, such as the differences between formal and colloquial 

texts was carried out. This corpus used Twitter API to compile Twitter users’ tweets for building 

the current corpus. All the tweets were collected in 2017, generated by 101 Saudi users. The 

corpus contains 101 UTF-8 text files and the total number of the tweets is 207,452.  

 
From Table 1, it can be seen that the SD corpus is a domain that needs further contributions 

and that the available Arabic corpora are not enough to cover the gaps. First, MSA language 

dominates most of the large datasets, while SD text is not introduced in many of them. This creates 

an issue because SD differs from MSA syntactically, morphologically, and phonologically [7]; 

especially since people are increasingly using Dialectal Arabic, while MSA is limited to formal 

resources. Regardless of the similarity between the two languages, more SD text needs to be 

collected to allow Arabic NLP models to process such text. 

The second issue in the literature that can be highlighted is that even though there have been 

attempts to collect SD text, these attempts have been limited in size. As summarized in Table 1, SD 

corpora only range from thousands of words to a couple million words. Although 2~3M words might 

sound a large number, it is not enough for NLP tasks that target dialectal language. This is because, 

for example, DS does not have standard orthographies, which makes processing it more challenging 

and thus requires a very large amount of data. 
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Table 1. Existing Arabic Corpus 

Corpus Language Source Description Size Year Accessibility Reuse 

PATB MSA Newswire  

A large-scale annotated Arabic 

corpus based on newswire from 

different countries. 

+ 1.3 M 

words 

2004 

- 

2011 

Commercial Private 

Gumar 
GA  

MSA 
Forum novels 

A morphologically semi-

automatically annotated Gulf 

Arabic (GA) corpus. 

112 M 

words 
2016 Restricted Private 

Gumar 

Emirati 

 

EA  Forum novels 

Morphologically manually 

annotated corpus of Emirati 

Arabic.  

200K 

words 
2019 Restricted Private 

Curras Palestinian  

Facebook 

Twitter 

Blogs 

Forums 

Documents 

TV Shows 

The first morphologically 

annotated corpus of the 

Palestinian Arabic dialect 

43K 

Words 
2016 Public Personal 

YADAC Egyptian  

Twitter 

Blogs 

Forums 

A multi-genre Dialectal Arabic 

corpus that is compiled using 

Web data from microblogs, 

blogs/forums and online 

knowledge market services in 

which both questions and 

answers are user-generated 

6M 

wordform 

tokens 

2012 Not Available   
Not 

Available   

COLABA 

Egyptian 

Iraqi 

Levantine 

Moroccan 

Blog Alerts 

An Arabic corpus that was built 

for NLP resources covering 

four Arabic dialects 

-- 2010 Private Private 

Arabic corpus 

for Egyptian 

tweets  

Egyptian  

 
Twitter  

An Arabic corpus for Egyptian 

tweets of different general 

topics discussed on Twitter 

22,834 

tweets 
2012 Private Private 

Multi-

Dialectal 

Corpus of 

Arabic 

MSA 

Arabic 

Dialectal  

Twitter  

A multi-dialectal corpus 

collected based on Twitter 

geographical information to 

collect a dialectal corpus for 

different Arab countries 

62 M 

tweets 
2014 Private Private 

AraSenTi-

Tweet 

MSA 

Saudi  
Twitter  

A Corpus that is manually 

annotated for Arabic Sentiment 

Analysis of Saudi Tweets 

2.2 M 2017 Private Private 

SANA English  Newswire A large-scale, multi-genre, 224,564 2014 Private Private 
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Corpus Language Source Description Size Year Accessibility Reuse 

Egyptian 

Levantine 

MSA 

chat turns 

Twitter 

YouTube 

multi-dialect multilingual 

lexicon for the subjectivity and 

sentiment analysis of the Arabic 

language and dialects 

entries 

(sentence) 

TunDiaWN Tunisian 

Twitter 

Facebook 

TripAdviser  

Theater 

Dictionaries 

Transcripts 

A corpus to create WordNet 

lexical resource for Tunisian 

dialect language. 

32,848 

words 
2014 Private Private 

AWATIF MSA 

PATB Part1 

Wikipedia Web 

forum 

An MSA multi-genre corpus 

collected from different 

resources and labeled for 

subjectivity and sentiment 

analysis  

5,382 

sentence  
2012 Private Private 

Saudi Twitter 

Corpus 
Saudi  Twitter  

A Saudi tweets corpus that is 

annotated for sentiment 

analysis. 

4,700 

tweets 
2016 Private Private 

MD-ArSenTD 

KW, SA, 

QA, UAE, 

Jordan, 

Lebanon, 

Palestine, 

Syria, 

Algeria, 

Morocco, 

Tunisia, 

Egypt, 

MSA 

Twitter  

The first Multi-Dialect Arabic 

Dataset that is annotated for 

both sentiment and dialects. 

14,400 

tweets 
2017 Private Private 

SANAD MSA News  

A large collection of Arabic 

news articles that can be used in 

different Arabic NLP tasks such 

as Text Classification and Word 

Embedding 

200K 

articles 
2019 Public  Public  

KACST 

Classical 

Arabic 

MSA 

Website 

crawling  

King Abdulaziz City for 

Science and Technology 

(KACST) Arabic corpus 

+731 

million 

words 

2014 Restricted  Private  

1.5 Billion 

Arabic Corpus 

Classical 

Arabic  
Newspapers 

A contemporary linguistic 

corpus for Arabic language 

+1.5 

billion 
2014 Private Private 
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Corpus Language Source Description Size Year Accessibility Reuse 

words 

Arabic text 

corpus 

Classical 

Arabic  

MSA 

Quran 

Contemporary 

Arabic corpus 

InAra Arabic 

corpus 

An Arabic text corpus for 

Arabic variety detection 

1,500,000 

words 
2018 Private Private 

JCCA MSA 

Newspapers 

Books  
Online sources 
 

Jordan Comprehensive 

Contemporary Arabic Corpus 

that is balanced, annotated, 

comprehensive, and 

representative of contemporary 

Arabic as written and spoken in 

Arab countries today 

100 

million 

word 

2019 Private  Private  

KSUCCA 

Classical 

Arabic  

MSA 

Almaktabah 

Alshamilah 

website 

The King Saud University 

Corpus of Classical Arabic  

+50M 

words  
2014 Public  Public  

BRAD 
MSA 

Dialectal  
Book reviews  

Book Reviews in Arabic 

Dataset used for sentiment 

analysis and machine language 

applications 

2,781,805 

sentences 
2016 Public  Public  

OSAC  MSA Websites  A free accessible Arabic corpus 
+18M 

words 
2010 Public  Public  

Tashkeela  

Classical 

Arabic  

MSA 

Ancients books 

Online Libraries 

A corpus collected from freely 

published texts in ancients 

books 

75M 

words 
2017 Public  Public  

ANT Corpus 

 
MSA 

Tunisian news 

website 

An online Arabic corpus of 

news articles that is collected 

from RSS Feeds 

+86500 

words 
2017 Public  Public  

OPUS (TED)  15 language  
TED talk  

subtitles   

A parallel corpus of  TED 

talk subtitles 

3.81M 

sentence 

fragments 

2013 Public  Public  

OPUS 

(MultiUN)  

 

6 languages  Documents 

A collection of translated 

documents from the United 

Nations 

81.41M 

sentence 

fragments 

2010 Public  Public  

OPUS 

(OpenSubtitles) 
62 language  Movie subtitles 

A collection of translated movie 

subtitles from opensubtitles.org 

3.35G  

sentence 

fragments 

2018 

2020 
Public  Public  

HARD  
MSA 

Dialectal  

Booking.com 

website 

Hotel Arabic reviews in Dataset 

for subjective sentiment 

490,587 

reviews 
2016 Public  Public  
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Corpus Language Source Description Size Year Accessibility Reuse 

analysis and machine language 

applications 

Habibi  6 languages  song lyrics 

Arabic Song Lyrics corpus 

from 18 different Arabic 

countries 

+3.5M 

words 
2020 Public  Public  

Arabic 

Sentiment 

Analysis 

Dataset  

Saudi Twitter  

Collection of tweets discussing 

several social issues in Saudi 

Arabia 

15,149 

words 
2020 Public  Public  

SUAR 

 
Saudi  

Blogs 

Forum 

Instagram 

Twitter 

WhatsApp 

YouTube 

SD corpus that is collected from 

multiple online resources and 

automatically annotated with 

manual validation. 

104,079 

words 
2018 Private Restricted 

MADAR 

AD 

English  

French 

MSA 

Traveling 

Expression 

Corpus 

A large parallel corpus that was 

translated from English and 

French travel corpus to a 25 

Arabic city dialects 

+12,000 

sentence  
2018 Restricted Restricted 

Dialectal 

Saudi Twitter 

Corpus 

Saudi  Twitter  

A dialectal Saudi corpus that 

was generated by 101 Saudi 

users. 

207,452 

tweets 
2017 Public Public 

 

The third limitation of the current SD corpora is the lack of diversity. As shown in Table 1, 

corpora that include SD language are usually collected from one source (mostly Twitter); only 

SUAR introduced corpora that include SD language are usually collected from one source (mostly 

Twitter); only SUAR introduced different sources, yet it only includes 104,079 words. Although 

Twitter can be a rich source of data, it can show only one social aspect of the community. YouTube 

and websites are as frequently used as Twitter, and they can show different aspects, especially when 

targeting resources with diverse titles and topics. 

In conclusion, regardless of the rich literature on Arabic corpora, SD corpora are still lacking 

and need further contributions. Thus, the following section will propose a new model to collect and 

build a new Saudi corpus that is large, up to date, and diverse. 
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2.1.2 Existing Preprocessing Tools 

When collecting text data from different resources, irrelevant text and dirty data might also 

be collected during the process. Thus, collected data must be pre-processed and cleaned before 

analysis. From the literature of NLP, different preprocessing tools were developed to clean and 

normalize text data, as follows. 

➢ MADAMIRA [40] It is a system for morphological analysis and disambiguation of Arabic text 

that combines some of the best aspects of two previously commonly used systems for Arabic 

processing, MADA [5], [41], [42] and AMIRA [43].  

➢ Farasa  [44] Is an Arabic segmenter tool which means insight and is defined for the precise and 

include separate tools that contains a set of elements and most important Dependency Parser, 

POS tagger, and tokenization or segmentation module, It’s a more flexible usage of components 

compared to MADAMIRA. 

➢ CAMeL [45] It is a collection of open-source tools for Arabic natural language processing in 

Python. CAMeL Tools currently provides utilities for pre-processing, morphological modeling, 

dialect identification, named entity recognition and sentiment analysis.  

➢ AraNLP [46] It is a free Java-based library named “AraNLP” that covers various Arabic text 

preprocessing tools. Although a good number of tools for processing Arabic text already exist, 

integration and compatibility problems continually occur.  

➢ RDI MORPHO3 [47] This system uses rules in conjunction with statistics in order to build a 

list of possible prefix-suffix template combinations [48]. The main disadvantage of this system 

is that the rules are built manually which is time consuming and demanding a deep knowledge 

of the Arabic language. 

➢ Sebawai root extractor (SR) [47] It is very similar to RDI MORPHO3 root extractor. However, 

it uses automatic rules rather than manual rules [49]. Rules have been obtained through training 

the system with a list of word-root pairs. 
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2.2 Data Collection  

To collect as much data as possible while using diverse sources, data were collected from 

the available open corpora in addition to new sources on the web. Due to the difficulty of acquiring 

valid SD text and how expensive it is to clean such text, it was also decided to introduce MSA text 

into the collected data. This is because there is some similarity between MSA and dialectical 

language [50] that can be useful to semantic-based tasks.  

The overall statistics of the collected resources are summarized in Table 2. The total size of 

the collected text is 184,146,256 sentences, 1,238,539,863 words, and 26,674,484 unique words; in 

which 126,090,964 words were in SD language. The texts were collected from five different 

resources, including existing open source corpora, websites, Facebook, YouTube, and Twitter. 

When comparing the number of unique words from each source, as illustrated in Table 2, YouTube 

is the richest source of vocabularies for SD language, while pre-existing corpora are the richest for 

MSA language.  

Table 2. Total statistics of collected data 

Source Language No. of Unique Words No. of Sentences No. of Words 

Pre-Existing Datasets 
MSA 14,761,449 164,615,349 1,026,315,738 

SD 383,690 515,782 4,144,771 

Web Crawling 
MSA 1,938,577 722,340 32,529,087 

SD 112,025 547,433 2,524,225 

Facebook 
MSA 988,479 1,356,175 21,640,486 

Mixed 1,368,222 2,302,685 27,122,297 

YouTube 
SD 5,453,422 12,565,229 106,599,767 

Mixed 251,193 247,937 4,367,554 

Twitter 
SD 1,320,775 1,231,816 12,822,201 

Mixed 96,652 41,510 473,737 

Total 

MSA 17,688,505 166,693,864 1,080,485,311 

SD 7,269,912 14,860,260 126,090,964 

Mixed 1,716,067 2,592,132 31,963,588 

SUM 26,674,484 184,146,256 1,238,539,863 

From Table 2, it can be noticed, at some cases, the collected data included both MSA and 

SD in its text (i.e., mixed). This usually happens when the text includes official announcement that 

is written in MSA language in addition to comments written by people in SD language. The only 

exception is in the pre-existing corpora; where it only included either MSA or SD text. In YouTube 
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and Twitter, it was difficult to find pure MSA text. The collected text was either identified as SD or 

mixed of SD and MSA. This is because both YouTube and Twitter are not formal platforms as the 

case with news websites.  

One last interesting observation, from Table 2, is that Facebook was not a rich source of SD 

text. This is because Saudis rarely use this platform for communication and, instead, use YouTube 

and Twitter. For that reason, most of the resources collected from Facebook were text written with 

MSA followed by the small number of comments in SD language (mixed with MSA). Further 

information on the details of each source is described in the following sections.  

2.2.1 Pre-Existing Corpus Collection   

The bibliography details of the existing corpora that was collected and its statistics is 

summarized in Figure 1.(a) and Figure 1.(b). Note that the information shown in this figure represent 

the portion collected for our corpus and not the whole corpus information. This is because some 

corpora include different languages that are not related of Saudi language, so it was eliminated in 

the collection phase.  

Starting with MSA corpora, illustrated in Figure 1.(a), it is clear that the literature is rich with 

MSA text that can be reused. OPUS corpora is the richest source of MSA text and included data 

from 2010 to 2019. Thus, it MSA corpora can include vocabularies related to past events. On the 

other hand, when considering the SD corpora illustrated in Figure 1.(b), the text is more recent where 

it is dated between 2017 to 2020. Yet, collected SD corpora are limited in size comparing to the 

MSA, in which they ranged between 23,000 words to 3M words (5000~249000 unique words) only. 

Thus, more text need to be collected from to cover recent events and enrich the literature of SD text. 
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(a) MSA 

 
(b) SD 

Figure 1. Collected existing corpora; (a) statistic of MSA corpora, (b) statistic SD corpora 
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In addition to the size limitation, collected corpora are still limited in domains. Figure 2, 

illustrated the categories covered by the collected corpora, which is only 10 domain. However, to 

build a diverse and scalable corpus more categories need to be considered.  

 
Figure 2. Categories of collected pre-Existing corpora 

2.2.2 Website Crawling  

In addition to existing corpora, it was also important to collect relatively new text from the web. 

Thus, web crawling technique was used to collect text from different websites and news outlet. In 

particular, ten different websites were crawled. These websites are rich in content and cover news, 

medicine topics, or sell products. Only Arabic pages were extracted and then manually scanned to 

identify if it has MSA or SD language or both. After crawling all pages, XML tags were removed from 

the text and only the body of the pages were preserved.  

A special crawler tool was used to deal with every websites’ selectors to get the required word. 

● Since each website has its own selectors. Also, in the same website’s pages some of them has 

different selectors, most of existing crawlers get all sentences on the page without considering 

the repetition of the sentences (e.g., related links the same page) 

● Our crawler goes through every link in the website 

● It extracts the content according to given selectors 

● We have saved the body according to the language type, or if there is no body (in case the page 
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is main page or the page just contain links to the pages contain required sentences) 

● We check the extracted content and then fix the issues for every website’s results 

● The last step we merge the bodies from the result to a one file. 

 
Figure 3. Sample of Website Crawling  

The bibliography details of the crawled websites and its statistics is summarized in Table 3. 

Note that the information shown in this table represent the data before cleaning. From Table 3, it can 

be noticed that medicine and news outlets included only MSA, which is expected since these 

platforms are formal. However, in commercial platform that sells product, the text extracted was SD 

because it included the seller description about their products in addition to the consumers’ 

comments on the products, in which they wrote in the spoken language.  

Table 3. Websites used for crawling 

Website Language Category No. of Sentences No. of Word No. of Unique Words 

https://www.webteb.com/ MSA Medicine 476,298 8,929,536 131,933 

https://ajel.sa/ MSA News 1,163 34,691 10,614 

http://aletq.com/ MSA News 92,609 961,372 163,414 

http://al-madina.com/ MSA News 7,752 273,945 40,349 

https://www.bbc.com/arabic MSA News 33,255 968,393 101,730 

https://twasul.info/ MSA News 11,150 316,322 56,733 

https://ar.wikipedia.org/ MSA General 100,113 21,044,828 1,433,804 

https://sa.opensooq.com/ SD Economy 363,095 1,698,155 53,483 

https://haraj.com.sa/ SD Economy 79,618 298,346 30,804 

https://www.aswaqcity.com/ SD Economy 104,720 527,724 27,738 

Total 1,269,773 35,053,312 2,050,602 

https://www.webteb.com/
https://ajel.sa/
http://aletq.com/
http://al-madina.com/
https://www.bbc.com/arabic
https://twasul.info/
https://ar.wikipedia.org/
https://sa.opensooq.com/
https://haraj.com.sa/
https://www.aswaqcity.com/
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Combining all categories together, as illustrated in Figure 4, it can be seen that the total 

number of words collected from SD websites (+2M words) is much less than MSA sources. It was 

found websites can be a rich source of MSA text but not SD. This can be attributed to the fact that 

the young generation of Saudi’s are not using website platforms as before, and social media are 

becoming more used, as will be emphasized in the following section. 

 
Figure 4. Website crawling statistics  

 

2.2.3 Social Media Collection  

Social media are becoming a major source of research and a rich source of information 

especially for dialectal text [38]. In particular, the Saudi community witnessed a massive increase in 

use of social media in the last 10 years [6]. For research purposes, social media platforms provided 

API’s for developers allowing them to collect users comments and text blogs given certain criteria. 

In this report, it was decided to collect text from three social media platforms: YouTube, Twitter, 

and Facebook. The bibliography details of the collected social media accounts and its statistics is 

summarized in Table 4. Note that the information shown in this table represent the statistics before 

cleaning. 
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Table 4. Social media data statistics   

Source  Language No. of Sentence No. of Words No. of Unique Words 

Facebook 

Mixed 2,302,685 27,122,297 1,368,222 

MSA 1,356,175 21,640,486 988,479 

 3,658,860 48,762,783 2,356,701 

Twitter 

Mixed 41,510 473,737 96,652 

SD 1,231,816 12,822,201 1,320,775 

 1,273,326 13,295,938 1,417,427 

YouTube 

Mixed 247,937 4,367,554 251,193 

SD 12,565,229 106,599,767 5,453,422 

 12,813,166 110,967,321 5,704,615 

 

From Table 4, it can be noticed that SD text was differentiated better with Twitter and 

YouTube; while in Facebook almost 50% of the collected text were mixed and differentiating SD 

text was a challenge. In general, the total number of words collected from such resources exceeded 

+17M sentence, +173M words, and +9M unique words. Most of the collected text is SD rather than 

MSA. The details of each sources, and how the API was used to collect the data is shown in the 

following section. Mixed text, however, occurred in all platforms of social media. When comparing 

the sources of social media, from Table 4, it becomes clear that YouTube was the richest source of 

data for SD text and twitter comes afterwards.  

In addition to the size of the data, the diversity is also important. From Figure 5, it is clear 

that the collected data is divers and cover different categories and topics. Data collected from social 

media have been categorized into 25 different categories. Each category included one set of data or 

up to five different resources. The details of the number of words in each category will be explained 

next, and is different depending on the source it was collected from.  
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Figure 5. Categories distribution across collected social media dataset 

A. YouTube  

In order to collect data from YouTube, commentThread [51] API was used. This tool allows 

the developers to fetch the users replies and comments from their channels and videos. In order to 

fetch the comments from a channel or a video, an ID must be explicitly given to the commentThread 

in the link URL. However, a challenge that was faced with users whose name are identified as user 

name instead of ID. With this type of accounts, the ID does not explicitly appear in the URL so it 

is difficult to fetch its information.  

For example, Figure 6 shows how the account URL can include the user ID; while if the URL 

included the name instead, then the URL would be (https://www.youtube.com/user/khalejiatv). To 

overcome this challenge, a script was used to convert the user URL to a channel then fetch its data. 

For example, the script below shows how to collects data from Khalijia Channel on YouTube:  

{  

  "kind": "youtube#commentThread",  

  " allThreadsRelatedToChannelId": string,  

https://www.youtube.com/user/khalejiatv
https://developers.google.com/youtube/v3/docs/commentThreads#kind
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  "snippet": {  

    "channelId": UCsVQJ4sjopcYEQHxWnS2Spg,  

    "videoId": 9dgGvZiBIj4,  

    "topLevelComment": comments Resource,  

    "canReply": boolean,  

    "totalReplyCount": unsigned integer,  

    "isPublic": boolean  

  },  

  "replies": {     "comments": [       

comments Resource  

    ]  
  }  
}   

 
Figure 6. Sample of YouTube account  

After overcoming the challenges of fetching data from YouTube, it was important to decide what 

channels and videos to collect from. First, Arabic channels were examined, and if these channels 

included videos or playlist introduced by Saudi announcer or broadcaster then it will be flagged. 

Then, the comment sections of the flagged videos will be examined, and if they have large amount 

of comments and they are written in Saudi language then the video URL will be sent to 

commentThread to collect the data. As a result of this process it was possible to collect a total of 

110,967,321 words, 12,813,166 sentences, and 5,704,615 unique words from YouTube. As illustrated 

from Figure 7, the only category that could not differentiate SD from MSA is when the comments 

about religious content. This is because people write in their spoken language and included MSA text 

from Quran or Prophet saying. 

https://developers.google.com/youtube/v3/docs/commentThreads#snippet
https://developers.google.com/youtube/v3/docs/commentThreads#snippet.channelId
https://developers.google.com/youtube/v3/docs/commentThreads#snippet.videoId
https://developers.google.com/youtube/v3/docs/commentThreads#snippet.topLevelComment
https://developers.google.com/youtube/v3/docs/comments#resource
https://developers.google.com/youtube/v3/docs/commentThreads#snippet.canReply
https://developers.google.com/youtube/v3/docs/commentThreads#snippet.totalReplyCount
https://developers.google.com/youtube/v3/docs/commentThreads#snippet.isPublic
https://developers.google.com/youtube/v3/docs/commentThreads#replies
https://developers.google.com/youtube/v3/docs/commentThreads#replies.comments%5B%5D
https://developers.google.com/youtube/v3/docs/comments#resource
https://developers.google.com/youtube/v3/docs/comments#resource
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Figure 7. Collection statistics for YouTube data  

Moreover, from Figure 7, one of the richest content for SD text in YouTube is the vlog style 

videos. In which users were very active commenting about these videos and engaging with the 

channels owner. On the other hand, commenting on poetry content was relatively scarce while the 

rest of the categories depends on how much the challenge is active. 

B. Twitter Resources 

Twitter provides different options to collect their data via their API. In order to collect relevant 

and important text for KSUSC, different criteria were used during the collection. The first criterion 

used is streaming using the geographical information, where SA location was used to identify Saudi 

tweets. Of course during this process, none SD texts were found and, thus, identified as mixed. The 

second criteria used is archived tweets based on important keywords (hashtags) that is related to 

Saudi events that happened recently; such as #المرور_السعودي or #شكرا_لكل_معلم_سعودي. A third 

criterion used to collect archived data is using relevant users account; which are the well-known 

Saudi influencers that have millions of Saudi followers and tweets. Note that, regardless of the 

criterion used, all tweets, re-tweet, and comments were collected during the process.  
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 During the collection process, it was noticed that there were a lot of redundant and 

unnecessary data gathered in the text. This was due to the Twitter protection policy, which ensure 

that no one has full access to a user comments and only a sample of the comments are retrieved. 

Nevertheless, twitter comments had a significant importance in our task, because tweets are usually 

in MSA while comments are in SD. Thus, to compensate for this shortcoming, it was decided to 

increase the number of collected users, and minimize the collection time periods. For each user, 

replies and timeline are collected only once. This way, it was possible to reduce the number of 

request quota, while collecting more relevant SD text.  

As a result of Twitter data collection, illustrated in Figure 8, the challenge of differentiating 

SD text from MSA is not relevant to the category but rather to the sources. If the source who 

published and retweeted or commented is an entity account, the collected text will be a mix between 

MSA and SD. Moreover, it also a challenge to categorize more that 5M words and, thus, it was 

labeled as general. This is because tweets are many times a reply or discussion about different 

topics, so many outcomes did not belong to a certain category. News category comes in second 

place with respect to the number of SD words (with +2M words), while it comes in first with mixed 

text (with +300,000 words).   

 
Figure 8. Collection statistics for Twitter data   
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C. Facebook Resources 

In the collection process, it was decided to collect text also from Facebook because it is 

usually considered as one of the best source for collecting social data. It provides posts and 

comment related a given page through GraphAPI [52]. The first step was to collect pages in 

different domains including news, politics, culture, sport, cooking, and advertisement. 

FindMyFBID tool [53] was also used to convert the page URL to ID so that GraphAPI can retrieve 

its data. The post and its corresponding comments cannot be retrieved at once, so it was decided to 

first retrieve all the posts from the last three years; then, for each post a new request is sent to fetch 

its comments and replies. 

From Figure 9, it is clear that Facebook was not popular in SA and, thus, the data collected 

from this platform was either MSA or mixed. As in Twitter, MSA text was relevant to users rather 

than the category; in which text that is published by official entities were in MSA while post written 

by users were a mixed of MSA with SD. Categories such as acting, technology, and culture are the 

poorest in SD content, while the rest of the categories are interchangeable. There was no common 

behavior in Facebook text, because it was not a rich source of SD language.  

 
Figure 9. Collection statistics for Facebook data   



 

Phase#3 Final Report                     Feb 2021 – Rajab 1442 

36 
 

2.3 KSUSC System Architecture  

To overcome the current gaps discussed in the literature, this section proposes a new system 

that will be used to preprocess and build the King Saud University Saudi Corpus (KSUSC). The 

system proposed is divided into five main processes, as illustrated in Figure 10. First, data are 

processed to build lexicons for all accented characters and unwanted symbols. Second, the data are 

normalized to unify identical characters that are found with different representations. Third, 

irrelevant information and repeated sentences and words are removed. Fourth, numbers and English 

words are masked. Finally, in the fifth step, the corpus is encoded and validated to ensure that all 

characters are recognized and normalized. This is of particular importance because semantic corpora 

such as the KSUSC can be used with non-Arabic models such as BERT, which need to be strictly 

normalized and encoded. 

 

Figure 10. KSUSC system architecture    

Due to the diversity in resources collection, using one round of normalization and cleaning would 

not work on all kinds of data; even the pre-existing corpora needs a certain level of pre-processing 

to be compatible with the proposed KSUSC corpus. Therefore, an incremental process was adopted 

into the proposed system to continuously update the lexicons. Thus, KSUSC system can be scalable 

to new SD documents or even other Arabic languages. The following sections will explain the 

details of the proposed system along with illustrated examples.  
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2.3.1 Lexicon Creation  

Before starting to normalize and clean the text, it is important to build a lexicon for all variations 

of letters and symbols and for special unwanted symbols. This is of particular importance because 

the data are collected from various places, and thus, it is possible that the letters were written in 

different formats or using different keyboard settings. Moreover, irrelevant symbols and tags could 

have been included during the collection process. Thus, the collected text is scanned, and all 

unrecognized symbols and letters are extracted incrementally in the validation phase. Then, the list 

is investigated to create two lexicons: Accented ASCII and Unwanted Symbols. The ‘Accented 

ASCII’ lexicon includes all accented characters and their equivalent ASCII codes; an example is 

shown in Table 5. T he ‘Unwanted Symbols’ lexicon includes all characters that are not recognized. 

After creating these lexicons, it is possible to use them with any subsequent new data.  

Table 5. Sample of ASCII lexicons for ‘ا’ and ‘ ي’-accented characters  

Letter ASCII Variants Variants ASCII Code Letter ASCII Variants Variants ASCII Code 

 1575 ا

 1649 ٱ

 1610 ي

 65268 ي

 65267 ي 65166 ا

 65266 ي 65165 ا

 65265 ي 64337 ٱ

 1744 ې 1493 ו

 64510 ي 64336 ٱ

 1745 ۑ 1503 ן

 64511 ي  

 64484 ې  

 64486 ې  

 
2.3.2 Normalization  

While collecting the data, it was noticed that a character’s Unicode code can be different from 

one source to another. For example, some people write numbers in Hindi ASCII, while others write 

them in Arabic ASCII; sometimes spaces or punctuation are written with Arabic keyboards, while 

other times, they are written with English keyboards. All these characters have the same meaning 

but might confuse the semantic model if they are represented differently. Thus, it is important to 

first normalize the collected data regardless of the source from which it was collected. To do that, 

three processes are implemented as follows.  
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A. Convert to Arabic: All characters, space, and punctuations written in English are converted to 

Arabic, and the numbers written in Hindi ASCII are converted to English ASCII.  

B. Unify Letters: In Arabic text, letters can be written differently depending on their position in 

the word or the region of the writer. For example, the letter ‘ك’ can be written as   ,ك,  ك,  ڪک , 

etc. However, it is impossible for Python regular expressions to recognize the similarity since 

each variation has a different ASCII code. Thus, accented characters are converted to ASCII 

characters using the previously built Accented ASCII lexicon.  

C. Unify Words: In Arabic text, some words can be abbreviated using one character and, thus, 

should be unified as either abbreviated or full words. For example, Table 6 shows some 

abbreviation and their corresponding words. 

Table 6. Abbreviation vs. real words  

Abbreviation Words 

 صلى الله عليه وسلم  صلى الله عليه وسلم

 جل جلاله  جل جلاله

 هجري  ه ـ

After applying the three processes of normalization, all letters should be recognizable and have 

the same meaning, making them ready to enter the cleaning phase. Figure 11 shows a sample of the 

text before the normalization phase applied and after it. Note the changes colored in blue.  

 

(a) 

 

(b) 

Figure 11. Sample of data in normalization phase; (a) before normalization, (b) after normalization 

 

  Instagramبه عمل  React Nativeمعلومة،  أفضل  وأيهم Native  Reactو  Ionicبين  رائعة مقارنة توضح جميلة  مقالة
Airbnb, 

  ورقم ،هـ18/7/1439 وتاريخ( 73/م) ورقم ، هـ6/11/1437 وتاريخ( 70/م) رقم الملكية بالمراسيم  المعدل هـ، 1428//26
  تقتضيه  ما على وبناء   هـ، 3/7/1429 وتاريخ( 7019) رقم الوزاري بالقرار الصادرة وبعد ، هـ5/12/1439 وتاريخ( 115/م)

 :يلي ما يقُرر.. العامة المصلحة

 به عمل  React Nativeمعلومة،  أفضل  وأيهم React  Nativeو  Ionicبين  رائعة مقارنة توضح جميلة  مقالة
Instagram ،Airbnb 

  ، هجري 18/7/1439 وتاريخ( 73/م) ورقم ، هجري 6/11/1437 وتاريخ( 70/م) رقم الملكية بالمراسيم  المعدل هـ، 1428//26
  وبناء   ، هجري 3/7/1429 وتاريخ( 7019) رقم  الوزاري بالقرار الصادرة  وبعد ، هجري 5/12/1439 وتاريخ( 115/م) ورقم
 :يلي ما يقُرر .. العامة  المصلحة  تقتضيه ما على



 

Phase#3 Final Report                     Feb 2021 – Rajab 1442 

39 
 

2.3.3 Cleaning  

The text cleaning phase is used to eliminate unwanted words and characters and improve the 

performance of a semantic model. This step removes all HTML tags, extra whitespaces, special 

characters, punctuation, and duplicate letters as well as any sentences that are not related to the 

meaning of the text or have been corrupted during collection. In particular, the following nine 

processes are implemented to clean the data and remove any noise.  

A. Remove Unwanted Symbols: Unwanted symbols such as (;$*()"#!@^&-+={}[],|'<>۔ ﴾﴿

»« ؛?؟ É ￼฀🖒ۦ~) were replaced by whitespace in this task; while full stop and comma were 

left in the text because they give indication about the length of the sentences. Note that some 

symbols where not recognized at the beginning and, thus, the Unwanted Symbols lexicon is 

updated accordingly. For example, Table 7 shows some symbols that were not recognize at the 

beginning and how it were removed from the text. Moreover, Figure 12 shows a sample of the 

text before removing unwanted symbols and after removing them, colored in red.  

Table 7. Removing of unknown symbols 

Symbol In the word Text Before Cleaning Text after cleaning 

ɵ ɵ ˬɵ    ضحكت ضحك هه يآبطنɵ ˬɵ    بطناهة฀ بطناهة يآبطن     ضحكت ضحك هه 
ˬ ˬɵ    ضحكت ضحك هه يآبطنɵ ˬɵ    بطناهة฀ 

฀ ฀    ضحكت ضحك هه يآبطنɵ ˬɵ    بطناهة฀ 

عشان   18انا حاسه انك حاط  ° ʖعشان تجذب المتابع °  18انا حاسه انك حاط  ° ° °
 ° ʖعشان تجذب المتابع °  18انا حاسه انك حاط  ʖ ʖ تجذب المتابع 

 

 

(a) 

 

(b) 

Figure 12. Sample of data when removing unwanted symbols; (a) before removal, (b) after removal 

B. Remove Special Symbols: Symbols such as (:\/%-$) needed to be removed from the text, 

however they had a meaning when they come with a number. For example, a colon can come 

 تأثير درسوا  ،   كيميروفو مقاطعة  جامعة علماء  مع بالتعاون   ،  الفيدرالية  البلطيق جامعة علماء بأن  ،  «Heliyo» مجلة وتفيد
 (7019) رقم الوزاري فوق. بالقرار الأشعة

 … أأدخل  ،   شيئا ذلك على  أزد ولم الحرام وحرمت الحلال وأحللت رمضان وصمت المكتوبات  الصلوات صليت  إذا أرأيت"

 تأثير  درسوا،  كيميروفو مقاطعة جامعة علماء مع بالتعاون،  الفيدرالية البلطيق جامعة علماء بأن  ، Heliyo مجلة وتفيد
   7019  رقم الوزاري فوق. بالقرار الأشعة

 … أأدخل،  شيئا   ذلك على أزد ولم الحرام  وحرمت الحلال وأحللت رمضان وصمت  المكتوبات الصلوات صليت إذا أرأيت
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in numbers when it represents a date (12:30 pm) and backslash or dash can come in numbers 

when it represents dates (1/1/2020) or (1-1-2020). Thus, it was important to reserve these special 

symbols when they occur in numbers while removing them otherwise. Figure 13 shows a sample 

of the text before removing unwanted symbols and after removing them. Note how is the 

symbols in numbers (highlighted green) are kept, while the other symbols (highlighted red) 

were removed.  

 

(a) 

 

(b) 

Figure 13. Sample of data when removing special symbols; (a) before removal, (b) after removal 

 

C. Remove Duplicated Symbols: After removing all unrelated symbols, it was noticed that full 

stop and commas are sometimes unnecessary repeated. Thus, it was decided to remove the 

duplication, as shown in Figure 14 (colored in red). 

 
(a) 

 
(b) 

Figure 14. Sample of data when removing duplicate symbols; (a) before removal, (b) after removal 

D. Remove Duplicated Letters: Speakers sometimes repeat a letter in a word to emphasize their 

emotion. For example, in English, people might write ‘Good’ as ‘Goooooood’ to emphasize 

that they like something. Similarly, this type of redundancy occurs in Arabic and should be 

removed to standardize the data. For instance, the redundant letters ‘و’ in the word ‘كفووووو’ will 

be removed to obtain the correct word ‘كفو’. One exception is the word ‘ههههه’, which is an 

  وتاريخ( 73/م) ورقم  ،  هجري6/11/1437 وتاريخ( 70/م) رقم الملكية بالمراسيم  المعدل   ،  هجري1428//26
  وتاريخ(  7019) رقم  الوزاري بالقرار  الصادرة وبعد  ،  هجري5/12/1439 وتاريخ( 115/م) ورقم  ،  هجري18/7/1439
 :يلي ما يقُرر.. العامة المصلحة  تقتضيه ما على  وبناء    ،  هجري3/7/1429

 الشنقيطير  مختار محمد- الغيبة خطورة

 وتاريخ( 73/م) ورقم ،  هجري6/11/1437 وتاريخ( 70/م) رقم الملكية بالمراسيم  المعدل،  هجري1428//26
  وتاريخ(  7019) رقم  الوزاري بالقرار  الصادرة وبعد،  هجري5/12/1439 وتاريخ( 115/م) ورقم،  هجري18/7/1439
 يلي  ما يقُرر.. العامة المصلحة  تقتضيه ما  على وبناء  ،  هجري3/7/1429

 الشنقيطير  مختار محمد الغيبة خطورة

  …أأدخل   ،  شيئا   ذلك على أزد ولم الحرام  وحرمت الحلال وأحللت رمضان وصمت  المكتوبات الصلوات صليت إذا أرأيت

 . أأدخل،  شيئا   ذلك على أزد ولم الحرام  وحرمت الحلال وأحللت رمضان وصمت  المكتوبات الصلوات صليت إذا أرأيت
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expression of laughing out loud. In this expression, the letter ‘هـ’ is repeated several times 

depending on the user; however, if it is removed, the system might confuse it with the letter ‘هـ’, 

which means Hijri, and mistakenly transform it to the word ‘هجري’. Thus, the expression for 

laughing out loud was transformed into two letters instead of one. For example, Figure 13 shows 

how the word ‘هههههههههه’ is transformed to a word with two letters, ‘هه’, which also means 

laughing. 

 (a) 

 (b) 

Figure 15. Sample of data when removing duplicate letters; (a) before removal, (b) after removal 

E. Remove Tashkeel (Arabic Punctuation Marks): In Arabic, there are special punctuation 

marks called “Tashkeel” that are used to emphasize certain vowels sound; such as “  ٓ ,       

,,  ٓ ,  ٓ ,  ٓ ,  ٓ ,  ٓ ,  ٓ ,  ٓ ,  ٓ ,  ٓ ,  ٓ ٓ  ,ـ, ,  ٓ ,  ໌ ,,,ﾟ,  ٓ ,  ٓ ,  ٓ ,  ٓ ,  ٓ ,,,,,  ٓ ,  ໌ ,  ໌ ,ُّ,  ٓ ,  ٓ ,  ٓ ,  ٓ ,  ٓ ,ˆ,  ཻ,ْ,  ໌ ,  ٓ ,  ٓ ,ਾ ,  ٓ ,  ٓ ,ਾ ,  ໌ ,ਾ ,  ໌ ,  ٓ ,ᵒ,  ٓ  

  ٓ ,  ٓ ,  ٓ ,  ٓ ,  ٓ ,  ٓ ”.  These marks were removed to standardize the text, as shown in Figure 16. 

 

(a) 

 

(b) 

Figure 16. Sample of data when removing Arabic punctuation marks; (a) before removal, (b) after removal 

F. Remove Unwanted Words: I n the text, there are words and sentences with special uses that 

show emotions or are used as metadata, which has no relevance to the semantic meaning of the 

text itself and includes HTML tags, URLs, emails, hashtags, emojis, and other special metadata. 

These words and sentences are removed in this step, as shown in Figure 17. There is one 

exception during the removal process, which is related to hashtags. Since hashtags have 

meaning when they appear inside a sentence, it was decided that hashtags should be removed 

only when they appear separately as one word in a line. However, when a hashtag appears in a 

  ฀بطناهة ɵ ˬɵيآبطني  ههههههههههه  ضحك  ضحكت

  ฀بطناهة  ɵ ˬɵيآبطني هه  ضحك  ضحكت

 ة  ب  ي  الغ  خطورة    يادكتوره فيك   اللُ  بارك  

 شوق  ب    تنتظرك   الشرقية   كل  

   خطاك   الباريُ  سدد   

   الغيبة خطورة  بارك الل فيك يادكتوره

 كل الشرقية تنتظرك بشوق 

 سدد الباري خطاك 
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sentence, it is processed so that the hash and the underscore are replaced with whitespace and 

the word itself is preserved.  

 

(a) 

 

(b) 

Figure 17. Sample of data when removing unwanted words; (a) before removal, (b) after removal 

      

G. Remove Dominant English Sentences: During the cleaning process, sentences that include 

more that 25% of its words English were removed for the text. Figure 18 shows and example 

of two sentences that have English words, and which one will be removed (as colored in red).  

 

 

(a) 

 

(b) 

Figure 18. Sample of data when removing sentences dominated by English words; (a) before removal, (b) after 

removal 

 

 .com/mainhttps://websiteقم بزيارة الموقع 
  mymai@site.com وارسل بياناتك إلى الإيميل 

RT  2020حيو حارتي 
أرأيت إذا صليت الصلوات المكتوبات وصمت رمضان وأحللت الحلال وحرمت الحرام ولم أزد على ذلك شيئا،  أأدخل 

… 
كل الشرقية تنتظرك بشوق،  سدد    دعوية،  تصاميم  الشنقيطي مختار محمد- الغيبة  خطورة  بارك الل فيك يادكتوره 

 �� الباري خطاك  
 ��وياليت قومي يعلمون  

 

 قم بزيارة الموقع 
  وارسل بياناتك إلى الإيميل 

 2020حيو حارتي  
على ذلك شيئا ،  أأدخل  أرأيت إذا صليت الصلوات المكتوبات وصمت رمضان وأحللت الحلال وحرمت الحرام ولم أزد 

… 
كل الشرقية تنتظرك بشوق ،  سدد   دعوية  ،  تصاميم  الشنقيطي مختار محمد- الغيبة  خطورة  بارك الل فيك يادكتوره 

 الباري خطاك 
 وياليت قومي يعلمون  

 

ماء جامعة البلطيق الفيدرالية ،  بالتعاون مع علماء جامعة مقاطعة كيميروفو ،  درسوا تأثير  ،  بأن علHeliyoوتفيد مجلة 
 الأشعة فوق  

 اتوقع كذا  how to make packground to my iphoneاكتبي باليوتويب 
وتاريخ  ( 73هجري ،  ورقم )م/6/11/1437( وتاريخ 70هجري ،  المعدل بالمراسيم الملكية رقم )م/1428//26
( وتاريخ  7019هجري ،  وبعد الصادرة بالقرار الوزاري رقم )5/12/1439( وتاريخ 115هجري ،  ورقم )م/18/7/1439
 هجري ،  وبناء  على ما تقتضيه المصلحة العامة.. يقُرر ما يلي: 3/7/1429
 

بالتعاون مع علماء جامعة مقاطعة كيميروفو، درسوا تأثير  ، بأن علماء جامعة البلطيق الفيدرالية، Heliyoوتفيد مجلة 
 الأشعة فوق 

وتاريخ   73هجري، ورقم م / 6/11/1437وتاريخ  70هجري، المعدل بالمراسيم الملكية رقم م / 1428//26
وتاريخ  7019هجري، وبعد الصادرة بالقرار الوزاري رقم  5/12/1439وتاريخ  115هجري، ورقم م / 18/7/1439
 هجري، وبناء على ما تقتضيه المصلحة العامة. يقرر ما يلي  3/7/1429
 

mailto:mymai@site.com
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H. Removing Unreliable Words: During the collection process, it was noticed that whitespaces 

got removed at some part of the sentences and more than word glued together. To reduce the 

manual revision of these words, it was decided to remove words that is longer than 15 letter, as 

illustrated in Figure 19. This is because, in Arabic, no word can be longer than that.  

 
(a) 

 
(b) 

Figure 19. Sample of data when removing unreliable words; (a) before removal, (b) after removal 

I. Remove Extra Spaces: Extra whitespaces occurred in between punctuations and text or 

numbers. Thus, these spaces were removed, as shown in Figure 20. 

 

(a) 

 

(b) 

Figure 20. Sample of data when removing duplicate spaces; (a) before removal, (b) after removal 

 

2.3.4 Masking   

After cleaning the text, it is important to mask English words and numbers for future use with 

semantic models. These words can also be manually translated into Arabic in the future. To 

automate this process, tags are used for masking, and the following processes are applied. 

A. Split Words From Numbers: Before masking the numbers, it was important to separate them 

from text since it was glued to other words at some documents, as shown in Figure 21.  

   مقاطعةكيميروفودرسواتأثيرالأشعةفوقعلماء جامعة  ، بأن علماء جامعة البلطيق الفيدرالية، بالتعاون معHeliyoوتفيد مجلة 
 مرة  2566558955666552225443255665665566566اعمل لايكات 

 جامعة، بأن علماء جامعة البلطيق الفيدرالية، بالتعاون مع علماء  Heliyoوتفيد مجلة 
 اعمل لايكات مرة 

 

 ، بأن علماء جامعة البلطيق الفيدرالية، بالتعاون مع علماء جامعة مقاطعة كيميروفو، درسوا تأثير الأشعة فوق Heliyoوتفيد مجلة 
 ،  هجري 18/7/1439وتاريخ  73ورقم م / ،  هجري 6/11/1437وتاريخ  70دل بالمراسيم الملكية رقم م /هجري، المع 1428//26

هجري، وبناء       7/1429    /    3وتاريخ  7019وبعد الصادرة بالقرار الوزاري رقم  ،  هجري 5/12/1439وتاريخ  115ورقم م /
 على ما تقتضيه المصلحة العامة. يقرر ما يلي 

 

 ، بأن علماء جامعة البلطيق الفيدرالية، بالتعاون مع علماء جامعة مقاطعة كيميروفو، درسوا تأثير الأشعة فوق Heliyoوتفيد مجلة 
 ، هجري 18/7/1439وتاريخ  73ورقم م / ، هجري 6/11/1437وتاريخ  70هجري، المعدل بالمراسيم الملكية رقم م / 1428//26

هجري، وبناء على ما   3/7/1429وتاريخ   7019وبعد الصادرة بالقرار الوزاري رقم  ، هجري 5/12/1439وتاريخ  115ورقم م /
 تقتضيه المصلحة العامة. يقرر ما يلي 
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(a) 

 

(b) 

Figure 21. Sample of data when splitting words from numbers; (a) before splitting, (b) after splitting 

B. Tag English Words and Numbers: All English words will be masked with the tag [unkown] 

while numbers will be tagged as [number], as shown in Figure 22. 

 

(a) 

 

(b) 

Figure 22. Sample of data when tagging English words and numbers; (a) before tagging, (b) after tagging 

C. Remove Duplicated Whitespace: After applying all previous steps, it was noticed that 

whitespaces were duplicated due to replacing unwanted symbols or letters with spaces. Thus, 

these duplicates were removed as shown in Figure 23. 

 

درسوا تأثير   ، بأن علماء جامعة البلطيق الفيدرالية، بالتعاون مع علماء جامعة مقاطعة كيميروفو، Heliyoوتفيد مجلة 
 الأشعة فوق 

  18/7/1439وتاريخ  73هجري، ورقم م / 6/11/1437 وتاريخ 70هجري، المعدل بالمراسيم الملكية رقم م / 1428//26
  3/7/1429وتاريخ  7019رقمهجري، وبعد الصادرة بالقرار الوزاري  5/12/1439وتاريخ  115هجري، ورقم م /

 امة. يقرر ما يلي هجري، وبناء على ما تقتضيه المصلحة الع

، بأن علماء جامعة البلطيق الفيدرالية، بالتعاون مع علماء جامعة مقاطعة كيميروفو، درسوا تأثير  Heliyoوتفيد مجلة 
 الأشعة فوق 

  18/7/1439وتاريخ  73، ورقم م /هجري 6/11/1437وتاريخ  70هجري، المعدل بالمراسيم الملكية رقم م / 1428//26
 3/7/1429وتاريخ  7019رقم هجري، وبعد الصادرة بالقرار الوزاري  5/12/1439وتاريخ  115هجري، ورقم م /

 هجري، وبناء على ما تقتضيه المصلحة العامة. يقرر ما يلي 
 

 2020حيو حارتي 
وتاريخ   73/هجري، ورقم م  6/11/1437وتاريخ  70/هجري، المعدل بالمراسيم الملكية رقم م  1428//26
 7019هجري، وبعد الصادرة بالقرار الوزاري رقم  5/12/1439وتاريخ  115هجري، ورقم م / 18/7/1439

 هجري، وبناء على ما تقتضيه المصلحة العامة. يقرر ما يلي 3/7/1429وتاريخ 
 ،10:54و الساعة  10:03شوف نسبة البطارية بين الساعة 

 ezazi nopa mamasجرب المطاعم خاصة كفطور. الف مبروك الل يوفقكم ويسعدكم وبما انك في سان فرانسيكو 
 كل التوفيق والنجاح 

 [number]حيو حارتي 
 عشان تجذب المتابع [number ]انا حاسه انك حاط 

 [] number هجري، المعدل بالمراسيم الملكية رقم م[number] [ وتاريخ number]  هجري، ورقم م
[ number] وتاريخ[ number] هجري، ورقم م[ number] وتاريخ[ number]  هجري، وبعد الصادرة بالقرار

 هجري، وبناء على ما تقتضيه المصلحة العامة. يقرر ما يلي  [numberوتاريخ ][number ]الوزاري رقم 
 ، [number]و الساعة [number ]شوف نسبة البطارية بين الساعة 

 [unknown]ان فرانسيكو جرب المطاعم خاصة كفطور. الف مبروك الل يوفقكم ويسعدكم وبما انك في س
[unknown] [unknown]  كل التوفيق والنجاح 
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(a) 

 

(b) 

Figure 23. Sample of data when removing duplicate whitespace; (a) before removal, (b) after removal 

2.3.5 Data Validation   

After cleaning the data, it is important to validate the data and correct any mistakes found. For 

example, it was noticed that some symbols were not recognized and letters had different ASCII 

although they mean the same. Thus, it was important to validate the text and correct any error. In 

particular, this phase introduces two main processes to validate the data and correct unrecognized 

letters or symbols.  

A. Encoding: All Arabic letters, in addition to full stops and commas, were matched to a list of 

English letters. Then, the collected data were encoded to English, and any letter or symbol that 

was not recognized and was not found in the lexicon was added to a list called a non-encoded 

list.  

B. Updating Lexicons: After encoding the documents, the non-encoded list was investigated. If 

the list was not empty, Arabic letters were added to the matching entry in the Accented ASCII 

lexicon, and other symbols were added to the Unwanted Symbols lexicon. 

The normalization and cleaning phases were repeated after updating the lexicons, and all files were 

encoded incrementally until the non-encoded list was empty. Figure 24 shows the encoding results after 

validation. All letters were translated to a matching English letter, and thus, all words were recognized. 

 علماء جامعة مقاطعة كيميروفو، درسوا تأثير الأشعة فوق  مع    بالتعاونبأن علماء جامعة البلطيق الفيدرالية،   ، Heliyo   وتفيد مجلة
هجري،  18/7/1439وتاريخ  73هجري، ورقم م / 6/11/1437وتاريخ  70هجري، المعدل بالمراسيم الملكية رقم م / 1428//26

هجري، وبناء على   3/7/1429وتاريخ   7019رقم   لوزاريا   بالقرارهجري، وبعد الصادرة  5/12/1439وتاريخ  115ورقم م /
 ما تقتضيه المصلحة العامة. يقرر ما يلي

 

 علماء جامعة مقاطعة كيميروفو، درسوا تأثير الأشعة فوق  بالتعاون معبأن علماء جامعة البلطيق الفيدرالية،   ، Heliyo   وتفيد مجلة
  18/7/1439وتاريخ  73هجري، ورقم م / 6/11/1437وتاريخ  70هجري، المعدل بالمراسيم الملكية رقم م / 1428//26

هجري،    3/7/1429وتاريخ   7019رقم  الوزاري بالقرارهجري، وبعد الصادرة  5/12/1439وتاريخ  115هجري، ورقم م /
 وبناء على ما تقتضيه المصلحة العامة. يقرر ما يلي 
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(a) 

 

(b) 

Figure 24. Sample of data during the validation phase; (a) before encoding, (b) after encoding 

  

 [number]حيو حارتي 
 يآبطني بطناهة  ضحكت ضحك هه
 عشان تجذب المتابع  [number] انا حاسه انك حاط 

 د مثلها اساسا مو اثبات صريح الفديوهات لاتثبت انه المدرس ولا واضح الشكل ويمكن اح
، بأن علماء جامعة البلطيق الفيدرالية، بالتعاون مع علماء جامعة مقاطعة كيميروفو، درسوا تأثير الأشعة  [unknown]وتفيد مجلة 

 فوق 
[[number المعدل بالمراسيم الملكية رقمهجري ، [number]  وتاريخ[number] هجري، ورقم [number]  وتاريخ[number] 
 [number]وتاريخ  [number]هجري، وبعد الصادرة بالقرار الوزاري رقم  [number]وتاريخ  [number] جري، ورقمه

 هجري، وبناء على ما تقتضيه المصلحة العامة. يقرر ما يلي 
 ، [number]والساعة  [number]شوف نسبة البطارية بين الساعة 

 [unknown] [unknown]الف مبروك الل يوفقكم ويسعدكم وبما انك في سان فرانسيكو جرب المطاعم خاصة كفطور. 
[unknown]  كل التوفيق والنجاح 

 الرحمة المهداة صلى الل عليه وسلم 
 أدخلأرأيت إذا صليت الصلوات المكتوبات وصمت رمضان وأحللت الحلال وحرمت الحرام ولم أزد على ذلك شيئا، أ 

 بارك الل فيك يادكتوره 
 خطورة الغيبة محمد مختار الشنقيطي،

 تصاميم دعوية،
 كل الشرقية تنتظرك بشوق، سدد الباري خطاك 

 وياليت قومي يعلمون 

Mjh MGQJj number  
VMcJ VMc gg HWfGgI 

GfG MGSg Gfc MGW number YTGf JLPH GdeJGHY 
GdaOjhgGJ dGJKHJ Gfg GdeOQS hdG hGVM GdTcd hjecf GMO eKdgG GSGSG eh GKHGJ UQjM 

hJajO eLdI unknown , HCf YdeGA LGeYI GdHdWjb GdajOQGdjI, HGdJYGhf eY YdeGA LGeYI 
ebGWYI cjejQhah, OQShG JCKjQ GdCTYI ahb 

 number gLQj , GdeYOd HGdeQGSje GdedcjI Qbe e number hJGQjN number gLQj , hQbe e number 
hJGQjN number gLQj , hQbe e number hJGQjN number gLQj , hHYO GdUGOQI HGdbQGQ 

GdhRGQj Qbe number hJGQjN number gLQj , hHfGA Ydi eG JbJVjg GdeUdMI GdYGeI. jbQQ eG 
jdj 

Tha fSHI GdHWGQjI Hjf GdSGYI number h GdSGYI number , 
Gda eHQhc Gddg jhabce hjSYOce hHeG Gfc aj SGf aQGfSjch LQH GdeWGYe NGUI caWhQ. 

unknown unknown unknown cd GdJhajb hGdfLGM 
GdQMeI GdegOGI Udi Gddg Ydjg hSde 

CQCjJ EPG UdjJ GdUdhGJ GdecJhHGJ hUeJ QeVGf hCMddJ GdMdGd hMQeJ GdMQGe hde CRO 
Ydi Pdc TjFG, CCONd 

HGQc Gddg ajc jGOcJhQg 
NWhQI GdZjHI eMeO eNJGQ GdTfbjWj, 

JUGeje OYhjI, 
cd GdTQbjI JfJXQc HThb, SOO GdHGQj NWGc 

hjGdjJ bhej jYdehf 
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2.3.6 Use Case Example  

In order to understand the processes proposed, this section present a full use case the shows the 

result of each step in the method. Starting from the original sample, presented in  Figure 25, the text 

will be normalized as shown in Figure 26, cleaned as shown in Figure 27, masked as shown in 

Figure 28, and lastly validated based on the encoding shown in Figure 29. 

 
Figure 25. Original sample of the use case  

 
Figure 26. Use case sample after normalization   

 2020حيو حارتي 
 ฀  بطناهة  ɵ ˬɵضحكت ضحك هههههههههههه يآبطني 

 ° ʖ ° عشان تجذب المتابع 18انا حاسه انك حاط 
 الفديوهات لاتثبت انه المدرس ولا واضح الشكل ويمكن احد مثلها اساسا مو اثبات صريح 

  جامعة مقاطعة كيميروفو، درسوا تأثير الأشعة فوق، بأن علماء جامعة البلطيق الفيدرالية، بالتعاون مع علماء «Heliyo» وتفيد مجلة
 اتوقع كذا  how to make packground to my iphoneاكتبي باليوتويب 

( وتاريخ 115، ورقم )م/هـ18/7/1439( وتاريخ 73، ورقم )م/هـ6/11/1437( وتاريخ 70، المعدل بالمراسيم الملكية رقم )م/هـ1428//26
 :، وبناء  على ما تقتضيه المصلحة العامة.. يقُرر ما يليهـ3/7/1429( وتاريخ 7019القرار الوزاري رقم )وبعد الصادرة ب هـ، 5/12/1439

 ،10:54و الساعة  10:03شوف نسبة البطارية بين الساعة 
 النجاح كل التوفيق و .zazie nopa mamas الف مبروك الل يوفقكم ويسعدكم وبما انك في سان فرانسيكو جرب المطاعم خاصة كفطور

 !صلى الله عليه وسلمالرحمة المهداة 
 … أرأيت إذا صليت الصلوات المكتوبات وصمت رمضان وأحللت الحلال وحرمت الحرام ولم أزد على ذلك شيئا، أأدخل"
 ��  كل الشرقية تنتظرك بشوق، سدد الباري خطاك     ,تصاميم_دعوية , #محمد مختار الشنقيطي-خطورة الغيبة   . ✅بارك الل فيك يادكتوره 

 �� وياليت قومي يعلمون

 2020حيو حارتي 
 ฀بطناهة   ɵ ˬɵ يآبطني  ههههههههههههضحكت ضحك  

 ° ʖ° عشان تجذب المتابع   18انا حاسه انك حاط 
 مثلها اساسا مو اثبات صريح الفديوهات لاتثبت انه المدرس ولا واضح الشكل ويمكن احد 

 ،  بأن علماء جامعة البلطيق الفيدرالية،  بالتعاون مع علماء جامعة مقاطعة كيميروفو،  درسوا تأثير الأشعة فوق  Heliyo«»وتفيد مجلة 
 اتوقع كذا  how to make packground to my iphoneاكتبي باليوتويب 

،  ورقم  هجري18/7/1439( وتاريخ 73،  ورقم )م/هجري6/11/1437( وتاريخ 70الملكية رقم )م/،  المعدل بالمراسيم هجري1428//26
هجري،  وبناء  على ما تقتضيه  3/7/1429وتاريخ  (7019)،  وبعد الصادرة بالقرار الوزاري رقم هجري5/12/1439وتاريخ  (115م/)

 يقُرر ما يلي:  ..المصلحة العامة
 ،  10:54و الساعة  10:03شوف نسبة البطارية بين الساعة 

 كل التوفيق والنجاح  mamas nopa zazieالف مبروك الل يوفقكم ويسعدكم وبما انك في سان فرانسيكو جرب المطاعم خاصة كفطور. 
 ! صلى الله عليه وسلمالرحمة المهداة 

 أأدخل … أرأيت إذا صليت الصلوات المكتوبات وصمت رمضان وأحللت الحلال وحرمت الحرام ولم أزد على ذلك شيئا،  " 
    �� كل الشرقية تنتظرك بشوق،  سدد الباري خطاك    دعوية، _تصاميم # ،  الشنقيطي   مختار محمد- الغيبة خطورة✅  بارك الل فيك يادكتوره 

 ��وياليت قومي يعلمون  
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Figure 27. Use case sample after cleaning phase  

 
Figure 28. Use case sample after masking 

 

 2020حيو حارتي 
   بطناهةيآبطني  ضحكت ضحك هه
 المتابع عشان تجذب   18انا حاسه انك حاط 

 الفديوهات لاتثبت انه المدرس ولا واضح الشكل ويمكن احد مثلها اساسا مو اثبات صريح 
 الأشعة فوق ، بأن علماء جامعة البلطيق الفيدرالية، بالتعاون مع علماء جامعة مقاطعة كيميروفو، درسوا تأثير  Heliyoوتفيد مجلة 

هجري،  18/7/1439وتاريخ  73/هجري، ورقم م  6/11/1437وتاريخ  70/هجري، المعدل بالمراسيم الملكية رقم م  1428//26
هجري، وبناء على ما   3/7/1429وتاريخ  7019هجري، وبعد الصادرة بالقرار الوزاري رقم  5/12/1439وتاريخ  115ورقم م /

 يلي  تقتضيه المصلحة العامة. يقرر ما
 ،10:54و الساعة  10:03شوف نسبة البطارية بين الساعة 

كل التوفيق   mamas nopa zazieالف مبروك الل يوفقكم ويسعدكم وبما انك في سان فرانسيكو جرب المطاعم خاصة كفطور. 
 والنجاح 

 صلى الل عليه وسلم الرحمة المهداة 
 الحلال وحرمت الحرام ولم أزد على ذلك شيئا، أأدخلأرأيت إذا صليت الصلوات المكتوبات وصمت رمضان وأحللت 

 كل الشرقية تنتظرك بشوق، سدد الباري خطاك  تصاميم دعوية،  خطورة الغيبة محمد مختار الشنقيطي،  بارك الل فيك يادكتوره
 وياليت قومي يعلمون 

 [number]حيو حارتي 
 يآبطني بطناهة  ضحكت ضحك هه
 عشان تجذب المتابع  [number] انا حاسه انك حاط 

 الفديوهات لاتثبت انه المدرس ولا واضح الشكل ويمكن احد مثلها اساسا مو اثبات صريح 
البلطيق الفيدرالية، بالتعاون مع علماء جامعة مقاطعة كيميروفو، درسوا تأثير الأشعة  ، بأن علماء جامعة [unknown]وتفيد مجلة 

 فوق 
[[number المعدل بالمراسيم الملكية رقمهجري ، [number]  وتاريخ[number] هجري، ورقم [number]  وتاريخ[number] 

 [number]وتاريخ  [number]اري رقم هجري، وبعد الصادرة بالقرار الوز [number]وتاريخ  [number] هجري، ورقم
 هجري، وبناء على ما تقتضيه المصلحة العامة. يقرر ما يلي 

 ، [number]والساعة  [number]شوف نسبة البطارية بين الساعة 
 [unknown] [unknown]الف مبروك الل يوفقكم ويسعدكم وبما انك في سان فرانسيكو جرب المطاعم خاصة كفطور. 

[unknown] لتوفيق والنجاح كل ا 
 الرحمة المهداة صلى الل عليه وسلم 

 أرأيت إذا صليت الصلوات المكتوبات وصمت رمضان وأحللت الحلال وحرمت الحرام ولم أزد على ذلك شيئا، أأدخل
 الباري خطاك كل الشرقية تنتظرك بشوق، سدد  تصاميم دعوية،  خطورة الغيبة محمد مختار الشنقيطي،  بارك الل فيك يادكتوره
 وياليت قومي يعلمون 
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Figure 29. Use case sample after encoding 

  

Mjh MGQJj number  
VMcJ VMc gg HWfGgI 

GfG MGSg Gfc MGW number YTGf JLPH GdeJGHY 
GdaOjhgGJ dGJKHJ Gfg GdeOQS hdG hGVM GdTcd hjecf GMO eKdgG GSGSG eh GKHGJ UQjM 

hJajO eLdI unknown , HCf YdeGA LGeYI GdHdWjb GdajOQGdjI, HGdJYGhf eY YdeGA LGeYI 
ebGWYI cjejQhah, OQShG JCKjQ GdCTYI ahb 

 number gLQj , GdeYOd HGdeQGSje GdedcjI Qbe e number hJGQjN number gLQj , hQbe e number 
hJGQjN number gLQj , hQbe e number hJGQjN number gLQj , hHYO GdUGOQI HGdbQGQ 

GdhRGQj Qbe number hJGQjN number gLQj , hHfGA Ydi eG JbJVjg GdeUdMI GdYGeI. jbQQ eG 
jdj 

Tha fSHI GdHWGQjI Hjf GdSGYI number h GdSGYI number , 
Gda eHQhc Gddg jhabce hjSYOce hHeG Gfc aj SGf aQGfSjch LQH GdeWGYe NGUI caWhQ. 

unknown unknown unknown cd GdJhajb hGdfLGM 
GdQMeI GdegOGI Udi Gddg Ydjg hSde 

CQCjJ EPG UdjJ GdUdhGJ GdecJhHGJ hUeJ QeVGf hCMddJ GdMdGd hMQeJ GdMQGe hde CRO 
Ydi Pdc TjFG, CCONd 

HGQc Gddg ajc jGOcJhQg 
NWhQI GdZjHI eMeO eNJGQ GdTfbjWj, 

JUGeje OYhjI, 
cd GdTQbjI JfJXQc HThb, SOO GdHGQj NWGc 

hjGdjJ bhej jYdehf 
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2.4 KSUSC Corpus Design   

After collecting the data from various resources and cleaning them using the KSUSC system, it 

was decided to design the KSUSC corpus to be the largest Saudi corpus to date. To design this new 

corpus, the following criteria were validated: 

• Corpus Size: The designed corpus is a large corpus with more than 1B words. 

• Corpus Languages: The languages of the final corpus are MSA and SD. 

• Material Mode: The material of the KSUSC is written text because it can be easily collected 

and validated. However, in the future, spoken materials will also be considered for inclusion. 

• Corpus Dates: The KSUSC corpus covers past materials taken from preexisting corpuses (up to 

2010) in addition to recent new content written by the end of 2020. 

• Corpus Source: The text was collected from five resources, including preexisting corpora, 

websites, and different social media platforms. 

• Corpus Domains: The KSUSC is a diverse corpus that covers more than 26 domains. 

After validating the proposed categories, it was possible to design and build KSUSC corpus to 

include a total of 161,795,667 sentences, 1,183,156,600 words, and 14,240,747 unique words. For 

more details about the detailed statistics of the corpus, see “Appendix A – KSUSC Detailed 

Statistics”. Metadata was introduced to archive the text and the final outcome was copyrighted as 

will be explained next.   

2.4.1 Text Distribution  

To uncover the design criteria of KSUSC corpus, the general statistics are outlined in Table 8. 

From this table, it is clear how KSUSC is a large size corpus that include both MSA and SD 

languages. The size of MSA text is +8M unique words, +146M sentences, and ~1B words, while 

the size of the SD with mixed is +6M unique words, +14M sentences, +150M number of words. 

Although the total number of words in SD text might be relatively small comparing to the MSA in 

KSUSC, but it is still considerably bigger than all available corpora in SD. Moreover, when 

comparing the unique number of words between MSA and SD, it can be seen that MSA takes 56% 

of the total number of unique words while SD and mixed acquire the rest. Thus, KSUSC is still rich 

with SD vocabularies and morphologies.   
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Table 8. KSUSC distribution across languages 

Language No. of Sentences No. of Words No. of Unique Words 

MSA 146,969,746 1,032,814,633 8,029,018 

SD 12,441,955 119,877,091 5,014,593 

Mixed 2,383,966 30,464,876 1,197,136 

Total  161,795,667 1,183,156,600 14,240,747 

With respect to the date design criteria, as illustrated in Figure 30, it is clear that KSUSC data is 

saturated at the end (between 2018-2020). This of particular importance to ensure that new 

vocabularies, reflecting recent events, are covered by KSUSC. Note that this figure reflects the 

number of unique words to avoid noisy or redundant data. There are some missing years from the 

source data, but this would not affect the quality of the corpus since we are more concern with data 

from the last three years that can help with new tasks and challenge, such as COVID-19 or Saudi 

Vision 2030.  

 
Figure 30. KSUSC designed distribution across timeline   

When considering the source of the text, as illustrated in Table 9, more than 102M number of 

words in SD language resulted from the YouTube, +10M from Twitter, and +2M from web 

crawling. However, when considering the MSA text, it can be noticed that +900M resulted after 

pre-processing the pre-exiting datasets indicating that, indeed, they were further cleaned and 
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standardized. Moreover, +32M number of words in MSA resulted from web crawling and +20M 

words from Facebook. 

Table 9. KSUSC designed distribution across sources 

 Language  No. of Sentences No. of Words No. of Unique Words 

Pre-Existing 

Dataset 

MSA 145,193,442 980,222,925 5,642,982 

SD 502,562 4,142,961 335,718 
 145,696,004 984,365,886 5,978,700 

Facebook 

Mixed 2,112,808 26,001,220 922,787 

MSA 1,127,112 20,409,001 622,403 
 3,239,920 46,410,221 1,545,190 

Twitter 

Mixed 39,027 447,612 75,539 

SD 1,009,425 10,894,402 769,388 
 1,048,452 11,342,014 844,927 

Website 

MSA 649,192 32,182,707 1,763,633 

SD 255,565 2,476,153 97,791 
 904,757 34,658,860 1,861,424 

YouTube 

Mixed 232,131 4,016,044 198,810 

SD 10,674,403 102,363,575 3,811,696 
 10,906,534 106,379,619 4,010,506 

 

Finally, the categories distribution is another design criterion that must be highlighted with 

respect to the number of unique words. From Figure 31, it can be noticed that the category that 

include the highest number of unique words is the general (with 34%). This is because it included 

text that do not target a certain topic. After that, text about acting comes in second place, with 19% 

of the number of unique words, and news comes in third place with approximately 7% of the total 

number of unique words. Following that, the corpus is distributed similarly between the rest of the 

22 category, with music (0.02%) and history (0.03%) as the categories with smallest number of 

unique words. 
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Figure 31. KSUSC designed distribution across categories  

Although these statistics show the percentage of unique words in each domain, it must be 

clarified that these domains are based on the source text and not the vocabulary itself. In other 

words, if a word appears in sports-related text, this does not mean that the word does not appear in 

news-related text; rather, this means that it will not appear again in the same domain. Therefore, it 

was important to characterize the corpus with different metadata and archive it for further use. 

2.4.2 Text Metadata  

Any corpus in the literature has to be categorized and described with metadata. To facilitate 

further improvement in the future, it was decided to record as much information as possible about 

the corpus collected. In particular, KSUSC metadata included the source name, domain, file name, 

URL of the sources (or query/region), year of the text, and the total number of words, the number 

of sentences, and the number of unique words. These criteria will allow researchers to restrict their 

data to a specific source, period of time, domain, or even a query or region. These clear design 

criteria and metadata will be helpful in the corpus compilation process and when validating the 

accuracy of a certain task that is applied across the corpus. 
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2.4.3 Challenges and Difficulties  

The process of collecting SD text revealed different challenges, and the construction of the 

KSUSC presented many difficulties. These challenges can be summarized as follows: 

• It was difficult to distinguish SD text from other Gulf DA languages, and Saudi dialect experts 
had to be consulted. 

• The social media text was very dirty and needed intensive incremental cleaning. 

• No common SD lexicons were found; thus, they had to be created from scratch. 

• Social media platforms had many restrictions when collecting the data, which extended the 
collection process to obtain enough text for the corpus. 

• Some domains did not exist in current sources. 

• Not all preexisting corpora were available or free to access. 

Because of these challenges, the source of each text was included in the design criteria, but some 

domains and years were not fully covered. 

 

2.4.4 Copyrights 

The designed corpus was built from sources available online, and some have an active copyright, 

such as newspapers, magazines, books, tweets, and websites. Thus, the following actions have been 

taken: (1) bibliographic information about the corpus content is provided; (2) previews of the full 

text are restricted and are not available to the public; and (3) the collected text is not distributed and 

is locally used for research purposes. The corpus will be used according to the previously stated 

restrictions, and because it is intended for research purposes, it is consistent with the current Saudi 

copyright law [54].  
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3. Phase 3.2: Arab Word Vector Estimation   

Nowadays, Internet based applications are involved in many aspects of modern life. Several 

important services are being provided to internet users such as E-Learning, Online gaming, E-

government applications, social communications and news monitoring. For many of these 

applications, watching videos is a vital component for information delivery, especially in the cases 

of E-learning and news watching. With billions of internet users in the world, and tens of millions 

of them in the Middle East, there is always a need for better and more efficient videos retrieval 

techniques. 

With the recent developments and intensive use of the Internet, word vector estimation became 

limited and new discoveries have been found with respect to sentence estimation. It was found that 

the most common criterion used to retrieve videos is key-sentences. Given a set of available videos, 

millions of them for practical applications, the user can query the system by entering a sentence to 

describe the content of the video to be viewed. There are some problems that can make this process 

inefficient. One of such problems is that the same video can be retrieved using several sentences. 

i.e., the user can use a different query other than the key sentences that are associated with the video 

to describe it. For any efficient retrieval process, the system should be able to recognize the 

correlation between similar, but different, queries. 

3.1 Literature Review 

In this section, BERT and BERT-Like models available in the literature are discussed and its use 

for sentence embeddings is also presented. 

3.1.1 BERT-Like Models  

Natural Language Processing (NLP) has gained a significant boost in the last few years. This is 

due to the advances happened in machine learning and in deep learning in particular. Recent 

achievements in NLP are using new technique called BERT [55] and some of similar models [56-

58]. BERT and BERT-Like models [56-58] are generally self-supervised machine learning 

techniques that make use of the huge amounts of unlabeled text data available on the internet. The 

following is a summary of some of these techniques' methodologies. 
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BERT: BERT is a relatively new language representation model, which stands for Bidirectional 

Encoder Representations from Transformers. The BERT process corrupts the input by replacing 

some tokens with [MASK] and then train a model to reconstruct the original tokens.  Unlike other 

relatively older language representation models, BERT is designed to pre-train deep bidirectional 

representations from unlabeled text by jointly conditioning on both left and right context in all 

layers. As a result, the pre-trained BERT model can be fine-tuned with just one additional output 

layer to create state-of-the-art models for a wide range of tasks, such as question answering and 

language inference, without substantial task specific architecture modifications. BERT is 

conceptually simple and empirically powerful.  

RoBERTa: RoBERTa is a replication study of BERT pre-training that carefully measures the 

impact of many key hyper parameters and training data size. The RoBERTa version of BERT is 

more computationally efficient and the model achieves state-of-the-art results at the time of its 

publication on several standard datasets. These results highlight the importance of previously 

overlooked design choices, and raise questions about the source of some of the reported 

improvements. 

ELECTRA: Masked language modeling (MLM) pre-training methods such as BERT and 

RoBERTa corrupt the input by replacing some tokens with [MASK] and then train a model to 

reconstruct the original tokens. While they produce good results when transferred to downstream 

NLP tasks, they generally require high computation to be effective. As an alternative, the Authors 

of ELECTRA proposed a more sample-efficient pre-training process. Instead of masking the input, 

ELECTRA approach corrupts it by replacing some tokens with plausible alternatives sampled from 

a small generator network. Then, instead of training a model that predicts the original identities of 

the corrupted tokens, ELECTRA trains a discriminative model that predicts whether each token in 

the corrupted input was replaced by a generator sample or not. Thorough experiments demonstrate 

this new pre-training task is more efficient than MLM because the task is defined over all input 

tokens rather than just the small subset that was masked out.  
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Although the previously generated BERT-based models are multilingual, but the performance 

of these models are lower than the models that target a specific language. Many researchers with 

different lingual background proposed BERT-based models for several specific languages [59][60]. 

For Arabic language, the authors of [61] presented a BERT-based language model called 

ArabicBERT. Also, in [62] and [63], the Authors proposed two language models, AraBERT and 

AraELECTRA, for Arabic language that are based on BERT and ELECTRA respectively. The 

following are a summary of the methodologies used for these models. 

ArabicBERT: ArabicBERT was the first pre-trained BERT model for Arabic [61]. Four 

Arabic BERT language models were trained from scratch and made publicly available for use. It 

had used a corpus that consists of the unshuffled version of OSCAR data [64] and a relatively recent 

data dump from Wikipedia, which sums up to 8.2B words and a vocabulary set of 32,000 Word 

pieces. The corpus and the vocabulary set were not restricted to MSA; they contained some DA 

too, which boosted models performance in terms of data from social media platforms. 

AraBERT: In [62], the authors of AraBERT pre-trained BERT specifically for Arabic language 

in the pursuit of achieving the same success that BERT did for English language. The performance 

of AraBERT is compared to multilingual BERT from Google and other state-of-the-art approaches. 

The results showed that the newly developed AraBERT achieved state-of-the-art performance on 

the mostly tested Arabic NLP tasks. The pre-trained AraBERT models are publicly available on 

github.com/aub-mind/araBERT hoping to encourage research and applications for Arabic NLP. 

AraELECTRA: The Authors of [63] developed an Arabic language representation model, 

which they named ARAELECTRA. Their model is pre-trained using the replaced token detection 

objective on large Arabic text corpora. They evaluated their model on two Arabic reading 

comprehension tasks, and showed that ARAELECTRA outperform current state-of-the-art Arabic 

language representation models that rely only on pre-training via masked language modeling given 

the same pre-training data and with even a smaller model size. 
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3.1.2 Sentence Embeddings  

The most effective method to check the correlation between several sentences is based on what 

is called sentence embeddings. Sentence embeddings are vectors in hyperspace that describe the 

semantics of the sentence in the sense that the sentences that have similar semantic meaning will 

have close vectors in the hyperspace. To make use of the recent advances in NLP to increase the 

efficiency of video retrieval systems, we need to be able to generate robust sentence embeddings 

from users' queries and video key sentences for a better matching. BERT and BERT-like models 

have been built essentially for modeling natural languages. Some attempts have been conducted to 

use BERT-like model to extract embeddings for sentences. However, the resulting sentence 

embeddings were not efficient enough for practical usage [65]. 

In [65], the authors presented a method to utilize BERT models to generate robust sentence 

embeddings. While BERT and RoBERTa have set a new state-of-the-art performance on sentence-

pair regression tasks like semantic textual similarity (STS), however, they require that both 

sentences fed into the network; which causes a massive computational overhead. For example, 

finding the most similar pair in a collection of 10,000 sentences requires about 50 million inference 

computations (around 65 hours) with BERT. The construction of BERT makes it unsuitable for 

semantic similarity search. In [65], the authors proposed Sentence-BERT (SBERT), a modification 

of the pre-trained BERT network that use siamese and triplet network structures to derive 

semantically meaningful sentence embeddings that can be compared using cosine-similarity. This 

can be done effectively by fine-tuning the original BERT model using a dataset like SNLI [66]. 

Figure 32 & Figure 33 illustrate SBERT architectures for training and inference respectively. This 

reduces the effort for finding the most similar pair from 65 hours with BERT / RoBERTa to about 

5 seconds with SBERT, while maintaining the accuracy from BERT. The authors evaluated SBERT 

and SRoBERTa on common STS tasks and transfer learning tasks, where it outperforms other state-

of-the-art sentence embeddings methods. 
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Figure 32. SBERT architecture with classification objective function, e.g., for fine-tuning on SNLI dataset. The two 

BERT networks have tied weights (siamese network structure). 

 
Figure 33. SBERT architecture at inference, for example, to compute similarity scores. 

In [67], the authors presented an easy and efficient method to extend existing sentence 

embedding models to new languages. This allows creating multilingual versions from previously 

monolingual models. The training is based on the idea that a translated sentence should be mapped 

to the same location in the vector space as the original sentence. They used the monolingual model 

to generate sentence embeddings for the source language and then train a new system on translated 
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sentences to mimic the original model. They have tried several recipes and generated several model. 

We will refer to the best one as SBERT-paraphrase. Compared to other methods for training 

multilingual sentence embeddings, this approach has several advantages: it is easy to extend 

existing models with relatively few samples to new languages, it is easier to ensure desired 

properties for the vector space, and the hardware requirements for training are lower. They 

demonstrated the effectiveness of their approach for 50+ languages, including Arabic, from various 

language families. 

In [68], the authors adapted multilingual BERT to produce language-agnostic sentence 

embeddings model, called LaBSE that supports 109 languages including Arabic. Their model 

combines masked language model and translation language model [69] pre-training with a 

translation ranking task using bi-directional dual encoders. Their sentence embeddings establish 

new state-of-the-art results on BUCC [70] bitext retrieval. 

3.2 Empirical Study  

We have applied SBERT on three datasets, ArabicBERT, AraBERT and AraELECTRA. We 

have also evaluated another two models: SBERT-paraphrase and LaBSE. To compare the results 

of all models, we have checked each model based on a semantic sentence similarity search. Using 

three different sentence queries, each model had to retrieve the most similar five candidate 

sentences out of around 10000 sentences. The following are examples of the results of each model. 

3.2.1 ArabicBERT Results 

Query: المكرونة يأكل رجل.  
Top 5 most similar sentences in corpus: 

.طعام يأكل رجل  (Score: 0.8249) 
.الخبز من قطعة يأكل رجل  (Score: 0.7945) 

.بالبحرين  (Score: 0.7492) 
.فعلى بشكل البطالة  (Score: 0.7377) 
.الحكم  عن بالتخلى  (Score: 0.7305) 

====================== 

Query: الطبول على يعزف كغوريللا يلبس ما شخص .  
Top 5 most similar sentences in corpus: 

.الطبول على  يعزف قرد  (Score: 0.7502) 
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.شيآن الى  يصل السلوفاكى الرئيس  (Score: 0.7008) 
.ماكاو الى يصل هوان  روى لى  (Score: 0.6667) 

.لبلير الريفى الرسمى  المقر تشيكرز فى الجانبان التقى  (Score: 0.6584) 
.موسع بغداد الى يصل والبرادعي بليكس  (Score: 0.6534) 

====================== 
Query: حقل  في فريسة يطارد فهد.  
Top 5 most similar sentences in corpus: 

.فريستهء خلف يجري فهد  (Score: 0.8670) 
.العراقى الرئيس لإقصاء يسعون لا العرب الفيصل  (Score: 0.7497) 
.صدام إسقاط خطة وترفض  (Score: 0.7455) 
.والثروة النفط وزير الناصرى سيف بن عبيد اكد أبوظبى  (Score: 0.7453) 

.العراق عن  يرحل لن صدام  ان يقول عنيد سفير  (Score: 0.7446) 
====================== 

 

3.2.2 AraBERT Results 

Query: المكرونة يأكل رجل.  
Top 5 most similar sentences in corpus: 

.الامام الى تاريخية  (Score: 0.8357) 
.هناك الحرارة درجة  (Score: 0.8287) 

.التايمز  (Score: 0.8285) 
.التايمز  (Score: 0.8285) 
.التايمز  (Score: 0.8285) 

====================== 
 
Query: الطبول على يعزف كغوريللا يلبس ما شخص .  
Top 5 most similar sentences in corpus: 

.الطبول على  يعزف قرد  (Score: 0.8719) 
.اونتيريو مقاطعة فى  والنواب الوزراء من  (Score: 0.7936) 

.الازمة  لحل  والمساحة الوقت  الدولى  (Score: 0.7926) 
.الملاريا مرض  من خال الاردن صحى مسؤول  (Score: 0.7873) 
.المسلح  الكفاح انطلاقة  (Score: 0.7845) 

====================== 
 
Query: حقل  في فريسة يطارد فهد.  
Top 5 most similar sentences in corpus: 

.فريستهء خلف يجري فهد  (Score: 0.8764) 
.طائرات تشترى صينية قرية  (Score: 0.7465) 
.آسيا فى ازهار مركز اكبر  (Score: 0.7394) 
.طعام يأكل رجل  (Score: 0.7390) 
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.اخر عجلا تتبنى كينية اسد انثى  (Score: 0.7370) 
====================== 

3.2.3 AraELECTRA Results 

Query: المكرونة يأكل رجل.  
Top 5 most similar sentences in corpus: 

.الخبز من قطعة يأكل رجل  (Score: 0.9500) 
. الصين  فى الابدية الوظيفة نهاية  (Score: 0.9468) 
.الأرضية على أبيض حصان يركب رجل  (Score: 0.9455) 
.نحصا يركب رجل  (Score: 0.9413) 

.عراقي  مواطن لمسكن تفتيش اول اجراء  (Score: 0.9413) 
====================== 

Query: الطبول على يعزف كغوريللا يلبس ما شخص.  
Top 5 most similar sentences in corpus: 

.القرنفل صناعة تنعش زنزبار  (Score: 0.9464) 
.العالم فى هجين صويا  فول اول  (Score: 0.9441) 

.كبيرة كهرنووية  محطات بناء على قادرة الصين  (Score: 0.9271) 
.العالم فى مستنسخ طفل ثانى ميلاد تزعم دينية طائفة  (Score: 0.9229) 

.منطقيا  سخيفة كويزومى تصريحات ان  (Score: 0.9186) 
====================== 

Query: حقل  في فريسة يطارد فهد.  
Top 5 most similar sentences in corpus: 

.كولومبيا يهز متوسط زلزال  (Score: 0.9680) 
.صينية  مقاطعة فى ضارة احياء ضبط  (Score: 0.9591) 
.للحرب المجاورة الدول رفض يتوقع عزيز  (Score: 0.9583) 
.طائرات تشترى صينية قرية  (Score: 0.9572) 

.حليةسا مدينة فى الاجنبية الاستثمارات أربعة  (Score: 0.9540) 
====================== 

3.2.4 SBERT-paraphrase Results 

Query: . المكرونة يأكل رجل  
Top 5 most similar sentences in corpus: 

.طعام يأكل رجل  (Score: 0.8725) 
.الخبز من قطعة يأكل رجل  (Score: 0.6890) 
.حصان يركب رجل  (Score: 0.4892) 
.الأرضية على أبيض حصان يركب رجل  (Score: 0.4572) 

.البشر لحوم تناولها تنفى متمردة كونغولية مجموعة  (Score: 0.3671) 
====================== 

Query: الطبول على يعزف كغوريللا يلبس ما شخص .  
Top 5 most similar sentences in corpus: 
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.الطبول على  يعزف قرد  (Score: 0.6012) 
.الكمان على تعزف امرأة  (Score: 0.5324) 

.الشباب على الراب وموسيقى  (Score: 0.3234) 
.الخبز من قطعة يأكل رجل  (Score: 0.2967) 
.الالمانى للدورى ينضم صينى وسط خط لاعب  (Score: 0.2838) 

====================== 
Query: . حقل  في فريسة يطارد فهد  
Top 5 most similar sentences in corpus: 

.فريستهء خلف يجري فهد  (Score: 0.7528) 
.الخارج من والنبات الحيوان  (Score: 0.4827) 

.اوغندا شمال الى  المتمردين من زعيم فرار  (Score: 0.4233) 
.التبت فى الرعاة توطين  (Score: 0.4043) 
.اوغندا غرب  فى النيل نهر انسداد  (Score: 0.4001) 

3.2.5 LaBSE Results 

Query: . المكرونة يأكل رجل  
Top 5 most similar sentences in corpus: 

.الخبز من قطعة يأكل رجل  (Score: 0.8879) 
.طعام يأكل رجل  (Score: 0.8353) 
.حصان يركب رجل  (Score: 0.5888) 
.الأرضية على أبيض حصان يركب رجل  (Score: 0.5068) 
.الكمان على تعزف امرأة  (Score: 0.4419) 

====================== 
Query: . الطبول  على يعزف كغوريللا يلبس ما شخص  
Top 5 most similar sentences in corpus: 

.الكمان على تعزف امرأة  (Score: 0.5975) 
.الطبول على  يعزف قرد  (Score: 0.5371) 

.الخبز من قطعة يأكل رجل  (Score: 0.3970) 
.حصان يركب رجل  (Score: 0.3894) 
.الأرضية على أبيض حصان يركب رجل  (Score: 0.3825) 

====================== 
Query: . حقل  في فريسة يطارد فهد  
Top 5 most similar sentences in corpus: 

.فريستهء خلف يجري فهد  (Score: 0.6934) 
.لحم بيت فى عايدة مخيم فى فلسطينى مقتل  (Score: 0.4701) 

.التبت فى الرعاة توطين  (Score: 0.4578) 
.بسيارته مستوطن دهسه  ان بعد فلسطينى كهل مقتل  (Score: 0.4243) 

.الغابة خلال عربات يدفعان رجلين  (Score: 0.4212) 
====================== 
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It is clear from the results above, that ArabicBERT-based model along with SBERT-paraphrase 

and LaBSE have the best performance in this test, followed by AraBERT-based model.  

In another experiment, we have evaluated ArabicBERT-based model, AraBERT-based model 

and AraELECTRA-based model on a dataset of Arabic pairs of sentences [70]. It consists of 250 

pairs and for each pair; a manual gold score for the similarity between the two sentences has been 

set. In Table 10, the results of the models on the mentioned dataset is given. For each model, 

Spearman’s rank correlation ρ between the computed score and the gold score is calculated based 

on the recommendation of [71]. The evaluated models have been compared with the results of the 

models introduced in [66-67]. 

Table 10. Spearman rank correlation ρ (x 100) between the cosine similarity of sentence representations 
and the manual scores for Arabic dataset in [70]. 

 The Model Spearman rank correlation ρ (x 100) 
1 ArabicBERT 65.3 
2 AraBERT 51.5 
3 AraELECTRA 36.5 
4 mBERT mean [68] 50.9 
5 XLM-R mean [68] 25.7 
6 mBERT-nli-stsb [68] 65.3 
7 XLM-R-nli-stsb [68] 64.4 
8 mBERT ← SBERT-nli-stsb [68] 78.8 
9 DistilmBERT ← SBERT-nli-stsb [68] 77.7 
10 XLM-R ← SBERT-nli-stsb [68] 79.9 
11 XLM-R ← SBERT-paraphrases [68] 79.6 
12 LaBSE [67] 69.1 

Table 10 shows that the ArabicBERT-based model is better than AraBERT-based and 

AraELECTRA-based ones; and this is consistent with the results of the previously illustrated 

examples. While the ArabicBERT-based model has a good performance in general, the models that 

are based on knowledge distillation (models numbered 8, 9, 10, and 11 [66]) have better 

performance. However, in general, we need more robust test set to be used for evaluating the 

effectiveness of the models, and this will be introduced in the next year plan. 
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4. Conclusion 

Designing and building corpora is a time consuming process that is challenging and important 

at the same time. Collecting dialect language increases the challenge further and in spite of all of 

the developments in Arabic corpora, SD corpus still in need for further contribution. This report 

surveyed 33 Arabic corpora to find out that, in spite of all of the developments in Arabic corpora, 

SD corpus still in need for further contribution. Thus, +1B words of text were collected from more 

than five resources. These resources included existing corpora and new text collected from websites 

and social media platforms to include past/recent vocabularies.  

Following that, the report introduced a new pre-processing system that is incremental and 

scalable to new data sources. The system validated the collected data and eliminated irrelevant 

characters and incomplete text. The incremental propriety introduced in this system can scale to 

other languages in DA. As a result of this system, it was possible to design and build a new KSUSC 

corpus which is large in size, diverse, and contemporary. KSUSC corpus included MSA and SD, 

covering 25 different domains. It is a large size corpus with +1B words, +161M sentences, and 

+14M unique words. The SD vocabularies in KSUSC was around 50% of the total number of unique 

words in the corpus. 

In addition to the SD corpus collected so far, this report showed different semantic models for 

sentence embeddings. From the empirical test, the models performance was compared with 

different data sets and tasks to find that SBERT produce the best results. For better evaluation of 

SBERT based sentence embeddings models, we are working on translating a dataset of around 1300 

pair of English sentences. This set will be used to check the quality of English versions of sentence 

embedding models that is based on SBERT. This version is a collection of standardized sentences 

that have been manually assessed. For each pair of sentences, a manual score have been calculated 

to measure the similarity between the two sentences. The set will be translated to modern standard 

Arabic, Egyptian colloquial Arabic, and Saudi colloquial Arabic versions. Moreover, the collected 

Saudi corpus will be used to refine the Arabic corpora that we have. The new refined version will 

be used by SBERT methodology to generate a sentence embeddings model for Saudi dialect, and 

will be tested on the upcoming translated version of the dataset. 
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Appendix A – KSUSC Detailed Statistics  
Source Language Category Time No. of Unique Words  No. of Sentences  No. of Words 

Pre-Existing Dataset 

SD 

General 2017 220,643 381,709 3,444,749 
General 2018 5,250 3,953 21,634 
Poetry 2020 62,595 99,125 477,770 
Politics 2020 22,810 7,417 95,481 
Social 2018 24,420 10,358 103,327 

MSA 

Culture 2017 52,736 11,350 345,937 
Technology 2017 57,504 24,532 680,140 

Sport 2017 75,923 44,173 1,460,770 
News 2017 144,306 158,439 4,560,388 

Economy 2017 49,535 26,684 827,246 
hotelReview 2016 282,899 512,512 11,029,537 

Acting 2020 2,543,126 64,164,808 373,045,451 
General 2010 131,984 148,668 2,049,168 
General 2013 1,734,837 69,699,319 351,853,997 
General 2018 570,132 10,402,957 234,370,291 

Website 

SD Economy 2020 97,791 255,565 2,476,153 

MSA 
Medicine 2018 103,682 437,011 8,886,837 

News 2018 226,147 112,068 2,251,042 
General 2011 1,433,804 100,113 21,044,828 

YouTube  
SD 

Acting 2020 141,894 214,421 1,926,650 
carReview 2020 190,485 251,437 3,858,461 
Economy 2020 45,452 18,655 296,064 
eGames 2020 495,436 2,401,397 18,667,161 

Entertainment 2020 238,918 490,526 4,457,690 
Magic 2020 58,450 65,064 555,379 

MakeUp 2020 55,393 37,453 441,649 
Media 2020 644,047 1,383,250 17,070,306 

General 2020 110,800 106,465 995,822 
News 2020 158,247 108,220 1,400,449 
Poetry 2020 6,798 2,067 17,859 
Politics 2020 15,325 4,748 62,413 
Religion 2020 72,616 82,043 891,185 
Songs 2020 405,908 1,158,668 10,412,711 
Sport 2020 220,248 349,165 3,975,687 

Technology 2020 94,785 150,694 1,840,975 
Vlog 2020 856,894 3,850,130 35,493,114 

Mixed Religion 2020 198,810 232,131 4,016,044 

Twitter SD 

Acting 2020 19,374 6,491 57,696 
Economy 2020 14,473 8,528 94,534 
eGames 2020 45,464 58,468 626,587 
HashTag 2020 20,124 9,630 82,683 
History 2020 3,606 606 6,730 

Literature 2020 3,527 1,477 8,864 
Media 2020 57,556 58,728 721,909 

Medicine 2020 8,604 2,156 22,760 
General 2020 301,142 501,076 4,853,438 
Music 2020 2,887 1,089 13,012 
News 2020 134,916 178,791 2,124,959 
Poetry 2020 4,748 1,216 9,266 
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Source Language Category Time No. of Unique Words  No. of Sentences  No. of Words 

Politics 2020 12,669 9,560 131,335 
Religion 2020 6,111 4,256 49,634 
Social 2020 63,760 93,446 1,208,296 
Sport 2020 56,051 67,863 829,431 

Technology 2020 14,376 6,044 53,268 

Mixed 

Economy 2020 2,369 1,342 20,056 
Hashtag 2020 904 307 2,132 
Media 2020 4,171 1,340 10,408 

Medicine 2020 5,570 1,905 13,972 
News 2020 48,891 27,553 336,968 

Religion 2020 3,919 852 8,514 
Sport 2020 9,715 5,728 55,562 

Facebook 

MSA 

Cooking 2018 20,852 13,412 112,411 
Economy 2018 98,465 248,226 10,666,947 
Literature 2018 76,101 18,997 576,846 

News 2018 111,391 63,026 1,513,749 
Sport 2018 315,594 783,451 7,539,048 

Mixed 

Acting 2018 6,038 1,289 20,498 
Culture 2018 7,313 2,394 41,547 

Economy 2018 87,463 98,739 1,422,899 
Media 2018 23,322 22,993 310,189 

Medicine 2018 64,813 71,616 1,008,600 
General 2018 362,386 944,522 10,656,985 
News 2018 159,900 188,972 2,274,879 

Religion 2018 89,348 606,274 8,582,885 
Sport 2018 117,848 174,813 1,667,435 

Technology 2018 4,356 1,196 15,303 
Total 14,240,747 161,795,667 1,183,156,600 
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1. Introduction

Video content recognition is a comprehensive problem, in which multiple components such as

static  scenes  and  objects  and  dynamic  events  and  human  actions  should  be  addressed  in

integrated ways. Unfortunately, most of the research efforts in video understanding in the past

years touched isolated sub-aspects of the problem instead of providing comprehensive solutions

to tackle the actual problem. Some of those efforts focused on human activity recognition and

others focused on object detection or recognition and so on. Even though several methods have

been proposed for action recognition in literature, action recognition is still a challenging task

due  to  several  reasons  such as  the  optimal  way for  deriving  the  temporal  features  and the

computational  costs.  Action  recognition  can  be  improved  either  by  improving  the  feature

extraction which in turn requires new model components to be developed, or by combining the

current models with some neural network component for providing better fused features.

Recently,  the  research  pioneers  in  AI  and  computer  vision  such  as  Google  and  Facebook

launched the new direction for comprehensive video understanding, which is still in its early

stages. A comprehensive video understanding dataset called holistic video understanding (HVU)

was recently published to support the new direction of research. It is structured in a hierarchal

way, where it has six main categories of visual components, actions, objects,  events, scenes,

attributes, and concepts. Under each category there are large number of classes. This dataset is

publicly available in two versions the full version and a mini version. 

In this work we address the problem of video understanding in two ways. In one hand we try to

enhance the performance of action recognition techniques on well-known benchmarks such as

Kinetics dataset via

 Employing a variational  feature learning on top of action recognition models for better

discriminate inter/intra action categories.

 Feature fusion of the action recognition with the classification features of the corresponding

frames

 while  on  the  other  hand,  we try  to  generalize  the  solution  toward  a  comprehensive  video

understanding. 
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Different architectures were developed and evaluated separately on two datasets, Kinetics-400

and HVU dataset.

2. Literature Review

2.1 Literature Review of Action Recognition

Action  recognition  has  been  researched  in  many  papers  under  various  titles  such  as  video

analysis  or understanding,  human action or activity  recognition and video events  captioning.

Most of these research works focus on developing robust techniques to encode the evolution of

the events over a sequence of frames and then, predicting a label from a discrete set of action

categories as in [1, 2]. The drawback of these works is that there is no detailed description for the

action in the output. To overcome this lack of details in the detected action, other subsequent

works explore explaining video semantics using sentence descriptions as in [3, 4]. Typically, a

short  video clip  contains  multiple  overlapped actions,  with high  variation  in  their  durations.

Some of the actions  might span across the entire  clip,  while others might take place in few

seconds. Temporal proposal is the most common technique investigated in different ways for

action detection and localization. It is inspired by the object proposal techniques, which are the

state-of-the-art in object detection and image captioning. For action proposal, a sliding window

of varying size is typically used to generate multiple segment proposals of different volumes

through the input video sequence. The drawback of this technique is the high computational cost

of  applying  sliding  windows of  multiple  sizes.  An important  enhancement  for  the  temporal

proposals is the deep action proposals (DAPs) [5]. Instead of applying windows of different sizes

on the input, the authors encode a stream of visual observations via 3DCNN followed by LSTM

sequence encoder  into a sequence of discriminative hidden states. A linear combination of the

last state in the sequence encoder is then used to generate multiple proposals of different sizes as

well  as  confidence  values  of  including  action  within  the  temporal  extent  of  each  proposed

segment.

Even though the mentioned techniques might perform well with a single action per shot or at

most with sequentially ordered actions, it fail in the identification and description of multiple

overlapped actions. Dense-captioning events in videos is a new approach, that tries localizing

and describing all the events in the video. For instance, the work of Krishna et al. [6] extends the
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DAPs technique [5] of temporal proposal generation to detect events in short as well as long

video segments.  To achieve  that  the  3DCNN features  of  the  input  sequence are sampled at

different strides to capture events of different lengths. Furthermore, in the event captioning phase

the context from the surrounding proposals is investigated as it is observed that events in a given

video are almost highly correlated.

2.2 Literature Review of Video Datasets

To build the models for recognizing the video content we need to have a video dataset that will

include general videos and local videos. For the local videos part, we have to build it ourselves.

For the general part we will use one or more of the datasets used by researchers in the field, so

we can compare the video recognition techniques that we will use with the techniques used by

other researcher and be able to publish our work.

Several benchmark datasets are available for video analysis and understanding researches such as

MDB51 [7], UCF101 [8], YouTube 8M, Activity Net, TRECVID, HVU. We looked at many

datasets and Table 1 present some of the major datasets and a comparison between them. From

this evaluation we selected 4 datasets: TRECVID, ActivityNet, Kinetics, and HVU. They were

the best  suitable  to our research.  In the following we will  describe these 4 datasets  and the

dataset YouTube-8M due its importance.

YouTube-8M 

YouTube-8M is a huge multilabel video classification dataset. It consists of nearly 8M YouTube

video IDs with a total  time duration of  350K hours [9].  It  is  annotated  by more than 3800

vocabularies of visual entities with 3 labels per video in average.  Figure 1 shows the top 200

entities in YouTube-8M. The first round of annotation process was machine-generated, which

was  followed by other  verification  rounds.  The verification  rounds used  different  strategies,

including asking human raters whether the labels are visually recognizable or not. The dataset is

available for download in the form of precomputed audio-visual features from billions of frames

and audio segments to reduce the required storage size and enable training starter model on this

dataset on limited computation resources.  

YouTube-8M Segments dataset is an extension for YouTube-8M dataset, with human-verified

segment-level annotations [9]. The occurrence times of entities are localized in this version. It
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contains  verified  labels  for  237K  segments  on  1000  classes  from the  validation  set  of  the

YouTube-8M dataset, with an average of 5 segments per video. 

Figure  1.  The top 200 entities in  You Tube-8M dataset.  Font  size  is  proportional  to  the
number of videos labeled with the entity [10].
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Table 1: Comparison between the datasets
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TRECVID

The TREC conference series is sponsored by the National Institute of Standards and Technology

(NIST) with additional support from other U.S. government agencies. The goal of the conference

series  is  to  encourage  research  in  information  retrieval  by  providing a  large  test  collection,

uniform scoring procedures, and a forum for organizations interested in comparing their results.

In 2001 and 2002 the TREC series sponsored a video "track" devoted to research in automatic

segmentation,  indexing,  and content-based retrieval  of digital  video. Beginning in  2003, this

track became an independent evaluation (TRECVID) with a workshop taking place just before

TREC. [11]

The TRECVID datasets are a set of collected videos from diverse sources (Internet Archives

HAVIC, Vine, BBC EastEnders, CNN, CCTV, LBC, NBC, etc. ...), and have diverse lengths and

sizes.

Video recording quality  also differs between one video and another,  some videos are

from the 1970’s, as presented in Figure 2.  

The concepts were defined and assigned not to the whole video, but to representative Key

Frames called (RKF), thus one video might contain one or more RKF, and each RKF contains

only one concept,  even if  the  frame does  contain  other  information,  but  the  most  dominant

concept is singularly selected. 

In  each  Semantic  TRECVID  task,  the  organizers  were  focusing  on  the  RKF

classification.  Given  a  set  of  RKF  frames  from  videos  in  the  training  and  validation  sets,

competitors were asked to classify the test RKF frames to the right concept, as shown in Figure

3.   
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Figure 3. Visualization of the composition of shots and subshots in TRECVID data
[35].

In Figure 4, a list of the TRECVID tasks per year and over years is presented, the different tasks

appear  and disappear  over the years,  depending on the research directions of the TRECVID

team.
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In

some

tasks,

just

some

selected concepts, were used for the competition, even if the competitors gave the results for all

the required RKF.

Most of the videos had copyrights, and require signing applications, beside the HVAC

Internet Archives that were mostly free for download and few videos were removed over time for

copyright issues. Here is a list of the Internet Archives (IACC) [12] [13], as listed in Table 2.

Table 2: Internet Archives Videos used in TRECVID over the years 2010-2015

Collection (slice)

Total

Duration 

(h) 

video 

files

min/mean/max
Video

shots

Mean
used for

training
used for test

duration (s)

duratio

n (s)

IACC.1.tv10.training 198 3127 211/228/248 118205 6.04 2010-2015 -

IACC.1.A 220 8358 11/95/211 144757 5.48 2011-2015 2010

IACC.1.B 218 8216 11/96/211 137327 5.72 2012-2015 2011

IACC.1.C 221 8263 11/96/211 145634 5.46 2013-2015 2012

IACC.2.A 199 2407 10/297/387 110947 6.46 - 2013

IACC.2.B 197 2368 10/299/387 106611 6.65 - 2013-2014

IACC.2.C 199 2395 10/298/387 113046 6.32 - 2013-2015

Total 1452 35134 10/149/387 876527 5.97

LSCOM

Semantic concept detection represents a key requirement in accessing large collections of

digital images/videos. Automatic detection of presence of a large number of semantic concepts,

12
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such as  “person,” or  “waterfront,”  or  “explosion”,  allows intuitive  indexing and retrieval  of

visual content at the semantic level. Development of effective concept detectors and systematic

evaluation methods has become an active research topic in recent years. For example, a major

video retrieval benchmarking event, NIST TRECVID [11], has contributed to this emerging area

through 

-the provision of large sets of common data 

-the organization of common benchmark tasks to perform over this data. [14] [15]

The LSCOM concepts selection went through phases over the years, and each couple of

years, new concepts were added. The TRECVID concepts were inspired from the LSCOM 500.

The last LSCOM version 1.0 contained nearly 856 concepts. Figure 5 shows some concepts from

the broadcast news, also called LSCOM Lite.

ActivityNet Captions

ActivityNet Captions is another large-scale dataset for dense-captioning events [16]. It contains

20k videos, with a total time of 849 hours and 100k total descriptions. Each description is a
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textual sentence describing an event that occurs in a specific segment in a video.  The average

length of each sentence is 13.48 words. Each video is described by a paragraph of 3.65 sentences

in average. The average length of segments is 36 seconds, while the average length of videos is

180 seconds. This benchmark is also available for researchers in the form of YouTube video IDs,

segments’ time stamps and textual descriptions.  

ActivityNet Entities

The ActivityNet-Entities  is  based on the  video description  dataset  ActivityNet  Captions  and

augments it with 158k bounding box annotations, each grounding annotation is a noun phrase

(NP). The noun phrases in these annotations are based on ActivityNet Captions, which are linked

to videos in ActivityNet 1.3. 

This  dataset  consists  of  10k,  2.5k,  and  2.5k  videos  for  training,  validation,  and  testing,

respectively. It also encompasses 35k, 8.6k, and 8.5k event segments and sentence descriptions

in addition to 105k, 26.5k, and 26.1k bounding box annotations on each split [17].

An advantage of this dataset is the multi annotation of videos, each video segment has a token

that describes the action in the segment as well as bounding boxes for some of the objects in that

segment. Table 3 illustrates the annotations in sample frames from three consecutive segments in

a video.

Table 3. Annotation samples from ActivityNet entities dataset

Object bounding 
boxes

Action annotation

First 
segme
nt

“A woman is shown riding a camel past pyramid in
Egypt”

Secon
d 
segme
nt

“The camel walks as the woman leans forward”
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Third 
segme
nt

“A woman is shown riding a camel past pyramid in 
Egypt”

Kinetics

It is a large-scale dataset of up to 650,000 video clips. The dataset is available in three versions,

Kinetics 400, Kinetics 600, and Kinetics 700. Depending on the dataset version, the collection of

videos covers 400, 600, or 700 action classes [19]. This dataset is mostly focused on human

actions, which include human actions such as laughing, human-human actions such as shaking

hands, and human-object actions such as washing dishes [20]. 

The  dataset  is  not  hierarchically  organized  even  though  it  contains  several  parent-child

groupings. The dataset consists of three folds, one for training with 250–1000 videos per class,

other fold for validation with 50 videos per class and another fold for testing with 100 videos per

class [20]. 

Four stages were used to create the Kinetics dataset. The first one is searching the video clips in

YouTube corpus by matching video titles with the Kinetics actions list [20]. In the second stage,

a temporal positioning for the action in the videos was performed by applying a pretrained image

classifier  on the video frames.  Then a manual  labeling was performed, in the third stage,  to

verify that  the corresponding actions  are actually  occurring during the timely  stamped clips,

where Amazon’s Mechanical  Turk (AMT) service was used for this  purpose.  All  the videos

added to the dataset have at least three positive responses out of five from the AMT workers. In

the final stage intensive work was performed to remove duplicated and noisy videos [20].

HVU

Contrary  to  the  previous  research  work  which  were  focusing  on  highly  specific  video

understanding task, Holistic Video Understanding (HVU) dataset is aimed to describe the entire

content of a video by reframing the comprehensive problem of video understanding as a multi
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label and multitask recognition in a dynamic scene [18]. For that reason, the HVU is organized

hierarchically based on the semantic taxonomy. HVU contains 572k videos with a total  of 9

million  annotations  for  training,  validation  and  test  set  spanning  over  3457  labels.  It

encompasses various categories of semantics that capture real world scenarios. These categories

include objects, scenes, events, attributes actions and concepts. The total number of HVU labels

is distributed among these categories as follows: 

- Objects include 1917 labels,

- Scenes include 282 labels,

- Events include 77 labels,

- Attributes include 106 labels,

- Actions include 882 labels,

- Concepts include 193 labels.

A detailed statistic of the HVU training dataset is given in Table 4. This dataset is supported by

rich annotations  of  2112 annotations  per  label  in  average,  which is  a  reasonable  amount  of

training.

Table 4. Statistics of the HVU training set for different categories [38]

Task
Category 

Scene Object Action Event Attrib
ute 

Conce
pt 

Total

#Labels 282 1917 882 77 106 193 3457

#Annotations 733,332 3,717,455 1,005,954 450,776 380,921 904,514 7,192,952

#Videos 242,908 469,141 454,592 224,940 285,811 371,438 475,797

Manually annotating a huge dataset such as HVU with multiple semantic categories is a very

challenging task. It has two main difficulties:

1-  It is error prone as a human cannot pay attention to every detail occurring in the video,

which leads to high rate of mislabeling. 

2- The annotation of large-scale video is very time consuming due to the time duration and

the number of videos.
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HVU was annotated in a semi-automatic way of two rounds to overcome these difficulties. In the

first round, rough video annotation for 30 tags was performed via utilizing Google Vision AI and

Sensifai Video Tagging API. The second round was a human verification, which was performed

by  three  teams  in  multiple  stages.  These  teams  were  responsible  for  building  the  semantic

taxonomy based on the definition of the predicted tags in the first round. To achieve that, the

teams were asked to classify the predicted tags in the first round into the six semantic categories.

They  were  also  responsible  for  adding  any  possible  missed  tags  as  well  as  removing  any

mislabeled noisy tags. This incorporation of the machine generated tags and human verification

makes the HVU the most diverse dataset with clean annotations. As illustrated in Figure 6 there

is nearly a balanced distribution for the samples among different tags. 

Figure 6. The t-SNE relationship based on label co-occurrence, without using video content [18].

Dataset Selection

To select one dataset out of the four selected we put the following conditions:

1) Include as much as possible of our concepts’ classes.

2) Include as much as possible items in each class.

3) Variation of items in each class.

4) Easy to localize (by adding videos to it)

5) Easy to Arabize (by Arabizing its notation)
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6) Large scale (in terms of number of hours)

7) Multilabel per video

8) Easy to build a system based on it (not long videos)

9) Most of it useful in our system (i.e. should cater to the local use)

10) Used by others and has published results using it

11) Has models available for it in the net.

Table  5 present  a  comparison  between  the  four  datasets  (ActivityNet  has  two  versions

ActivityNet-Captions and ActivityNet-Entities).

By comparing the four datasets and according to our above conditions of selection we selected

HVU to start with, because it is the newest one and built for similar research, has many labels,

and has the largest number of videos, and has the largest number of classes. In addition, we can

claim that from the high number of annotations viewpoint, the HVU dataset is considered as an

extremely valuable and unique dataset for video content understanding.

HVU developers have issued two versions of the dataset a Full HVU version (train, test, val) and

a Mini-HVU version (train, test, val.), nevertheless the number of videos was still immense and

had to be reduced to make a pilot study. Table 6 shows the number of HVU videos in the full and

mini versions as per the HVU website.

Table 5. Summarization of four different datasets
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HVU

2019

6 main categories: 
scene, object, action, 

event, attribute, and concept

the duration of the videos is
different with a maximum of

10 seconds length

trimmed video clips

YES

YES (multi-task, multi-label 
video

benchmark dataset with
comprehensive tasks and

annotations"

ActivityNet-
Entities

2018

classes,
annotations 
and objects

not mentioned

selected
segment

yes

yes

ActivityNet-
Captions

2017

Events

Max: 4 minutes
 and Avg. 36

seconds

Segment-based
 labeling

Yes

NA

TRECVID

2010-20XX

Concepts including
Events, 

actions, scenes,
objects

Training:211/228/248s
ec;  

Testing 11/95/211sec

Only Some RKF of 
each video shot is

labelled

Yes

Many RKF contain
diverse concepts at

the same time

Year 
publishe
d

Categori
es 
included

Max, 
Min, Avg 
Length of
each 
video

Labeling 
for whole 
video or 
segments 

Are all 
videos in 
DB 
annotated

Multi-
labeling

Kinetics

Textual

Yes

Yes

Yes

Up to 650k
videos

1
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HVU

Multi labelled for different
semantic concepts

only in this paper:
https://arxiv.org/pdf/1904.1145

1v2.pdf

YES

there is one model called
HatNet 

but the code not available

HVU consists of 572k videos

ActivityNet-Entities

Action textual
description and object

bounding box

Grounded Video
Description

Task A – ActivityNet 
Entities Object

Localization

no

648

ActivityNet-
Captions

Textual dense
description

Yes

Yes

There is some

849

TRECVID

Textual

Yes

Yes

Semantic
Indexing

No; 
other tasks

Training:
198

    Testing
1200

Labeling
Format

Used in
papers

Used in
competition

s

Availability
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Val 31171 10057

Total 515588 139684

Selection of a small subset of HVU

HVU  is  a  quite  big  dataset,  with  specific  classes  as  per  the  HVU  initiators.  The  defined

categories/tags  do  not  specifically  fit  to  any  semantic  problem but  covers  a  wide  range  of

possibilities. In order to make a pilot study or proof the concept for our project for the Saudi

local  videos,  we will  select  a  restricted  set  of categories,  consequently  reducing thereby the

number of videos.

We decided to select very small number of videos to build a pilot system. This will allow us a

jumpstart in selecting and developing the best techniques plus this work will help us in building

the local video part of the database. The selection included actions, objects, scenes, concepts, and

events.

We did this by first analyzing the actions part of the HVU. From this analysis we arrived at:

News: 16 actions

Sport: 210 actions

Human Body Actions: 271 actions

Education: 4 actions

Entertainment: 100 actions

General:  114 actions

Fashion: 16 actions

Commercial: 76 actions

Not Clear: 4 actions

We decided to concentrate on one or two domains to build a system that will show that our

framework will accomplish the desired goal of the project. We decided that news and sport are
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the best two candidates. From this analysis we can see that sport has a large number of videos in

HVU and hence is really an excellent candidate. 

We selected the HVU tags (actions, objects, scenes, concepts, and events.) that are well known in

Saudi Arabia and the Arabic world and hence will be beneficial to our research.

We went into many iterations of selecting the tags then reducing number of selected tags until we

reached 84 tags from the complete set. Unfortunately, some of these tags were not in the mini

version so the number of selected tags was reduced to 75. The number of the selected tags for

each HVU category is presented in the  Table 7 below and the selected tags are presented in

Table 8. From Table 7 we can see that the selected tags constitute 2.4% of the HVU dataset.

Table 7. Number of selected tags for each category of HVU

Categories HVU Our Selection

action 739 22

object 1678 32

attribute 117 0

scene 248 13

concept 291 5

event 69 3

3142 75

When downloading we found that some of the videos listed in the HVU were removed from

YouTube. Table 9 present the number of HVU videos, selected videos, downloaded videos and

removed videos.
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Table 8. Our selected tags sorted by Category

Table 9: Number of HVU videos, selected videos, downloaded videos and removed
videos

HVU Videos 

Selected
Number of

Videos 
Downloaded

Videos

Videos
removed from

YouTube

Train 481417 105648 98382 7266

Val 31171 8070 7526 544

Total 515588 113178 105944 7810

We used Kinetics-400 dataset instead HVU in some of our work, due to some issues faced with

the HVU dataset, as there are no published comparisons on this dataset. Other issues were found

in many video samples such as missed, damaged and very short videos. All these issues were not
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clearly reported in the available documentation of the dataset and furthermore, we could not get

any response from the owners of that dataset.

3. Proposed Methods and Experiments On Kinetics Dataset

3.1Variational Feature Learning

Variational feature learning have been applied in several application such as image generation

[21]  and object re-identification [22]. In  [21], authors have applied variational auto-encoder for

MNIST classification in an unsupervised way. While in [22], the authors have applied variational

features for vehicle re-identification in a supervised manner. This shows the positive impact that

can be made by variational  features  modelled  as a gaussian  distribution  from the raw CNN

features. 

In  respect  of  the  CNN fusion  for  obtaining  better  feature  representations,  there  are  several

methods in literatures that were proposed to fuse different features hierarchy from same model

but with different layers, of from different branches. In [23], the authors have proposed a neural

network module (MMTM) for leveraging the knowledge from multiple models in CNNs. CNN

fusion idea has been applied widely for object detection  [24]–[26] where the fused features

boost the bounding box localization and the classes prediction. 

Moreover, CNN fusion is applied for action recognition in  [27], where the authors summed up

there works in the following points: 

(i) instead  of  fuse  CNN feature  at  the  Softmax  layer,  the  feature  fusion  can  be

applied at  a convolution  layer  without  loss  of model  performance,  but  with a

substantial saving in parameters, 

(ii) It is better to fuse networks spatially at the last convolutional layer than earlier,

and that additionally fusing at the class prediction layer can boost accuracy.

(iii) Pooling  of  abstract  convolutional  features  over  spatiotemporal  neighborhoods

further boosts performance.

Based  on  the  above-mentioned  studies,  we  try  to  adopt  these  methods  but  with  some

modifications which can help to improve the action recognition performance. 
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3.2 Variational Feature Learning for Action Recognition

Variational  feature  models  have  shown  a  remarkable  boost  in  both  the  supervised

learning and unsupervised learning. Thus, we have an attempt to adopt the VFL [22] module on

top of action recognition models. The general idea of the Variational Feature Learning is that the

gaussian distribution (Means μ and the standard deviation σ) is modeled from the raw features of

the  convolutional  neural  network.  This  distribution  ensures  the  variation  among the  classes.

Moreover,  the  derived  features  are  more  discriminating  which  keep  the  variation  for  both

inter/intra classes.

As shown in Figure 7, the variation and means of the CNN features are generated by two

fully connected layers. Then the classifier is used on top of the means layer. The means layer

features are better normalized, compact, and more representative. 

The loss function consists of two parts, first part is the classification loss of the action

categories using cross-entropy (used Softmax classifier), while the second term represent the KL

loss which compute the KL divergence between Gaussian distribution of the prior N (0,1 ) and the

posterior distribution N (µ,σ ) as in equation (1).

L=Lcls+α DKL (N (µ,σ ) , N (0,1 ) ) (1)
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where  α  controls the contribution of the KL loss on the total loss which is empirically

recommended to be between 0 and 1 based on the best results reported. 

3.2.1 Feature Fusion of action recognition features with CNN classification

The  proposed  method  in  this  part  fuses  action  recognition  features  of  any  model  with  the

extracted CNN features of the same video clip. We used image classification model trained on

ImageNet  [28] for  extracting  the  features.  Then,  a  new small  model  that  consists  of  7  1D

convolutional layers is designed to extract the temporal knowledge among the sequential frames,

as shown in Figure 8. 

Table 10:  The proposed 1D block for CNN feature classification.

No Layer Input

Channels

Kernel

Size

Stride Output Channels
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1 1D Convolution 16 7 5 32

2 1D Convolution 32 3 2 64

3 1D Convolution 64 3 2 128

4 1D Convolution 128 3 2 256

5 1D Convolution 256 3 2 512

6 1D Convolution 512 3 2 1024

7 1D Convolution 1024 3 2 2048

8 Global average pooling

9 Flatten layer

10 Dropout With rate (0.5)

A 1D convolution block consists of 7 1D convolutional layers. First layer uses kernel size of 7

and stride 5 while other layers use kernels of size 3 and stride 2. We did not use pooling layers in

order to preserve the classification features. Instead of using pooling layers we keep applying

stride of 2 in each 1D layer till we obtain feature map of depth 2048, then we applied global

average pooling to finally obtain feature vector of size 2048. Table 10 shows the 1D block and

its layers’ characteristics. Input Channels in first layer in respect to number of frames of the

video instance. 

The output of the 1D block is concatenated with the action recognition model features

and then using a fully connected layer the feature of 1D block and the action recognition model

are fused resulting in a feature vector with size 1024. Softmax classifier is added on top of both

branches with number of action classes.   

3.2.2 Experiments and Discussion

In this part,  two methods have been evaluated on Kinetics-mini with (200 classes). A

cleaning  process  and  preprocessing  procedures  have  been  conducted  on  Kinetics-Mini  as

explained in  more details  in  the following section.  The experiment  of  this  work is  done on
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MXNET  [30], on RTX 2018 Ti  × 2. Each model instance in this section is trained for 100

epochs with total mini-batch size of 16.  The SGD optimizer is used with the learning rate of

0.01, reduced in the 40th and the 80th epochs by multiplying it with 0.1. The input size of the

model is 224×224, and depth of 16 (16 frames to represents temporal dimension of the video). 

3.2.3 Datasets

We have used Kinetics-mini for conducting our experiments due to two main reasons:

firstly, Kinetics-mini contains 200 classes with many videos for each action, about 400 videos

per  class.  Secondly,  Kinetics-mini  is  easier  to  be  used  for  training  and  evaluating  models

compared to using the full kinetics dataset which is time consuming. Figure 11 shows statistic of

the Kinetics-mini dataset.

At the time of proposing Kinetics-mini proposed in [29], each action has 400 video in the

training set, while each action in validation set contains about 25 videos. However, at the time of

using this dataset in our experiments many videos are not available in YouTube. 

Table 11: reports the statistics of the kinetics-mini dataset utilized in this work.

Subset Proposed Extracted Size (raw videos) # of Decoded Frames Size of Decoded frames

Train 80,000 65,961 32.8 GB 16,518,138 660.4 GB

Val 5,000 4,989 3.3 GB 1,549,222 63.44 GB

3.2.4 Results of Variational Feature Learning for Action Recognition 

To evaluate the performance of the proposed VFL for action recognition we trained four

instances of ResNet-18 model on the preprocessed Kinetics-mini-200. One instance is trained

without  the  proposed  VFL,  while  the  three  other  instances  were  trained  after  plugging  the

proposed  VFL module  on  top  of  ResNet-18.  Table  12 shows  the  reported  results  of  these

instances respectively. 

Table 12: The reported performance of ResNet18 on Kinetics-mini 200 classes.

No. Model Total batch size Dataset Top1 Top2

1 Resnet18_v1b_kinetics200 16 Kinetics-mini 200 66.96 86.45
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2 Resnet18_v1b_kinetics200 vfl FC 16 Kinetics-mini 200 65.02 85.69

3 Resnet18_v1b_kinetics200 vfl split 16 Kinetics-mini 200 66.49 86.89

4
Resnet18_v1b_kinetics200

Softmax + KL loss
16 Kinetics-mini 200 65.37 86.22

In  Table 12, we trained 4 instances of ResNet18-v1b on Kinetics-mini-200, where the

first instance is the defualt model trained for action recognition with default settings. The second

instance  is  trained  by  applying  VFL  on  top  of  the  feature  map  of  resnet  (prior  to  final

classification layer) where, we did not add two fully connected layers, instead we just split the

input features of 2048 size into two main parts one to represents the standard deviation and the

seocnd represents the means of the gaussian distribution. 

The third instance  is  the action  recgnition  model  with the proposed VFL module by

adding two fully  connected  layers,  one  generates  the  means  of  the  CNN features  while  the

second generates  the variations  of the gaussian distribution.  The last  training instance is  the

default action recognition model but with adding the KL loss on top of the model (in parallel

with the cross-entropy loss). Based on the reported results in Table 12, the performance of VFL

module does not show a significant boost in the performance.

3.2.5 Results of Feature Fusion 

In this part, we first extracted the classification features of each frame by ResNeSt-269

that trained on ImageNet. We extracted the CNN featrues prior to the classification layer. The

extracted features has 2048 vector size. These features will be fed to the proposed 1D CNN

block which in turn is going to be trained syncroniously with the action recognition model I3D

and the  baseline  ResNet-101.  Overall,  the  input  of  the  action  recognition  model  is  the  raw

frames, while the input to the 1D CNN block is the Classification features of the corrsponding

frames. Due to the required large space and the time of extracting the CNN classification features

of  all  Kinetics-mini  dataset  we  extracted  the  CNN  features  of  10% of  the  total  frames  of

Kinetics-min.
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Table 13: Performance of (I3D-ResNet-101 + ResNeSt-269) on a subset of Kinetics-
min.

Model 

I3D-ResNet101

#

classes

Dataset

kinetics
length Top1 Top5

I3d-only 10 Part of Mini 16 85.26 98.66

I3d+IDcnn 10 Part of Mini 16 90.62 98.66

I3d-only 20 Part of Mini 16 78.79 96.42

I3d+IDcnn 20 Part of Mini 16 85.72 97.30

I3d-only 200 Part of Mini 16 66.36 86.25

I3d+IDcnn 200 Part of Mini 16 65.80 87.23

Table  13 reports  the  obtained  results  of  the  proposed  model  I3D+1Dcnn  against  the

default action recognition model I3D. Both instances use the baseline ResNet-101. The results

show a remarkable boost in the performance in terms of Top1 and Top5. This can be noted in

Figure 9, which shows the validation Top1 accuracy (left column) and the validation loss (right

column). First row shows the performance of the training on randomly selected 10 classes of

Kinetics-mini-200, while  second row shows the performance of  the same models  but  on 20

randomly selected classes. 

As it is notable in  Table 13 and Figure 9, I3D-ResNet101 combined with the proposed

1D block shows significant progress in terms of Top1 and Top5 accuracies on 10 classes. Same

model shows a superior performance on 20 classes. 
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Although the proposed 1D block add a remarkable boost on action recognition with 10 and 20 

classes, superisingly, same model on 200 classes does not provides the same superior 

performance. However, it still shows competitive performance as reported in the lower part of

Table 13.

4. Proposed Methods and Experiments on HVU Dataset

In  this  work,  we  also  investigated  the  performance  of  some  state-of-the-art  deep  learning

architectures on the HVU mini dataset version. To simplify the problem, we decided to start with

the most important visual component, which is the actions to work on at this phase. Furthermore,

we selected only 22 common classes out of 739 classes in that category as a pilot study.

In this work we utilized the well-known ResNet-50 deep model as a backbone in two different

architectures,  Inflated  3D  ResNet-50  (I3d-ResNet-50)  and  Slow-Fast-ResNet-50.  The  idea

behind inflated 3d architectures, in general, is to expand state-of-the-art 2D Conv-Nets, which

were optimized well on ImageNet to 3D Conv-Nets with their optimal parameters such that they

can perform well on video action recognition. To achieve that as in [31], each 2D filter kernel of

size kxk  in the original ResNet-50 [32] is inflated to a cubic kernel of size kxkxt . The original

weights of the kxk  are replicated along the depth of the new kernel and then normalized by the

depth value t. 

Slow-Fast  framework  as  illustrated  in  Figure  10,  on  the  other  hand,  involve  two  Conv-Net

streams [33]. A slow stream operating on low frame rate to capture spatial semantics and another

fast one operating on high frame rate to capture the fine temporal resolution of the motion. The

backbone  of  this  framework  can  be  any  Conv-Net  architecture.  In  both  architectures,  we

modified the activation function of the output and the loss function in the appropriate way to

serve our goal.
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Figure 10. A SlowFast network has a low frame rate, low temporal resolution Slow
pathway and a high frame rate, α× higher temporal resolution Fast pathway.

4.1 Dataset Exploration and Pre-Processing

The original  HVU mini  dataset  is  supposed to  have 105648 samples  for  training  and 8070

samples for validation. Each clip should have a duration of 10 seconds and be annotated with

multiple tags of different categories such as objects, scenes, actions, events, and attributes.  All

this  information  is  presented  in  the  description  csv  files  of  the  dataset.  Unfortunately,  by

investigating this dataset, we faced different problems as there are many missed and damaged

videos due to the downloading process or the unavailability of some videos on YouTube.  Also,

there are many videos of short duration (less than 10 seconds). All these problems are still not

reported in the original csv files of the dataset, which makes it difficult to deal with the dataset

before avoiding these issues. For that reason, we decided to perform a preprocessing step to

explore, clean, and prepare the dataset. As a result, we obtained the following statistics:

HVU Mini Train:

Total No. of samples: 105648

Very short videos (less than 3 sec): 3313

Short videos (less than 10 secs): 25562
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Missed videos: 7252

Damaged videos: 4696

Good videos with at least 3 sec: 90387

Good videos with exact 10 sec: 68138

Videos with some of 22 action tags: 10273

HVU Mini Validation:

Total No. of samples:  8070

Very short videos (less than 3 sec): 47

Short videos (less than 10 secs): 1005

Missed videos: 543

Damaged videos: 1

Good videos with at least 3 sec: 7479

Good videos with exact 10 sec: 6521

Videos with some of 22 action tags: 874

As we are  currently  interested  in  the  action  recognition  part,  we performed another  step  to

prepare the dataset for that purpose. In this regard and as a beginning, 22 actions were selected

out of the total  739 action  labels  reported in [18].  The selected  labels  are listed in the first

column in Table 14. 

After removing the records of damaged and missed videos from the list and ignoring the very

short videos, we found that out of 90387 good videos of at least three seconds duration, in the

training  set,  there  are only 10273 videos  that  contain  at  least  one of the 22 selected  labels.

Similarly, in the validation set, out of 7479 good videos, we ended up with 874 videos with at

least one label from the 22 actions’ list.

Furthermore,  another  step  was  performed  on  the  final  dataset  of  22  actions  to  clarify  the

distribution of videos among the different lengths of labeling list. In other words, to know the
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number of samples annotated by different numbers of tags, which is summarized in  Figure 11

and Figure 12 for training and validation sets, respectively.  

The occurrence frequencies of each action in the training and validation sets are also illustrated

in Figure 13 and Figure 14.

Figure 11. Distribution of training videos among labeling categories of different
lengths.

Table 14: Number of samples in each class used for training and validation.

Class Train Test

applauding 175 25

basketball_moves 169 9

bowling 158 40

boxing 541 8

gymnastics 600 36
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jumping_jacks 256 19

kicking_soccer_ball 186 21

news_anchoring 257 34

playing_basketball 338 34

playing_volleyball 95 23

presenting_weather_forecast 414 21

public_speaking 789 66

running 1143 82

shooting_goal_soccer_ 218 20

snorkeling 73 0

speaker 165 33

sports_training 1012 168

strength_training 2303 150

swimming 788 30

water_skiing 144 4

windsurfing 184 29

wrestling 265 22

Total 10273 874
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Figure 12. Distribution of validation videos among labeling categories of different
lengths.

Figure 13. The occurrence frequencies of 22 tags in the training set.
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Figure 14. The occurrence frequencies of 22 tags in the validation set.

4.2 Experimental Results and Discussion

4.2.1 Multiclass Classification

To perform a multiclass action recognition, each sample in the dataset should have one and only

one label. To achieve that, we considered the first action tag in the tags’ list of each sample as

the single label for that sample. As a result of this step, we ended up with the distribution of the

training and validation samples summarized in Table 14.

A slow-fast architecture,  with the well-known ResNet-50 as a backbone, was utilized in two

experiments. In the first experiment, the architecture was trained from scratch on the training

dataset  and  evaluated  on  the  validation  dataset.  After  100  epochs,  architecture  achieved

recognition accuracy of 49.2%.
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In the second experiment, we utilized transfer learning by fine-tuning a pretrained version of the

same architecture, which was already optimized on the Kinetics-400 dataset. After 100 epochs of

fine-tuning, the architecture achieved a recognition accuracy of 75.4%.

This low performance of the architecture achieved even with utilizing a pretrained version of the

architecture might be attributed to multiple issues related to the dataset and the way we used to

select a single label for each sample. 

We decided to repeat the work by picking only the dataset samples that originally have a single

label each (the samples belong to only one label of the 22). That means the number of samples

for training and testing in this case are respectively, 8370 and 713 as illustrated in the first bar in

Figure  11 and  Figure  12,  respectively.  Moreover,  by  performing  a  deeper  statistical

investigation on the resulted dataset, we noticed that the 22 classes were not represented in a

balanced way.  While some of the classes have enough samples for training, others have only

few samples. To solve this issue, we had to remove three classes that do not enough samples for

training. This step led to a dataset of 19 classes with the distribution illustrated in Table 15.

Table 15: Number of samples in each class in the original dataset of samples with a
single label.

Class Train Test

applauding 161 23

basketball_moves 131 7

bowling 150 40

boxing 504 7

gymnastics 491 26

jumping_jacks 134 11

kicking_soccer_ball 167 19

news_anchoring 222 24

playing_basketball 250 26

presenting_weather_forecast 414 21

public_speaking 641 57
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running 913 67

shooting_goal_soccer_ 188 14

sports_training 936 163

strength_training 1724 115

swimming 600 27

water_skiing 142 4

windsurfing 183 29

wrestling 257 22

Total 8208 702

After  training  the  architecture  for  50  epochs,  we noticed  that  the  recognition  accuracy  was

enhanced to around 78%, but still there is high confusion between some pairs of classes. As it is

clear  in  the  confusion  matrix  in  Figure  15 the  highest  level  of  confusion  was  between

“sports_training” and “running”.  By exploring many samples of these two classes, we noticed

the two labels were used interchangeably to tag the same action in different samples, which led

to this highly confused test results.

Based on the previous  results,  we decided to remove one of  the confused classes,  which is

“sports_training”. We repeated the experiment for 18 classes with 7272 samples in the training

set and 539 samples in the testing set. An initial learning rate of 1e-3 which decayed by 10%

after each 10 epochs to get smoother parameters’ tuning. 

The accuracy and loss metrics  during the training progress were depicted in  Figure 16.  The

evaluation on the testing dataset after training was detailed as a confusion matrix in Figure 17.

The architecture achieved a recognition accuracy of 83.3%. From the learning curves, we can

notice that there is still a continuous slow enhancement, if we continue for extra learning epochs.
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Figure 15. The confusion matrix of testing slow-fast architecture for multiclass classification on 19 
classes.

Figure 16.  Training and validation accuracy and loss of the SlowFast on 18 HVU
classes.

40



In another experiment, we repeated the same setup of the last experiment, on the I3d ResNet-50

architecture. This architecture achieved a slightly better recognition rate. As illustrated in the

confusion matrix in Figure 18, an accuracy of 83.85 was achieved. The performance metrics of

this architecture during training epochs are also illustrated in Figure 19.

Figure 17.  The confusion matrix of testing slow-fast architecture for multiclass
classification on 18 classes.
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Figure 18.  The confusion matrix of testing I3d-ResNet-50 architecture for multiclass
classification on 18 classes.
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Figure 19. Training and validation accuracy and loss and loss of the I3d ResNet-50
on 18 HVU classes.

4.3.3 Multilabel Classification

For  multilabel  classification,  we  modified  the  slow-fast  architecture  of  ResNet50  for  this

purpose. The output layer of the architecture was replaced by a dense layer of 22 neurons, which

is the number of classes in our dataset. Furthermore, sigmoid function was used to activate the

neurons of this  layer instead of softmax and binary cross entropy loss instead of categorical

entropy loss. The originally prepared dataset of 22 actions was used in this experiment. Hence

there are 10273 samples for training and 874 samples for testing, which are distributed as Figure

11 and Figure 12.

For evaluation purpose, we used three metrics defined as in the following equations:

Jaccardindex ( prediction ,actual )=
|prediction∩actual|
|prediction∪actual|

Precision=
TP

(TP+FP )

Recall=
TP

(TP+FN )

F1 score=
2× Precision×Recall

(Precision+Recall )
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The architecture was trained from scratch over 100 epochs and then evaluated on the testing

dataset with different threshold values. The performance of the architecture is summarized in

Table 16.

It is clear from these results that the performance of the architecture is not encouraging even with

very  low threshold  values.  This  bad  performance  is  attributed  to  the  poor  representation  of

different labels’ permutations. Most of the labels’ permutations are not presented in the dataset

as it is clear in the distribution in Figure 13 and Figure 14.

Table 16: The performance of slow-fast resNet50-based architecture on 22 HVU
classes in multilabel scenario.

Threshold Jaccard index Precision Recall F1 score

0.9 0 - 0 -

0.8 0 - 0 -

0.7 0 - 0 -

0.6 0 - 0 -

0.5 0 - 0 -

0.4 0 - 0 -

0.3 0 - 0 -

0.2 0.1555 0.18 0.16 0.17

0.1 0.1819 0.19 0.47 0.27

5. Conclusion

This report describes the designed VFL and 1D block. It also explains a set of experiments that

conducted  on  Kinetics-Mini-200.  Generally,  the  VFL  modules  does  not  boost  the  action

recognition performance,  while the 1D block shows a remarkable improvement on the Top1,
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Top5 performance when we train the model on few classes 10 classes and 20 classes. However,

1D block does not show same performance improvement when it trained with 200 classes. 

Moreover, two state-of-the-art architectures, SlowFast and inflated 3D Conv-Net are utilized for

action recognition on HVU dataset. the backbone of the both architectures is Resnet-50. With

careful  data  preprocessing,  both  architectures  obtain  comparable  results  in  multiclass

classification. The low performance of SlowFast in multilabel classification might be attributed

to the lack of balance in the dataset action tags.
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ABSTRACT Due to the rapid developments in technology and the sudden expansion of social media use,

Dialect Arabic has become an important source of data that needs to be addressed when building Arabic

corpora. In this paper, thirty-three Arabic corpora are surveyed to show that despite all of the developments in

the literature, Saudi dialect (SD) corpora still need further expansion. This paper contributes to the literature

on SD corpora by creating the largest Saudi corpus – the King SaudUniversity Saudi Corpus (KSUSC) –with

+1B total words, including+119M SDwords. The KSUSC not only is the newest and largest SD corpus but

is also diverse, covering 26 domains in text collected from five different sources. This paper also contributes

to the literature by developing a new incremental preprocessing system that is used to create relevant lexicons

that are then used to clean and normalize the collected data. This incremental system is scalable and can be

adapted for different resources and dialects. Moreover, the collection process for building the KSUSC is

discussed in detail, and the challenges in collecting SD text with respect to each platform are highlighted.

By the end of this paper, different design criteria are proposed and used with the KSUSC to conclude that

the resulting corpus can be of great benefit to researchers who are interested in integrating the corpus with

their own work or using its resulting lexicons with Saudi-based NLP tasks.

INDEX TERMS Saudi dialect, corpus, natural language processing, data preprocessing.

I. INTRODUCTION

Language corpus is a term used to describe a collection of

texts written in one or more languages [1]. It is considered

one of the most important sources of data in different areas,

including information retrieval (IR), natural language pro-

cessing (NLP), and computational linguistics (CL). This is

because it can represent the written language and, hence,

The associate editor coordinating the review of this manuscript and

approving it for publication was Long Wang .

be used to process opinions and implement related appli-

cations. Compared to English corpora, Arabic corpora are

poorly resourced and lack sufficient research and data, which

negatively affects Arabic-based NLP practitioners [2].

The Arabic language is the mother language of Arab coun-

tries and one of the six official languages of the United

Nations (UN) [3]. There are three main versions of the Arabic

language: Classical Arabic (CA), Modern Standard Arabic

(MSA), and Dialect Arabic (DA). CA is the official language

used in the Quran and during the medieval period, MSA
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is the official language used in the modern period and by

news outlets, and DA is the spoken language that is used

in daily life and differs from one country/city to another.

Moreover, there are many subcategories under these Arabic

languages, and thus, Arabic is considered to be highly inflec-

tional and to have a very complex morphology [4]. Therefore,

the development of large Arabic corpora has been the focus

of many researchers in recent years. However, most of these

developments have focused on CA and MSA rather than

DA; thus, Arabic NLP solutions perform poorly with DA

data [5]. In DA, also known as colloquial language, one

lemma can have hundreds of surface forms, and thus, it is

a morphologically rich language [6]. DA differs from MSA

syntactically, morphologically, and phonologically and does

not have standard orthographies [7]. As emphasized in the

literature [8], it is nearly impossible to have one NLP solution

that can process all variations of Arabic. It is also important

to have a corpus that reflects the current use of language [9],

and thus, new terms that reflect recent events around the

world (such as the COVID-19 pandemic and the Saudi Vision

2030 framework) must be incorporated into corpora.

AlthoughMSA used to be considered the dominant written

language, due to the social media platforms emerging around

the world, DA has become more frequently written than

MSA [10]. Moreover, Saudis are considered some of the most

active users of social media. It was reported byAlruily [4] that

there are more than 11 million Arabic accounts in Twitter,

with 27.4 million tweets being published a day; Saudi Arabia

has the most active users, with 30% of these tweets. In [11],

61% of the 175M Arabic tweets considered were found to be

from Saudi Arabia.

This paper focuses on Saudi dialect (SD) corpora and

highlights the current challenges involved in such corpora.

In particular, from the literature on SD corpora, it is found that

MSA language dominates most of the large corpora, while

SD text has not been introduced in many of them. The size

of the current SD corpora is very small, and it ranges only

from thousands of words to a couple million words. Although

2∼3M words might be considered a large number, it is not

enough for NLP tasks that target the Arabic language [12].

Moreover, the lack of diversity is also a challenge, as SD cor-

pora text is mostly collected from Twitter. Although Twitter

can be a rich source of data, it reflect only one social aspect of

the Arabic-speaking community, and the diversity of opinions

and domains is important. Therefore, this paper contributes to

the literature on SD corpora as follows:

First, a comprehensive survey of 33 Arabic corpora is

conducted. This survey describes each corpus and its avail-

ability. The corpora are categorized by their language, source,

purpose, size, text date, accessibility and limitations on reuse.

This survey can help readers understand the progress of

Arabic corpora and the current limitations of SD corpora.

Second, extensive data collection is conducted with doc-

uments containing over 1.2B words. The data are collected

from different sources and diverse domains. In particular,

pre-exiting corpora are considered in addition to new online

sources. Facebook, YouTube, and Twitter as well as other

websites are used to collect text discussing recent events.

Moreover, MSA language is introduced with SD to enrich the

data and cover different semantic-based tasks. The statistics

of the collected resources are summarized to show the domain

of each source, and challenges faced when collecting SD text

from each platform are also highlighted in this paper.

Third, a new incremental preprocessing system is pro-

posed in this paper to create SD lexicons and use them to

clean and normalize the text. Due to the diversity of the

collection sources, it was almost impossible to use one round

of cleaning that would work on all kinds of data; even the

preexisting corpora needed a certain level of preprocessing

to be compatible with the collected text. One of the main

advantages of having an incremental approach is to avoid the

need for stemming which is very challenging for dialectal

Arabic and, thus, develop a system that is not restrict to

certain rules or predefine lexicon. Thus, the proposed system

is designed to incrementally create two types of lexicons

to identify common ASCII and unwanted symbols. These

lexicons will be used to cleanMSA and SD text from different

resources and platforms and then validate the data to elimi-

nate irrelevant characters or incomplete text. The incremental

process introduced in this system allows it to be scaled to

other languages in DA.

Fourth, a contemporary linguistic corpus for the Saudi

language is designed and created in this paper. This corpus

is named the KSUSC corpus, and to the authors’ knowledge,

it is the newest and largest SD corpora to date. The KSUSC

is the largest Saudi corpus and is diverse and up to date, with

clearly defined design criteria. Its content is classified based

on source, domain, and time. It includes +1B words, +161M

sentences, and +14M unique words, covering 26 different

domains. It is designed to overcome the current limitations

of SD corpora and utilize the preprocessing system proposed

in this paper.

This paper is organized as follows. First, a literature review

of relevant corpora is presented. Second, the collection pro-

cess is described, and the details of the collected resources are

also summarized. Third, the architecture of the proposed pre-

processing system is presented, and examples are illustrated

at each phase. Finally, the KSUSC corpus design is presented,

and all its statistics are discussed.

II. LITERATURE REVIEW

In the literature on the Arabic corpus, several corpora have

been built in the past few years. This section surveys 33

Arabic corpora to summarize and compare their key criteria

and motivate the contribution of this paper. One of the oldest

Arabic corpora in the literature is the Penn Arabic Treebank

(PATB) corpus [13], which was introduced in 2001. It has had

three full releases of morphologically and syntactically anno-

tated data: (1) the Arabic Treebank: Part 1, which consists

of 166K words of written MSA newswire from the Agence

France Presse corpus; (2) the Arabic Treebank: Part 2, which

consists of 144Kwords fromAl-Hayat distributed byUmmah
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Arabic News Text; and (3) the Arabic Treebank: Part 3,

which consists of 350K words of morphologically annotated

newswire text from An-Nahar.

Cross Lingual Arabic Blog Alerts (COLABA) [14] is a

project that was proposed for creating AD resources and NLP

tools. In this project, an Arabic dialect corpus was created

and consisted of four dialects: Egyptian, Iraqi, Levantine, and

Moroccan. Given that the language used on social media is

typically DA, one of the main objectives of COLABA was

to illustrate the significant impact of using the corpus for DA

processing with NLP applications. Accordingly, information

retrieval (IR) was chosen as the main testbed application to

process DA.

The Open Source Arabic Corpora (OSAC) [15] is a freely

accessible MSA corpus that contains approximately 18M

words and 500K keywords after stopword removal. It was

collected from websites from 22,429 text documents in 10

categories: economics, history, entertainment, education &

family, religious & fatwas, sports, heath, astronomy, law, sto-

ries, and cooking recipes. This corpus was used to determine

the impact of preprocessing on Arabic text classification.

The OPUSMultilingual Corpus [16] is a growing language

resource of parallel corpora and related tools. The goal of

OPUS is to provide freely available data sets in various

formats together with basic annotation that is useful for

applications in computational linguistics, translation studies

and cross-linguistic corpus studies. The overall goal of the

OPUS project was to make parallel resources freely available.

OPUS covers a substantial amount of newspaper texts and

some other smaller collections from various online sources.

OPUS has been extended to several large collections, such

as TED [16] which is a parallel corpus of TED talk subtitles

provided by CASMACAT. The files were originally provided

by the Web Inventory of Transcribed and Translated Talks,

consisting of 15 languages and a total number of 3.81M

sentence fragments. Another example isMultiUN [17], which

is a collection of translated documents from the United

Nations with 6 languages and a total of 81.41M sentence frag-

ments. Another well-known extended dataset is OpenSubti-

tles [18], which is a collection of translated movie subtitles

from http://www.opensubtitles.org. It is a cleaner version of

the subtitles using improved sentence alignment and better

language checking with 62 languages and a total of 3.35G

sentence fragments.

Yet Another Dialectal Arabic Corpus (YADAC) [19] is

another multigenre dialectal Arabic corpus collected from

Twitter, blogs/forums and online knowledge market services

in which both questions and answers are user-generated. For

this study, 15M search queries were randomly selected and

used to crawl the web over a period of 7 months – May 2011

to November 2011. After applying the threshold model of

dialect identification, the total size of YADAC reached 6M

wordform tokens and 457K wordform types. Forty-one per-

cent of the text was collected from online knowledge market

services, 32% from microblogs, and 27% from blogs and

forums.

The Arabic corpus for Egyptian tweets [20] is an Egyptian

dialect corpus that consists of several general topics from

Twitter. The corpus contains 22,834 tweets collected from

May 2011 to December 2011. It is a subset of the YADAC

corpus and uses a function-based annotation scheme in which

words are labeled based on their grammatical functions rather

than their morpho-syntactic structures.

AWATIF [21] is a multigenre corpus with MSA text that is

labeled for subjectivity and sentiment analysis (SSA) at the

sentence level. This corpus consists of 5,382 sentences and is

labeled using both regular and crowdsource methods. It was

collected from three different sources: 2855 sentences from

Part 1 V 3.0 (ATB1V3) of the PATB corpus, 1019 sentences

from 30 Wikipedia Talk Pages (WTP), and 1508 sentences

from web forums.

The Multi-Dialectal Corpus of Arabic [11] is another mul-

tidialectal Arabic corpus collected based on the geographical

information of tweets. In this corpus, 175 million tweets

were collected in March 2014, and 62M Arabic tweets were

selected. Selected tweets were filtered based on dialectal

words to extract 6.5M tweets (i.e., 3.7% of the original

tweets), of which 3.99M (61%) were from SA, 880K (13%)

were from EG, 707K (11%) were from KW, 302K (5%) were

from AE, 65k (2%) were from QA, and the remaining (8%)

were from other countries such as Morocco and Sudan.

SANA [22] is a corpus that is a large-scale, multigenre,

multidialect, and multilingual lexicon used for subjectiv-

ity and sentiment analysis. It includes 224,564 sentences

that were collected from online newswires, chat turns,

Twitter tweets, and YouTube comments. It includes text

from MSA, Egyptian DA and Levantine DA along with

English glosses. On the other hand, the Tunisian Dialect

Corpus (TunDiaWN) [23] uses a corpus-based approach to

create WordNet resources for the Tunisian dialect. It con-

sists of 32,848 words collected from social media (Twitter,

Facebook, etc.), written theatrical pieces, dictionaries, tran-

scriptions of spontaneous speech, etc.

The King Abdulaziz City for Science and Technol-

ogy (KACST) Arabic corpus [2], is one of the largest MSA

corpora and was designed to overcome the limitations of

existing Arabic corpora. The corpus texts were collected

from several sources and contain more than 731 million

words from 869,800 texts. The KACST Arabic corpus was

designed and constructed to accommodate a large-sized and

sufficiently diverse Arabic corpus able to represent the many

varieties of Arabic language across three main dimensions:

time, region, and genre. Such a corpus can be used for dif-

ferent research interests, ranging from linguistic studies at

various levels to the development of NLP applications.

The 1.5 BillionArabic Corpus [24] is a linguistic corpus for

MSA language that includes more than 5M newspaper arti-

cles collected from 10 news sources between December 2013

and June 2014. This corpus covers several categories, includ-

ing politics, literature, arts, technology, sports, economy,

culture, and many other subject matters. It consists of more

than 1.5 billion words and 3.3 million unique words. The
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main purpose of creating this corpus was to provide a free

Arabic language tool to researchers.

The King Saud University Corpus of Classical Arabic

(KSUCCA) [25] is another CA corpus, and it consists of

approximately 50M words. The corpus includes six cate-

gories: religion, linguistics, literature, science, sociology, and

biography. The main purpose of KSUCCA is to help in study-

ing the distributional lexical semantics of words in the holy

Quran. It is used in ongoing research that attempts to study

the meanings of words used in the holy Quran through the

analysis of their distributional semantics in contemporaneous

texts.

The Gumar corpus [26] is a large-scale Gulf Arabic (GA)

dialect corpus that includes a number of subdialects from

six countries of the Gulf Cooperation Council: Saudi Arabia

(SA), Bahrain (BH), Kuwait (KW), Oman (OM), UAE,

and Qatar (QA). It consists of 112 million words from

1,200 forum novels. It is 60.52% SA, 13.35% EA, 5.91%

KW, 1.13% OM, 0.65% QA, and 0.49% BH. Moreover,

approximately 10% of the text is identified as GA (other),

which happens when, for example, a novel contains a combi-

nation of several GA dialects due to the existence of different

characters in the novel or to the novel being authored by

multiple writers with different dialects.

Another version of Gumar corpus was introduced

in 2018 and called Gumar Emirati [27]. This version is the

first large-scale morphologically manually annotated corpus

for the UEA language. This corpus includes approximately

200,000 words selected from eight novels in Emirati Arabic.

The selected texts are annotated for tokenization, part-of-

speech, lemmatization, English glosses and dialect identifi-

cation. The corpus includes the native spoken variety in the

Gulf Cooperation Council; however, it still lags behind the

resource and tool creation of other Arabic dialects, given

the considerable amount of dialectal content online. Another

morphologically annotated corpus that is considered the first

morphologically annotated corpus for the Palestinian dialect

is the Curras corpus (Jarrar et al. 2017). The Palestinian lan-

guage is a very commonly spoken version of DA. The Curras

corpus consists of approximately 43,000 words and was col-

lected from a variety of resources (Facebook, Twitter, blogs,

forums, Palestinian stories, Palestinian terms, TV shows).

A Saudi Twitter Corpus [28] was introduced in 2016 and

consists of 4700 SD tweets that are used for sentiment

analysis. This corpus includes data from Twitter and covers

several domains, such as sports, economy, and politics. The

intention behind building this corpus was to create the first

reliably annotated Twitter data for SD language. Additionally,

another corpus that was introduced for sentiment analysis

and machine language applications is the Book Reviews in

Arabic Dataset (BRAD) [29]. It consists of approximately

2,781,805 sentences in MSA and dialects and was extracted

from 510,598 Arabic reviews collected from 4993 books and

76530 reviewers/users. The balanced clean subset contains

156,506 reviews, and each review is annotated with a scale

from 1 to 5.

One of the largest Arabic booking review corpora is the

Hotel Arabic-Reviews Dataset (HARD) [30]. It was designed

for subjective sentiment analysis and machine language

applications. It consists of 490,587 MSA and dialectal hotel

reviews collected from the Booking.com website, which spe-

cializes in online accommodations booking. The collected

reviews are structured as follows: rating, title of the review,

positive aspect(s) of the accommodation, negative aspect(s)

of the accommodation, reviewer’s username, and country of

residence.

Arabic Sentiment Analysis of Saudi Tweets (AraSenTi-

Tweet) [6] is an MSA and SA corpus collected from Twitter.

It contains approximately 2.2M tweets, with 17,573 of them

being Saudi tweets. The corpus is manually annotated for

sentiment and labeled with four labels for sentiment: positive,

negative, neutral and mixed. Another corpus created based on

Twitter is theMulti-Dialect Arabic Sentiment Twitter Dataset

(MD-ArSenTD) [31] which is a multidialect Arabic corpus

collected from tweets from 12 Arab countries (KW, SA, QA,

UAE, Jordan, Lebanon, Palestine, Syria, Algeria, Morocco,

Tunisia, Egypt) and annotated for sentiment and dialect. The

Twitter4J API [32] was used to collect 470K tweets posted

from 3/1/2017 to 4/30/2017. Then, 14,400 total tweets were

selected, and 1,200 tweets from each country were selected

and annotated.

Tashkeela [33] is an MSA and CA corpus consist-

ing of 75M words collected from 97 Islamic classical

books using a semiautomatic web crawling process. About

867,913 words, representing 1.15% of the corpus text,

was in MSA and is crawled from the Internet; while

74,762,008 words contained in 97 books, representing

98.85% of the corpus, was collected from Shamela Library.

Additionally, the ANT Corpus [34] is another online MSA

corpus of news articles collected from the Tunisian news

website; it contains more than 865,500 words collected from

10,000 articles in 9 categories. This corpus can be used

for the text classification process. In addition, Arabic Text

Corpus [35] is an Arabic text corpus with more than 233k

words built from three different sources: Quranic text, Clas-

sical Arabic text, and Modern Arabic text. The corpus was

collected from the Quran, contemporary Arabic corpora,

and the InAra Arabic corpus. According to the authors,

the corpus will be freely available to researchers in the

future.

Several corpora were also created solely for SD language.

One such corpus is the Dialectal Saudi Twitter Corpus (Saudi

Dialect) [4], which is an SD corpus containing 207,452

tweets generated by 101 Saudi Twitter users and collected

in 2017. Moreover, the SaUdi corpus for NLP Applications

and Resources (SUAR) [10] is another SD corpus; it consists

of 104,079 words from different online resources (blogs,

forums, Instagram, Twitter, WhatsApp, YouTube). The cor-

pus was automatically annotated using the MADAMIRA

tool and was considered a pilot study to explore possible

directions for facilitating the morphological annotation of the

Saudi corpus.
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Multi Arabic Dialect Applications and Resources

(MADAR) [36] is the first large parallel corpus of 25 Arabic

city dialects; it consists of more than 12,000 sentences. The

goal of developing MADAR was to create a corpus with

large number of dialects and a unified framework with com-

mon annotation guidelines and decisions. It can be used in

applications such as dialect identification (DID) and machine

translation (MT). In addition, the Single-labeled Arabic News

Articles Dataset (SANAD) [37] is a large Arabic corpus

collected from three news portals, AlKhaleej, AlArabiya,

and Akhbarona. It consists of approximately 200k articles

in seven categories that are available to the research com-

munity for Arabic computational linguistics. SANAD was

collected from three main news portals, including AlKhaleej,

AlArabiya, and Akhbarona. It is freely available to the public

online.

The Jordan Comprehensive Contemporary Arabic (JCCA)

corpus [9] is a 100-million-word corpus consisting of MSA

as written and spoken in Arab countries. Within the cor-

pus, 87% of the texts are from written sources divided

into 9 categories: applied sciences, arts, belief and thought,

commerce and finance, imaginative works, leisure, natural

and pure sciences, social sciences, and world affairs;. The

remaining 13% comes from transcribed spoken language

includes transcripts of spontaneous conversations (4.2%) and

context-governed spoken language (6.2%) in the categories

of educational/informative, business, public/institutional, and

leisure.

One of the newest corpora in the literature is Habibi cor-

pus [38], which is a multidialect multinational corpus of

Arabic song lyrics from 18 different Arab countries. It con-

sists of 500,000 sentences, 3.5M words from 30,000 Arabic

songs from 6 Arabic dialects (Egyptian, Gulf, Levantine,

Iraqi, Sudanese and Maghrebi) sung by individuals from

18 different Arabic countries (Egypt, SA, Lebanon, Iraq,

Sudan, KW, Syria, UAE, Morocco, Tunisia, Yamen, Jordan,

QA, BH, Algeria, OM, Palestine, and Libya). Another

corpus, created in 2020, is the Arabic Sentiment Anal-

ysis Dataset [39], which is an SD corpus consisting of

15,149 words and is built from tweets discussing several

social issues in Saudi Arabia related to the Saudi Vision

2030 framework. It is manually annotated according to the

sentiment conveyed in the text and is mainly used for senti-

ment classification.

From all the literature discussed above, the details of each

corpus can be summarized as seen in Table 1.

From Table 1, it can be seen that the SD corpus is a

domain that needs further contributions and that the avail-

able Arabic corpora are not enough to cover the gaps. First,

MSA language dominates most of the large datasets, while

SD text is not introduced in many of them. This creates an

issue because SD differs from MSA syntactically, morpho-

logically, and phonologically [7]; especially since people are

increasingly using Dialectal Arabic, while MSA is limited

to formal resources. Regardless of the similarity between the

two languages, more SD text needs to be collected to allow

Arabic NLP models to process such text.

The second issue in the literature that can be highlighted

is that even though there have been attempts to collect SD

text, these attempts have been limited in size. As summarized

in Table 1, SD corpora only range from thousands of words to

a couple million words. Although 2∼3M words might sound

a large number, it is not enough for NLP tasks that target

dialectal language. This is because, for example, DS does not

have standard orthographies, which makes processing it more

challenging and thus requires a very large amount of data.

The third limitation of the current SD corpora is the

lack of diversity. As shown in Table 1, corpora that include

SD language are usually collected from one source (mostly

Twitter); only SUAR introduced corpora that include SD lan-

guage are usually collected from one source (mostly Twitter);

only SUAR introduced different sources, yet it only includes

104,079 words. Although Twitter can be a rich source of data,

it can show only one social aspect of the community. YouTube

and websites are as frequently used as Twitter, and they can

show different aspects, especially when targeting resources

with diverse titles and topics.

In conclusion, regardless of the rich literature on Arabic

corpora, SD corpora are still lacking and need further contri-

butions. Thus, the following sectionwill propose a newmodel

to collect and build a new Saudi corpus that is large, up to

date, and diverse.

III. DATA COLLECTION

To collect as much data as possible while using diverse

sources, data were collected from the available open corpora

in addition to new sources on the web. Due to the difficulty

of acquiring valid SD text and how expensive it is to clean

such text, it was also decided to introduce MSA text into

the collected data. This is because there is some similarity

betweenMSA and dialectical language [40] that can be useful

for semantic-based tasks.

The overall statistics of the collected resources are

summarized in Table 2. The total amount of collected

text was 184,146,256 sentences, 1,238,539,863 words, and

26,674,484 unique words, of which 126,090,964 words were

SD. The texts were collected from five different sources,

including preexisting corpora that are available to the public,

websites, Facebook, YouTube, and Twitter. In terms of the

number of unique words from each source, YouTube is the

richest source of vocabulary for SD text, while the preexisting

corpora are the richest source for MSA text.

From Table 2, it can be seen that some collected data

included both MSA and SD (i.e., the source was mixed). This

usually happens when the text includes official announce-

ments written in MSA language in addition to comments

written by people in SD language. The only exception is in

the preexisting corpora, which included either only MSA or

only SD text. On YouTube and Twitter, it was difficult to find

pure MSA text. The collected text was identified as either SD
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TABLE 1. Existing arabic corpora.
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TABLE 1. (Continued.) Existing arabic corpora.

TABLE 2. Total statistics of collected data.

or mixed SD and MSA. This is because both YouTube and

Twitter are informal platforms, as is also the case with news

websites.

One last interesting observation from Table 2 is that

Facebook was not a rich source of SD text. This is because

Saudis rarely use this platform for communication and,

instead, use YouTube and Twitter. For that reason, most of

the resources collected from Facebook were text written with

MSA followed by the small number of comments in SD lan-

guage (mixed with MSA). Further information on the details

of each source is described in the following sections.

A. PRE-EXISTING CORPORA COLLECTION

Corpora that are available for public use with MSA and SD

language were collected in this stage. The statistical details

of the existing corpora that were collected are summarized

in Figure 1.1 Note that the information shown in this fig-

ure describes the portion collected and not the whole corpora.

This is because some corpora include different languages that

are not related to the Saudi language, so they were eliminated

in the collection phase.

Starting with MSA corpora, illustrated in Figure 1. (a),

it is clear that the literature is rich with MSA text that can

be reused. OPUS corpora are the richest source of MSA text

and include data from 2010 to 2019. Other corpora cover

the years in between. Thus, collected MSA corpora include

text related to past events. On the other hand, when consid-

ering the SD corpora illustrated in Figure 1. (b), the text is

more recent and dated between 2017 and 2020. However,

the collected SD corpora are smaller than the MSA corpora,

as the former range between 23,000 words and 3M words

(5000∼249000 unique words). Thus, more text needs to be

collected, andmore recent events need to be covered to enrich

the literature on SD text.

In addition to the size limitation, the collected corpora are

still limited in terms of the number of domains represented.

Figure 2 illustrates the 10 domains covered by the collected

corpora. To build a diverse and scalable corpus, more domains

need to be considered.

B. WEBSITE CRAWLING

Due to the need to collect relatively new text from the web,

the web crawling technique was used to collect text from

different websites and news outlets. Note that each website

has its own selectors and also pages have different selectors.

Thus, most of existing crawlers collected all sentences from

1Throughout this paper, figures with statistics are represented in logarith-
mic scale for better visualization.
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FIGURE 1. Collected existing corpora; (a) statistics on the MSA corpora,
(b) statistics on the SD corpora.

FIGURE 2. Domains of the collected pre-existing corpora.

a page without considering the repetition of the sentences

with different selectors. For that reason, a special crawler was

programmed to deal with websites’ selectors and collect the

required text (which is the body of a page). In particular, the

implemented crawler works as follows:

1. Scan every link in a website.

2. Extract the content according to given selectors.

3. Save the body according to the language type. If the

page has no body, as with main pages or pages that

contain links to other pages, nobody will be stored.

4. After crawling all pages, XML tags are removed from

the text and only the body of the pages are preserved.

5. Merge all bodies of a website in one text file.
Ten different websites were crawled, as listed in Table 3.

These websites are rich in content and cover news or medical

topics or sell products. Only Arabic pages were extracted;

these were then manually scanned to identify whether they

had MSA or SD language or both.

The statistical details of the crawled websites are sum-

marized in Table 3. It can be seen that websites with med-

ical information and news outlets included only MSA text,

which is expected since these platforms are formal resources.

However, on commercial platforms that sell products, the text

extracted was SD because it included the sellers’ description

of their products in addition to consumers’ comments, which

were written in their spoken language.

By combining all domains of the crawled text, as illustrated

in Figure 3, it can be seen that the total number of words

collected from SD websites (+2M words) is much less than

that collected from MSA sources (+32M words). It was

found that websites can be a rich source of MSA text but

not of SD text. This can be attributed to the fact that the

young Saudi generation is not using website platforms as

those before it have, and social media platforms are becoming

more frequently used, as will be emphasized in the following

section.

C. SOCIAL MEDIA COLLECTION

Social media platforms are becoming a major research source

for rich information, especially for dialectal text [39], and the

Saudi community has witnessed a massive increase in the use

of social media in the last 10 years [6]. For research purposes,

social media platforms have provided APIs for developers,

allowing them to collect user comments and blog text fitting

certain criteria. In this paper, it was decided to collect text

from three social media platforms: YouTube, Twitter, and

Facebook. The statistical details of the collected text are

summarized in Table 4.

From Table 4, it can be seen that SD text was differentiated

better on Twitter and YouTube, while on Facebook, almost

50% of the collected text was mixed and the rest was MSA.

In general, the total number of words collected from social

media exceeded +17M sentences, +173M words, and +9M

unique words. Most of the collected text was SD rather than

MSA. Mixed text, however, occurred in all social media

platforms. When comparing the sources of social media,

it became clear that YouTube was the richest source of data

for SD text, and Twitter came in second. The details of each

source and how theAPIwas used to collect the data are shown

in the following section.

In addition to its size, the diversity of the data is also impor-

tant. Figure 4 shows the domains of the collected sources

and the number of datasets collected for each domain. It is
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TABLE 3. Websites crawled.

FIGURE 3. Website crawling statistics.

FIGURE 4. Domain distribution across the collected social media dataset.

clear from this figure that the collected data are diverse and

cover different domains and topics. Data collected from social

media have been categorized into 26 different domains. Each

domain provided one to five different datasets. The details

of the number of words in each domain are explained next

and vary depending on the source from which the text was

collected.

1) YOUTUBE RESOURCES
To collect data from YouTube, the commentThread [41] API

was used. This tool allows developers to fetch user replies

and comments from their channels and videos. In fetching

TABLE 4. Social media data statistics.

FIGURE 5. Collection statistics for youtube data.

the comments from a channel or a video, it was important

to decide what channels and videos to collect text from.

First, Arabic channels were examined, and if these channels

included videos or playlists introduced by a Saudi announcer,

then they were flagged. Then, the comment section of the

flagged videos was examined, and if it had a large number of

Saudi comments, then the video URL was sent to comment-

Thread to collect the data. As a result of this process, it was

possible to collect a total of 110,967,321 words, 12,813,166

sentences, and 5,704,615 unique words from YouTube. As

illustrated in Figure 5, the only domain in which SD and

MSA could not be differentiated was religious content. This

is because people write in their spoken language and include

MSA text from the Quran or the Prophet’s sayings.

It is interesting to note in Figure 5 that one of the richest

sources for SD text on YouTube is vlog-style videos. Users
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FIGURE 6. Collection statistics for twitter data.

very actively commented on these videos and engaged with

the channel owner. On the other hand, poetry content was

relatively scarce, and the amount of content in the rest of the

domains depended on how active the channel was.

2) TWITTER RESOURCES

To collect relevant and important text from Twitter, differ-

ent criteria were used during the collection process. The

first criterion used was streaming Saudi tweets identified

by geographical information. Of course, during this process,

non-SD texts were found and labeled as mixed. The sec-

ond criterion used was archived tweets based on important

keywords (hashtags) related to recent events in Saudi Ara-

bia, such as # or # . A third

criterion used to collect the archived data was relevant user

accounts, such as well-known Saudi influencers that have

millions of Saudi followers and tweets. Note that all tweets,

retweets, and comments were also collected.

As illustrated in Figure 6, mixed text is not affected by the

domain but rather by the tweet poster. If the posting account

is from an official entity, the collected text will be a mix of

MSA and SD. This is because the accounts of official entities

usually post in MSA, but their tweets become mixed with

comments written in SD. Moreover, it was also a challenge

to identify the domain of +5M words of text, and thus, these

words were labeled as general text. This is because many

tweets were replies or discussions about different topics,

so they did not belong to a certain domain. The news domain

came in second place (following the general domain) in terms

of the number of SD words (+2M words) and first place in

terms of mixed text (+300,000 words).

3) FACEBOOK RESOURCES

Facebook provides posts and comments related to a given

page through GraphAPI [42]. The first step in collecting text

from Facebook was to collect pages in different domains,

including news, politics, culture, sports, cooking, and adver-

tisements. The FindMyFBID tool [43] was used to convert

the page URL to an ID to retrieve the data with GraphAPI.

A post and its corresponding comments cannot be retrieved

all at once, so all posts from the last three years are retrieved

FIGURE 7. Collection statistics for facebook data.

first; then, for each post, a new request is sent to fetch its

comments and replies.

From Figure 7, it is clear that SA is not popular on

Facebook; thus, the data collected from this platform were

either MSA or mixed. As with Twitter, MSA text was related

to the owner rather than the domain, so text that was published

by official entities was inMSA, while posts written by regular

users were a mixture of MSA and SD. Domains such as act-

ing, technology, and culture contained the least SD content,

while the rest of the domains are interchangeable.

IV. PROPOSED KSUSC SYSTEM ARCHITECTURE

From the literature onNLP, different preprocessing tools have

been developed [44]–[53]. However, due to the diversity of

sources and the nature of SD language, it was impossible to

use these tools to preprocess the collected text. Using one

round of normalization and cleaning would not work on all

kinds of data; even the preexisting corpora needed a certain

level of preprocessing to be compatible with the proposed

KSUSC corpus. Moreover, stemming is very challenging for

dialectal Arabic [54] since it does not follow standard Arabic

grammar rules for term conflation and attaching affixes to

words. Therefore, an incremental process was adopted for

the proposed system to continuously update the lexicons and

build the KSUSC corpus. One of the advantages of having

an incremental system is to avoid the need for stemming and

develop a system that can scale and not restrict to certain

rules or predefine lexicon. The proposed system was devel-

oped using Python regular expression and is divided into

five main processes, as illustrated in Figure 8. First, data are

processed to build lexicons for all accented characters and

unwanted symbols. Second, the data are normalized to unify

identical characters that are found with different represen-

tations. Third, irrelevant information and repeated sentences

and words are removed. Fourth, numbers and English words

are masked. Finally, in the fifth step, the corpus is encoded

and validated to ensure that all characters are recognized and

normalized. This is of particular importance because seman-

tic corpora such as the KSUSC can be used with non-Arabic

models such as BERT, which need to be strictly normalized

and encoded.
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FIGURE 8. KSUSC system architecture.

Updating the lexicons incrementally allows the proposed

KSUSC system to be scalable to incorporate new SD doc-

uments. The details on how the developed processes works

will be explained in the following sections and examples of

the proposed system will also be illustrated.

A. LEXICON CREATION

Before starting to normalize and clean the text, it is important

to build a lexicon for all variations of letters and symbols and

for special unwanted symbols. This is of particular impor-

tance because the data are collected from various places, and

thus, it is possible that the letters were written in different

formats or using different keyboard settings. Moreover, irrel-

evant symbols and tags could have been included during the

collection process. Thus, the lexicon is initially empty, then

the collected text is scanned, and all unrecognized symbols

and letters are extracted incrementally in the validation phase.

Then, the list is investigated to create two lexicons: Accented

ASCII and Unwanted Symbols. The ‘Accented ASCII’ lex-

icon includes all accented characters and their equivalent

ASCII codes; an example is shown in Table 5. The ‘Unwanted

Symbols’ lexicon includes all characters that are not recog-

nized. After creating these lexicons, it is possible to use them

with any subsequent new data.

B. NORMALIZATION

While collecting the data, it was noticed that a character’s

Unicode code can be different from one source to another.

For example, some people write numbers in Hindi ASCII,

while others write them in Arabic ASCII; sometimes spaces

or punctuation are written with Arabic keyboards, while other

times, they are written with English keyboards. All these

characters have the same meaning but might confuse the

TABLE 5. Sample of ASCII lexicons for ‘ ’ and ‘ ’-accented characters.

semantic model if they are represented differently. Thus, it is

important to first normalize the collected data regardless of

the source from which it was collected. To do that, Python

regular expression was used to implement three normaliza-

tion processes as follows.

1) CONVERT TO ARABIC

All characters, spaces, and punctuation written in English are

converted to Arabic, and the numbers written in Hindi ASCII

are converted to English ASCII.

2) UNIFY LETTERS

In Arabic text, letters can be written differently depending on

their position in theword or the region of thewriter. For exam-

ple, the letter ‘ ’ can be written as , , , , etc. However,

it is impossible for Python regular expressions to recognize

the similarity since each variation has a different ASCII code.

Thus, accented characters are converted to ASCII characters

using the previously built Accented ASCII lexicon.
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FIGURE 9. Sample of data in the normalization phase: (a) before normalization, (b) after normalization.

TABLE 6. Abbreviation vs. full words.

3) UNIFY WORDS

In Arabic text, some words can be abbreviated using one

character and, thus, should be unified as either abbreviated or

full words. For example, Table 6 shows some abbreviations

and their corresponding words.

After applying the three processes of normalization, all let-

ters should be recognizable and have the samemeaning, mak-

ing them ready to enter the cleaning phase. Figure 9 shows a

sample of the text before and after the normalization phase is

applied. Note that the changes are in blue.

C. CLEANING

The text cleaning phase is used to eliminate unwanted words

and characters and improve the performance of a semantic

model. This step removes all HTML tags, extra whitespaces,

special characters, punctuation, and duplicate letters as well

as any sentences that are not related to the meaning of the

text or have been corrupted during collection. In particular,

Python regular expression was used to implement the fol-

lowing nine processes that clean the data and remove any

noise.

1) REMOVE UNWANTED SYMBOLS

Unwanted symbols (e.g.,

) are replaced by whitespace in this task,

while full stops and commas are left in the text because they

help indicate the length of the sentences. Note that some

symbols were not recognized at the beginning, and thus,

the Unwanted Symbols lexicon was updated accordingly. For

example, Table 7 shows some symbols that were not recog-

nized at the beginning and indicates how they were removed

from the text. Moreover, Figure 10 shows a sample of the text

before removing unwanted symbols and after removing them

(colored in red).

2) REMOVE SPECIAL SYMBOLS

Some special symbols (e.g., \/:%-$) should be removed from

the text; however, they have a meaning when they appear with

a number. For example, a colon appears with numbers when

it is a time (12:30 pm), and a backslash or dash with numbers

can represent dates (1/1/2020 or 1-1-2020). Thus, it is impor-

tant to preserve these special symbols when they occur with

numbers and remove them if they do not. Figure 11 shows

a sample of the text before and after removing unwanted

symbols. Note that the symbols with numbers (highlighted

in green) were kept, while the other symbols (highlighted in

red) were removed.

3) REMOVE DUPLICATED SYMBOLS

After removing unrelated symbols, it may be noticed that

full stop and commas are sometimes unnecessarily repeated.

Thus, the duplication should be removed, as shown in Fig-

ure 12 (colored in red).

4) REMOVE DUPLICATED LETTERS

Speakers sometimes repeat a letter in a word to emphasize

their emotion. For example, in English, people might write

‘Good’ as ‘Goooooood’ to emphasize that they like some-

thing. Similarly, this type of redundancy occurs in Arabic and

should be removed to standardize the data. For instance, the

redundant letters ‘ ’ in the word ‘ ’ will be removed

to obtain the correct word ‘ ’. One exception is the word

‘ ’, which is an expression of laughing out loud. In this

expression, the letter ‘ ’ is repeated several times depending

on the user; however, if it is removed, the system might con-

fuse it with the letter ‘ ’, which means Hijri, and mistakenly

transform it to the word ‘ ’. Thus, the expression for

laughing out loud was transformed into two letters instead of

one. For example, Figure 13 shows how the word ‘ ’

is transformed to a word with two letters, ‘ ’, which also

means laughing.

5) REMOVE TASHKEEL

In Arabic, there are special punctuation marks called ‘Tash-

keel’ that are used to emphasize certain vowel sounds, such as
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TABLE 7. Removal of unknown symbols.

FIGURE 10. Sample of data with unwanted symbols: (a) before removal, (b) after removal.

FIGURE 11. Sample of data with special symbols: (a) before removal, (b) after removal.

FIGURE 12. Sample of data with duplicate symbols: (a) before removal, (b) after removal.

FIGURE 13. Sample of data with duplicate letters: (a) before removal, (b) after removal.

. These marks are

removed to standardize the text, as shown in Figure 14.

6) REMOVE UNWANTED WORDS
In the text, there are words and sentences with special

uses that show emotions or are used as metadata, which

has no relevance to the semantic meaning of the text

itself and includes HTML tags, URLs, emails, hashtags,

emojis, and other special metadata. These words and sen-

tences are removed in this step, as shown in Figure 15.

There is one exception during the removal process, which

is related to hashtags. Since hashtags have meaning when

they appear inside a sentence, it was decided that hash-

tags should be removed only when they appear separately

as one word in a line. However, when a hashtag appears

in a sentence, it is processed so that the hash and the
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FIGURE 14. Sample of data with arabic punctuation marks: (a) before removal, (b) after removal.

FIGURE 15. Sample of data with unwanted words: (a) before removal, (b) after removal.

FIGURE 16. Sample of data with sentences dominated by English words: (a) before removal, (b) after removal.

underscore are replaced with whitespace and the word itself is

preserved.

7) REMOVE PREDOMINANTLY ENGLISH SENTENCES

During the cleaning process, sentences with more than 25%

of their words in English are removed from the text. Figure 16

shows an example of two sentences that have English words,

and one of these sentences will be removed (colored in red).

8) REMOVING UNRELIABLE WORDS

During the collection process, whitespace may be removed in

some places so that words are combined. To reduce the need

to manually revise these words, it was decided that sentences

with words longer than 15 letters should be removed, as illus-

trated in Figure 17.

9) REMOVE EXTRA SPACES

Extra whitespace occurs between punctuation and text or

numbers. Thus, these spaces are removed, as shown in

Figure 18.

D. MASKING

After cleaning the text, it is important to mask English words

and numbers for future use with semantic models. These

words can also be manually translated into Arabic in the
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FIGURE 17. Sample of data with unreliable words: (a) sentences that will be removed.

FIGURE 18. Sample of data with duplicate spaces: (a) before removal, (b) after removal.

FIGURE 19. Sample of data requiring words to be split from numbers: (a) before splitting, (b) after splitting.

future. To automate this process, tags are used for masking,

and the following processes are applied.

1) SPLIT WORDS FROM NUMBERS

Before masking the numbers, it is important to separate them

from text since they are combined with other words in some

documents, as shown in Figure 19.

2) TAG ENGLISH WORDS AND NUMBERS

All English words are masked with the tag [unknown], while

numbers are tagged as [number], as shown in Figure 20.

3) REMOVE DUPLICATED WHITESPACE

After applying all the previous steps, whitespace may be

duplicated due to replacing unwanted symbols or letters with

spaces. Thus, these duplicates are removed, as shown in

Figure 21.

E. DATA VALIDATION

After cleaning the data, it is important to validate it and cor-

rect any mistakes found. For example, in building this corpus,

it was noticed that some symbols were still not recognized,

and letters had different ASCII representations even if they

had the same meaning. Thus, this phase introduces two main

processes used to validate the data and correct unrecognized

letters or symbols.

1) ENCODING

All Arabic letters, in addition to full stops and commas, were

matched to a list of English letters. Then, the collected data

were encoded to English, and any letter or symbol that was

not recognized and was not found in the lexicon was added

to a list called a non-encoded list.

2) UPDATING LEXICONS

In order to incrementally update the two lexicon proposed in

this system, after encoding the documents, the non-encoded

list was investigated. If the list was not empty, Arabic letters

were added to the matching entry in the Accented ASCII

lexicon, and other symbols were added to the Unwanted

Symbols lexicon.

The normalization and cleaning phases were repeated after

updating the lexicons, and all files were encoded incre-

mentally until the non-encoded list was empty. Figure 22

shows the encoding results after validation. All letters were
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FIGURE 20. Sample of data when tagging english words and numbers: (a) before tagging, (b) after tagging.

FIGURE 21. Sample of data with duplicate whitespace: (a) before removal, (b) after removal.

translated to a matching English letter, and thus, all words

were recognized.

V. USE CASE

For the output of the proposed system, this section presents

a full use case and shows the result of each process in the

KSUSC system. Starting from the original sample, presented

in Figure 23, the text was normalized as shown in Figure 24,

cleaned as shown in Figure 25, masked as shown in Figure 26,

and finally validated based on the encoding shown in Fig-

ure 27. The resulting lexicons can be incrementally updated

whenever a new document is introduced.

VI. PROPOSED KSUSC CORPUS DESIGN

After collecting the data from various resources and cleaning

them using the KSUSC system, it was decided to design

the KSUSC corpus to be the largest Saudi corpus to date.

To design this new corpus, the following criteria were

validated:

• Corpus Size: The designed corpus is a large corpus with

more than 1B words.

• Corpus Languages: The languages of the final corpus are

MSA and SD. Introducing MSA text into the collected

data would enrich the text due to the similarity between

MSA and dialectical language.

• Material Mode: The material of the KSUSC is written

text because it can be easily collected and validated.

However, in the future, spoken materials will also be

considered for inclusion.

• Corpus Dates: The KSUSC corpus covers past materials

taken from preexisting corpuses (up to 2010) in addition

to recent new content written by the end of 2020.

• Corpus Source: The text was collected from five

resources, including preexisting corpora, websites, and

different social media platforms.

• Corpus Domains: The KSUSC is a diverse corpus that

covers more than 26 domains.

After validating the proposed criteria, it was possible

to design and build the KSUSC corpus, which includes a

total of 161,795,667 sentences, 1,183,156,600 words, and

14,240,747 unique words. Metadata were introduced to

archive the text, and the outcome was copyrighted, as will be

explained next. For more details about the corpus statistics,

see the Appendix at the end of this paper.

A. TEXT DISTRIBUTION

To uncover the design criteria of the KSUSC corpus, the gen-

eral statistics are outlined in Table 8. From this table, it is

clear that the KSUSC is a large corpus and includes both
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FIGURE 22. Sample of data during the validation phase: (a) before encoding, (b) after encoding.

TABLE 8. KSUSC distribution across languages.

MSA and SD language. The size of the MSA text is +8M

unique words, +146M sentences, and ∼1B words, while the

size of the SD and mixed texts is +6M unique words, +14M

sentences, and +150M words. Although the total number of

words in the KSUSC that come from SD text is much smaller

than the total number of words that come from MSA text,

the former is still considerably larger than the amount of SD

text in all other available corpora.Moreover, when comparing

the unique number of words between MSA and SD, it can be

seen that MSA constitutes 56% of the total number of unique

words, while SD and mixed text constitute the rest. Thus,

the KSUSC is still rich in SD vocabularies and morphologies.

With respect to the date criterion, as illustrated in Fig-

ure 28, it is clear that the KSUSC date is concentrated towards

the end of the date range (between 2018 and 2020). This is

of particular importance for ensuring that new vocabularies
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FIGURE 23. Original sample of the use case.

FIGURE 24. Use case sample after normalization.

FIGURE 25. Use case sample after cleaning phase.

reflecting recent events are covered by the KSUSC. Note that

this figure reflects the number of unique words with respect to

time in an effort to avoid noisy or redundant text. There are

some missing years from the source data, but this does not

affect the quality of the corpus since data from the last three

years that can help with new tasks and challenges, such as
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FIGURE 26. Use case sample after masking.

FIGURE 27. Use case sample after encoding.

FIGURE 28. KSUSC designed distribution across timelines.

COVID-19 or the Saudi Vision 2030 framework, are of more

interest here.

In terms of the text sources, as illustrated in Table 9,

more than 102M words in SD language came from YouTube,

+10Mwords came from Twitter, and +2Mwords came from

other web crawled sites. However, +900M words fromMSA

text resulted from preprocessing the preexisting datasets,

indicating that the text was indeed further cleaned and stan-

dardized. Moreover,+32Mwords inMSA resulted fromweb

crawling, and +20M words came from Facebook.

Finally, the domain distribution is another design criterion

that must be highlighted with respect to the number of unique

words. From Figure 29, it can be seen that the domain that

includes the highest number of unique words is the general

domain (with 34%). This is because it includes text that is not

focused on a certain topic. After that, text in the acting domain
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FIGURE 29. KSUSC designed distribution across domains.

TABLE 9. KSUSC designed distribution across sources.

comes in second place, constituting 19% of all unique words,

and the news domain comes in third place with approximately

7% of all unique words. Next, the corpus is distributed sim-

ilarly between the rest of the 23 domains, with the music

(0.02%) and history (0.03%) domains having the smallest

number of unique words.

Although these statistics show the percentage of unique

words in each domain, it must be clarified that these domains

are based on the source text and not the vocabulary itself.

In other words, if a word appears in sports-related text, this

does not mean that the word does not appear in news-related

text; rather, this means that it will not appear again in the

same domain. Therefore, it was important to characterize the

corpus with different metadata and archive it for further use.

B. TEXT METADATA

Any corpus in the literature has to be categorized and

described with metadata. To facilitate further improvement

in the future, it was decided to record as much information

as possible about the corpus collected. In particular, KSUSC

metadata included the source name, domain, file name, URL

of the sources (or query/region), year of the text, and the total

number of words, the number of sentences, and the number of

unique words. These criteria will allow researchers to restrict

their data to a specific source, period of time, domain, or even

a query or region. These clear design criteria and metadata

will be helpful in the corpus compilation process and when

validating the accuracy of a certain task that is applied across

the corpus.

C. PLAUSIBLE APPLICATIONS

This corpus is a general-purpose Saudi corpus that can be

used when developing NLP applications for Saudi language

or for linguistic studies at different domains. In particu-

lar, semantic-based applications are the targeted applications

that can use the corpus as it is; in which methods can

be applied on the collected text to measure the similarity

between words in the same sentences and understand what

it means accordingly. Examples of such applications are

semantic analysis and search query. Note that any pre-trained

models, such as BERT, can directly use the corpus to fine-tune

over Saudi Dialectical text. Moreover, if the data is fur-

ther annotated, classification methods can also be applied

on the annotated corpus and used for more specific appli-

cations such as sentiment analysis [55]–[59] or sarcasm

identification [60], [61].

D. CHALLENGES AND DIFFICULTIES

The process of collecting SD text revealed different chal-

lenges, and the construction of the KSUSC presented

many difficulties. These challenges can be summarized as

follows:
• It was difficult to distinguish SD text from other Gulf DA

languages, and Saudi dialect experts had to be consulted.

• The social media text was very dirty and needed inten-

sive incremental cleaning.

• No common SD lexicons were found; thus, they had to

be created from scratch.

• Social media platforms had many restrictions when col-

lecting the data, which extended the collection process

to obtain enough text for the corpus.

• Some domains did not exist in current sources.

• Not all preexisting corpora were available or free to

access.

Because of these challenges, the source of each text was

included in the design criteria, but some domains and years

were not fully covered.

E. COPYRIGHTS

The designed corpus was built from sources available online,

and some have an active copyright, such as newspapers,

magazines, books, tweets, and websites. Thus, the following

actions have been taken: (1) bibliographic information about

the corpus content is provided; (2) previews of the full text

are restricted and are not available to the public; and (3) the

collected text is not distributed and is locally used for research

purposes. The corpus will be used according to the previously

stated restrictions, and because it is intended for research
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TABLE 10. KSUSC Detailed Statistics.

purposes, it is consistent with the current Saudi copyright

law [62].

VII. CONCLUSION

A language corpus is one of the most important sources

of data for researchers and can represent written language

around the world. However, Arabic corpora lack suffi-

cient research interest and data due to the time-consuming

challenges faced when designing and building such a corpus.

DA text is particularly challenging because it does not have

standard orthographies. This paper surveyed 33 Arabic cor-

pora to confirm that SD corpora are still in need of further

expansion. Thus, +1.2B words of text were collected from

five different sources. These sources included existing cor-

pora and new text collected from websites and social media

platforms in order to include past and recent vocabularies.
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Thus, the paper introduced a new preprocessing system

that is incremental and scalable to incorporate new data

sources. The system validated the collected data and elim-

inated irrelevant characters and incomplete text. The incre-

mental creation of SD lexicons will allow the system to scale

to other languages in DA. As a result of this system, it was

possible to design and build a new KSUSC corpus that is

large, diverse, and up to date. The KSUSC corpus includes

MSA and SD language covering 26 different domains. It is a

large corpus with +1B words, +161M sentences, and +14M

unique words. More than 35% of all unique words in the

KSUSC are in SD language.

The scalability of the preprocessing system and the

diversity and large size of the designed corpus will allow

researchers to use the KSUSC for a wide number of tasks

and to integrate their own corpora. Important steps that the

authors are considering in the future include providing the

preprocessing system as a tool for public use with different

DA text and introducing text from speech resources into the

corpus. This will allow the system to enrich the SD lexicons

even further and allow other researchers to contribute to and

reuse the system. Moreover, in the future, the corpus will

be used with semantic-based applications such as semantic

analysis and query search. The effect of mixing the SD text

with MSA will be further investigated.

APPENDIX

See Table 10.
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Abstract

Semantic Textual Similarity (STS) is the task of identifying the semantic correlation between

two sentences of the same or different languages. STS is an important task in natural lan-

guage processing because it has many applications in different domains such as informa-

tion retrieval, machine translation, plagiarism detection, document categorization, semantic

search, and conversational systems. The availability of STS training and evaluation data

resources for some languages such as English has led to good performance systems that

achieve above 80% correlation with human judgment. Unfortunately, such required STS

data resources are not available for many languages like Arabic. To overcome this chal-

lenge, this paper proposes three different approaches to generate effective STS Arabic

models. The first one is based on evaluating the use of automatic machine translation for

English STS data to Arabic to be used in fine-tuning. The second approach is based on the

interleaving of Arabic models with English data resources. The third approach is based on

fine-tuning the knowledge distillation-based models to boost their performance in Arabic

using a proposed translated dataset. With very limited resources consisting of just a few

hundred Arabic STS sentence pairs, we managed to achieve a score of 81% correlation,

evaluated using the standard STS 2017 Arabic evaluation set. Also, we managed to extend

the Arabic models to process two local dialects, Egyptian (EG) and Saudi Arabian (SA), with

a correlation score of 77.5% for EG dialect and 76% for the SA dialect evaluated using dia-

lectal conversion from the same standard STS 2017 Arabic set.

Introduction

Recognizing the similarity between two sentences is a vital process in many applications since

the text is one of the most important media for communication [1]. This makes Semantic
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Textual Similarity (STS) a critical pre-step in several domains such as information retrieval,

document classification, machine translation, textual summarization, question answering,

short answer grading, semantic search, and conversational systems [2]. For example, In the

information retrieval problem, the most common criterion used to retrieve information is key

sentences. Given a set of available media such as documents or videos, millions of them for

practical applications, the user can query the system by entering a sentence to describe the con-

tent of the medium to be viewed. The same medium can be retrieved using several sentences.

i.e., the user can use a different query other than the key sentences that are associated with the

medium to describe it. For any efficient retrieval process, the system should be able to recog-

nize the correlation between similar, but different, queries [3].

STS and sentence embeddings

While there are several ways to tackle the problem of STS, the most promising ones are based

on word/sentence embeddings. Sentence embeddings are vector representations of sentences

in which each vector is mathematically close in the space to other vectors that represent

semantically close meaning. Embeddings can be calculated using different algorithms such as

Word2Vec [4], GloVe [5], and BERT [6]. BERT and BERT-Like models are generally based on

self-supervised machine learning techniques that make use of the huge amounts of unlabeled

text data available on the internet. While BERT is not intentionally created to generate embed-

dings, it can be adjusted to generate sentence embeddings of good quality. BERT models set

new state-of-the-art performance on various sentence classification and sentence-pair regres-

sion tasks. To generate a sentence-pair similarity score, BERT uses a cross-encoder: Two sen-

tences are passed to the transformer network and the target value is predicted using a simple

regression method for the output. However, this setup is unsuitable for various applications

due to the high number of possible combinations to be checked. In [7], the authors proposed a

method to generate effective sentence embeddings from BERT models, and several other mod-

els have been suggested for such a line of adaptations.

Motivation

While measuring semantic similarity of texts is applied widely for some languages, for exam-

ple, English, The Arabic version of the problem has three main limitations. The first one is that

the methods proposed to handle the problem for the Arabic language are not of good perfor-

mance. The second issue is that the development of STS models always requires the availability

of semantic similarity annotated corpus with considerable size [8]. Unfortunately, this type of

resource is not available for low resources languages such as Arabic. The third problem is that

the written form of dialectal Arabic doesn’t have lexical standards. So, there is always a need

for approaches that can minimize the gap between the performance of Arabic STS models and

the level of STS models of widely investigated languages like English. The motivation of this

work is to overcome these challenges. and to provide a methodology for handling these issues.

The general advantages and contributions of this work are provided in the next section.

Contributions

The main contributions proposed in the paper are the following:

• Proposing three approaches to tackle the problem of Arabic STS. The first is to use automatic

machine translation to translate English STS data to Arabic and to use the translated data for

converting Arabic BERT models into STS Arabic models. The second approach is to inter-

leave English STS data with Arabic BERT models to generate enhanced Arabic STS models.
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The third approach is based on knowledge distillation models that are optimized using pro-

posed translated Arabic STS datasets.

• The development of a new data resource of professional translation for 1.3K pairs of sen-

tences from their original form in English to MSA, Egyptian Arabic, and Saudi Arabic

versions.

• Proposing different models that advance the state-of-the-art performance in the STS task in

MSA with limited resources.

• The development, to the best of our knowledge, of first STS models for Egyptian Arabic and

Saudi Arabic.

The rest of the paper is organized as follows: Section 2 illustrates the related work and litera-

ture review; Section 3 provides the details of the proposed approaches, the developed datasets,

and the developed models. Section 4 includes the experimental results and Section 5 includes

comparisons with the state-of-the-art results. Finally, section 6 includes the conclusions and

some prospects for our planned future work.

Related work

Lexical-based similarity

Because semantic textual similarity has many applications in natural language processing, the

general form of the problem has attracted a lot of attention from the community [9, 10]. How-

ever, it has gained a less but considerable interest regarding the Arabic language. While there

are several methods tried to tackle the problem, these methods can be categorized into two

main tracks: lexical-based similarity and semantic-based similarity [11]. Lexical-based similar-

ity relies on calculating the correlation between the character streams of two sentences to be

compared. This process can be applied to the level of characters or the level of words. While

applying this process to the level of characters is relatively simple, it is not robust enough to

extract the real similarity between two sentences. Computing the correlation between two

texts based on words is better than character level [12]. Methods for measuring similarity

between words are using several distance measures to compute the relevance between two

terms [13]. Some examples of these measures are Jaccard distance and Levenshtein distance

[14, 15].

Semantic-based similarity

Semantic-based sentence similarity methods can be divided into three classes: word-based sen-

tence similarity, structure-based sentence similarity, and vector-based sentence similarity

methods [13]. In word-based sentence similarity, the sentence is handled as a list of words,

and the correlation between the words in the two sentences is compared [16]. In structure-

based sentence similarity, several methods have been suggested that use language grammar

[17], Part-Of-Speech (POS) [18] and words order [19]. Vector-based sentence similarity meth-

ods rely on calculating sentence embeddings that describe each sentence as a mathematical

vector. These methods are based on corpus analysis. The vector representing each sentence

can be calculated by training a model using a sufficiently large corpus. Many techniques have

been presented to provide sentence embeddings. For example, Kiros et al. in [20] proposed a

method named Skip-Thought that trains an encoder-decoder framework to try to predict the

surrounding sentences. In [21], the authors proposed a method that uses siamese transformers

and siamese DAN networks to generate sentence embeddings. Cer et al. [22] proposed Univer-

sal Sentence Encoder which used unsupervised learning with a transformer network. Conneau
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et al. [23] proposed InferSent, a siamese BiLSTM network with max-pooling over the output.

This method used labeled data of Stanford Natural Language Inference dataset (SNLI) [24]

and the MultiGenre NLI dataset (MultiNLI) [25].

BERT embeddings

The main recent approaches to calculate sentence embeddings are based on utilizing robust

language models such as BERT. BERT (Fig 1), which stands for Bidirectional Encoder Repre-

sentations from Transformers, is designed to train masked language models from an unlabeled

text by conditioning on both left and right contexts in all layers of a transformer network.

Such a language model randomly masks a specific percentage of input tokens and the objective

of the training is to predict the original masked tokens using only their context. BERT-based

models can be used to generate sentence embeddings. There are several ways to utilize BERT

for generating sentence embeddings. For example, by averaging the BERT output layer which

is known as BERT embeddings, or by using the embedding of a special token the BERT uses as

the first token for each input sentence (Known as the [CLS] token). Also, The BERT can be

used in a sentence-pair regression mode to generate a similarity score. However, the embed-

dings generated by these methods are either not of good quality or not practical for most appli-

cations [7].

Several techniques have been proposed to enhance the accuracy of BERT-based sentence

embeddings. For example, in [7], the authors present Sentence-BERT (SBERT). The SBERT

model [7] takes as input a pair of sentences into siamese architecture which consists of two

instances of a base model. Each instance produces an embedding using a pooling procedure.

The two embeddings are compared and the manual estimated correlation scores are used to

train the model for being oriented to the semantic similarity. In the testing phase, the testing

Fig 1. The main framework of BERT.

https://doi.org/10.1371/journal.pone.0272991.g001
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pairs of sentences are given as input to the same architecture and produce a cosine similarity

value for each pair of sentences that can be compared with the manual given reference correla-

tion score. The SBERT has been shown to achieve state-of-art performance for the English lan-

guage STS tasks. To transfer such good performance to other languages, especially those with

limited resources, a knowledge distillation approach was proposed [26]. In [26], the authors

proposed an efficient method to extend existing sentence embedding models to new languages.

Network learning is based on the concept that the original sentence and translated sentences

should be mapped in the same location in the vector space. Given, for example, a teacher

model of English, they presented an approach to train a student model of another language.

They use the original teacher model to produce sentence embeddings for the source language

and train a new system using translated sentences to simulate the original model. Fig 2 illus-

trates an overview of the method. However, using such a technique needs considerable

amounts of parallel data from multiple languages to be effective.

The state-of-the-art

Transfer learning-based solutions for STS have been used in several recent studies. For exam-

ple, in [27], the authors presented an STS system based on transfer learning. They used an

approach that is utilizing RoBERTa [28] models and applied their work to a biomedical data-

set. Their proposed methodology obtained an accuracy of 0.9. However, this accuracy was

based on domain-specific data. Also in [29], Mutinda et. al. proposed Japanese BERT-based

models for textual similarity. They also created two datasets that targeted the clinical medical

domain to test their presented systems. They achieved a score of 0.904 on the clinical domain

dataset. Furthermore, Yang et. al, in [30] explored 3 transformer-based models for clinical

STS, BERT, XLNet [31] and, RoBERTa. They examined transformer models pre-trained using

both clinical text and general English text. Their best-performing system was based on a

RoBERTa model and obtained a Pearson correlation of 0.9065. However, such good results

were due to applying the system to a domain-specific dataset.

Some techniques have been presented to handle the Arabic STS problem. In [26], the

authors applied their knowledge distillation-based model on a standard Arabic dataset for test-

ing proposed by [8] and got 79.1 based on Spearman rank correlation. Also, in [32] Nagoudi

and Schwab proposed a combination of word embedding and word alignment techniques and

then calculated sentence embedding as a sum of its content of word vectors to tackle the Arabic

STS problem [9]. Also in [33], Nagoudi et al. proposed a sentence vectors-based method for

Fig 2. Given parallel data from two languages, a student model can be trained such that the generated vectors for

the two languages sentences are close to the teacher language sentence vector.

https://doi.org/10.1371/journal.pone.0272991.g002
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the cross-lingual similarity between Arabic and English sentences. and they found that using

weighting based on POS can enhance their output results.

Proposed datasets and approaches

Data

In [8], the authors presented the evaluation of their organized task for Multilingual STS. They

have proposed datasets for being used to train and test STS proposed models. The datasets are

formatted into pairs of sentences. For each pair, there is a given manual score that indicates

the correlation between the two sentences. This score is ranging from 0 (no correlation) to 5

(exact meaning). Table 1 provides some examples of various degrees of correlation between

each pair of sentences in the STS datasets.

While Arabic STS was one of their organized tracks, the authors of [8] have provided an

MSA Arabic dataset for training, This work adds to them a translation of another 1379 pairs of

sentences from the English STS data. The translation has been completed by professional

experts. A translation for the same dataset to Egyptian Arabic and Saudi Arabic variants has

also been provided by this work. A dataset for testing has been presented in [8]. It consists of

250 pairs of sentences of MSA Arabic. The structure of the testing dataset and training dataset

is similar. We proposed a translation of this testing dataset to Egyptian Arabic and Saudi Ara-

bic to be used in evaluation. It is worth mentioning that the testing dataset presented by [8] is a

standard measure that is used by state-of-the-art papers (for example [26]). Table 2 illustrates

some examples of the proposed translations along with their original English texts.

Methodology

To develop our Arabic STS models, three approaches have been used. The first one is to train

an SBERT-based model. Such a model is based on an Arabic BERT model that is converted to

SBERT structure and fine-tuned using automatic translation to Arabic of the SNLI [24] and

Table 1. Examples of different levels of correlation between the sentences in STS dataset.

Correlation Example

5 The two sentences have the exact same meaning

I don’t see why there should be any problem with this whatsoever.

I don’t see why that should be a problem.

4 Some unimportant details are different but the two sentences are almost the same

A black and white photo of a man driving a car and someone with a motorcycle.

A black and white photo of a man in a classic car and a man with a classic motorcycle.

3 The two sentences are roughly equivalent, but there are some important different details.

A woman is talking on a cell phone.

A man and woman are talking on the phone.

2 The two sentences are not the same but they share some of the details

A man is playing the piano.

A man played the guitar.

1 The two sentences share the same topic but they are not equivalent.

A person is slicing some onions.

A woman is chopping herbs.

0 The two sentences are completely different

The train heads down the tracks and along the hedge.

A dog on the floor of a patio looks at a cat on the fence.

https://doi.org/10.1371/journal.pone.0272991.t001

PLOS ONE Semantic textual similarity for Arabic using transfer learning

PLOS ONE | https://doi.org/10.1371/journal.pone.0272991 August 11, 2022 6 / 14

https://doi.org/10.1371/journal.pone.0272991.t001
https://doi.org/10.1371/journal.pone.0272991


MultiNLI [25] English data sets. The M2M100 Many-to-Many multilingual model proposed

by [34] has been used for automatic translation of SNLI and MultiNLI datasets to MSA. To

build the SBERT-based model, the translated data have been used to convert the ArabicBERT

model into an SBERT version. The second approach is based on interleaving English STS data

with Arabic BERT models using transfer learning. In this approach, we started with an Arabic

BERT-based model. This model has been fine-tuned to be converted to an SBERT model. This

was done using English data from SNLI and MultiNLI English datasets and from original STS

dataset. As will be seen in the Experimental Results section, this approach considerably

impoved the accuracy of the model. The third approach is to utilize knowledge distillation-

based STS models as a base and fine-tune the models using the proposed translated dataset to

increase the accuracy of the models when used for Arabic STS. First, the pairs of sentences in

the translated dataset have been inputted into siamese architecture which consists of two

instances of a base model. Each instance produces an embedding using a pooling procedure.

The two embeddings are compared and the manual estimated correlation scores are used to

guide the network to fine-tune the model for being oriented to the dialect of the input data.

Second, in the testing phase, each generated model has been verified using a similar architec-

ture that takes the testing pairs of sentences as input and produces a cosine similarity value for

each pair of sentences that can be compared with a manual given reference correlation score.

Fig 3 summarizes the framework used in the third approach. The details of implemented

experiments are explained in the following section.

Experimental results

The proposed models have been tested on a standard dataset for testing proposed by [8]. As

mentioned before, this dataset has been translated to Egyptian and Saudi Arabic by native

speakers of both dialects. Three groups of tests have been applied. In the first group, the accu-

racy of MSA models has been checked. While in the second and third groups, the generated

models of Egyptian and Saudi Arabic have been tested. The accuracy measure that has been

Table 2. Some examples of the proposed translations along with original English sentences.

https://doi.org/10.1371/journal.pone.0272991.t002
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used is the standard Spearman rank correlation between the cosine similarity of sentence rep-

resentations and reference labels of testing datasets. The following is a brief description of the

current state-of-the-art STS models and the base models that have been utilized in our

experiments:

• ArabicBERT: ArabicBERT was the first pre-trained BERT model for Arabic. It is proposed

by Safaya et al. in [35].

• ARBERT: proposed by Abdul-Mageed et al. in [36]. It is an Arabic large scale masked lan-

guage model that targets modern standard Arabic.

• stsb-xlm-r-multilingual: It is a natural language processing model implemented in Trans-

former library. It was trained on SNLI + MultiNLI and on STS benchmark dataset. The

model is a multilingual version, trained on parallel data for 50+ languages [26].

• distiluse-base-multilingual-cased-v1: A multilingual knowledge distilled version of multilin-

gual Universal Sentence Encoder. Supports 15 languages including Arabic and English [26].

• distiluse-base-multilingual-cased-v2: It is a multilingual knowledge distilled version of

multilingual Universal Sentence Encoder. While v1 model supports 15 languages, this ver-

sion supports 50+ languages. However, performance on the 15 languages mentioned above

are reported to be a bit lower [26].

• quora-distilbert-multilingual: It is the multilingual version of quora-distilbert-base, fine-

tuned with parallel data for 50+ languages [26].

• paraphrase-xlm-r-multilingual-v1: A multilingual version of paraphrase-distilroberta-

base-v1, trained on parallel data for 50+ languages [26].

Fig 3. A framework of models generation using the third approach.

https://doi.org/10.1371/journal.pone.0272991.g003
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• paraphrase-multilingual-mpnet-base-v2: It is the multilingual version of paraphrase-

mpnet-base-v2, trained on parallel data for 50+ languages [26].

The following tables show the results of MSA, Egyptian Arabic, and Saudi Arabic experi-

ments respectively. For each table, the base model, the training/fine-tuning data, and the accu-

racy measured in Spearman/cosine similarity are shown respectively.

Approaches evaluation

As can be seen in Table 3, in the first experiment, the first approach has been checked. The

M2M100 model has been used to automatically translate SNLI and MultiNLI datasets to MSA.

M2M100 is a Many-to-Many multilingual translation model proposed by Facebook that can

translate directly between any pair of 100 languages. The translated data have been used to

convert the ArabicBERT model into an SBERT model. As illustrated in Table 3, when the

translated version of SNLI and MultiNLI has been used, the spearman score was around 0.48.

But when the original English versions of SNLI and MultiNLI have been used to build the

SBERT model, the spearman score was over 0.65. This means that the accuracy achieved using

the original SNLI and MultiNLI English version is better than the accuracy we got using the

translated version. This may be due to the inaccuracies in the translated version. So, It is not

recommended to use automatic language translation-based solutions to tackle the STS prob-

lem; at least with the current maturity level of automatic translation.

To check the second approach, another experiment has been conducted. We have started

with the ARBERT model, which is an Arabic BERT-based model, and fine-tuned it using

English data to convert it into an SBERT model, In this direction, two trials have been tested,

in the first trial, only SNLI and MultiNLI English datasets have been used for model conver-

sion. while in the other trial, SNLI and MultiNLI datasets have been utilized and then a fine-

tuning process has been applied using original STS data [8] for one epoch. The first trial

provided a spearman score of around 0.70 while with the second trial, we got an accuracy of

over 0.73. From these two trials, It can be seen that interleaving English data with Arabic-

based models is more promising than the translation-based solution.

In the third approach, It has been checked how efficiently to use knowledge distillation-

based solutions. For this purpose, several experiments have been conducted. As shown in

Table 4, our translated 1.3k pairs of sentences have been used to fine-tune several state-of-the-

art STS models. The best Spearman score achieved using this approach was over 0.81 using

paraphrase-multilingual-mpnet-base-v2 proposed by [26] as a base model and our proposed

translated dataset along with original data presented by [8]. Using a similar procedure, the pro-

posed translated versions of STS data to Egyptian Arabic and Saudi Arabic have been used to

fine-tune the state-of-the-art models. As illustrated in Table 5, In the case of Egyptian Arabic,

the proposed translated data have been successfully used to fine-tune the base model para-

phrase-xlm-r-multilingual-v1 proposed by [26] with a Spearman score of 0.775. In the case of

Table 3. Accuracy of machine translation based and interleaved MSA models tested based on Spearman rank cor-

relation between the cosine similarity of sentence representations and the reference labels of the testing dataset in

[8].

Base Model Training data Score

ArabicBERT bert-base SNLI and MultiNLI datasets translated using M2M100 model into MSA 0.4798

ArabicBERT bert-base SNLI and MultiNLI English datasets 0.6525

ARBERT SNLI and MultiNLI English datasets 0.708

ARBERT SNLI and MultiNLI English datasets then STS for 1 epoch 0.7364

https://doi.org/10.1371/journal.pone.0272991.t003
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Saudi Arabic. the proposed translated Saudi data along with the original data proposed by [8]

have been utilized to fine-tune state-of-the-art base models. Table 6 provides the details of the

experiments done in this direction. As shown in Table 6, the best Spearman score achieved

was over 0.76 by fine-tuning the base model distiluse-base-multilingual-cased-v2.

Comparisons with state-of-the-art

To test the quality of the proposed models, they have been compared to state-of-the-art coun-

terparts. While different methods have been assessed on various datasets at testing, our results

can be compared to methods that used the MSA testing dataset suggested in [8]. Table 7 illus-

trates the comparisons with the best current MSA models.

As shown in Table 7, the proposed model for MSA enhanced the state-of-the-art result by

around an absolute 2%. It is worth mentioning that transfer learning-based solutions depend

on the similarity between the domain of the base model and the domain of the new model.

While the base model (paraphrase-multilingual-mpnet-base-v2) of the proposed MSA model

Table 4. Accuracy of knowledge distillation-based MSA models tested based on Spearman rank correlation

between the cosine similarity of sentence representations and the reference labels of the testing dataset in [8].

Base Model Fine-tuning data Score

quora-distilbert-multilingual translated 1.3K MSA pairs of sentences 0.7665

distiluse-base-multilingual-cased-v2 translated 1.3K MSA pairs of sentences 0.7752

distiluse-base-multilingual-cased-v1 translated 1.3K MSA pairs of sentences 0.7778

stsb-xlm-r-multilingual translated 1.3K MSA pairs of sentences 0.7785

paraphrase-xlm-r-multilingual-v1 translated 1.3K MSA pairs of sentences 0.7918

paraphrase-xlm-r-multilingual-v1 translated 1.3K MSA pairs of sentences + original Arabic STS 0.7999

paraphrase-multilingual-mpnet-base-v2 translated 1.3K MSA pairs of sentences 0.8012

paraphrase-multilingual-mpnet-base-v2 translated 1.3K MSA pairs of sentences + original Arabic STS 0.8103

https://doi.org/10.1371/journal.pone.0272991.t004

Table 5. Accuracy of main Egyptian models tested based on Spearman rank correlation between the cosine simi-

larity of sentence representations and the reference labels of the testing dataset in [8] after translation to Egyptian

Arabic.

Base Model Fine-tuning data Score

paraphrase-multilg-mpnet-base-

v2

translated 1.3K Egyptian pairs of sentences 0.7345

paraphrase-multilg-mpnet-base-

v2

original Arabic STS then the translated 1.3K Egyptian pairs of

sentences

0.763

paraphrase-xlm-r-multilingual-v1 original Arabic STS then the translated 1.3K Egyptian pairs of

sentences

0.7647

paraphrase-xlm-r-multilingual-v1 translated 1.3K Egyptian pairs of sentences 0.7751

https://doi.org/10.1371/journal.pone.0272991.t005

Table 6. Accuracy of main Saudi Arabian models based on Spearman rank correlation between the cosine similar-

ity of sentence representations and the reference labels of the testing dataset in [8] after translation to Saudi

Arabic.

Base Model Fine-tuning data Score

paraphrase-xlm-r-multilingual-v1 translated 1.3K Saudi pairs of sentences 0.7441

paraphrase-xlm-r-multilingual-v1 original Arabic STS then the translated 1.3K Saudi pairs of sentences 0.752

distiluse-base-multilingual-cased-v2 translated 1.3K Saudi pairs of sentences 0.7608

distiluse-base-multilingual-cased-v2 original Arabic STS then the translated 1.3K Saudi pairs of sentences 0.7622

https://doi.org/10.1371/journal.pone.0272991.t006
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has been trained on large scale amounts of data [26], the proposed new model has been fine-

tuned using small dataset of only a few thousands of sentence pairs. This is promising because

it indicates that the results can be even improved more without a need for new large scale

datasets.

While there are no models in the literature that intentionally target Egyptian and Saudi Ara-

bic, the state-of-the-art multilingual model that supports MSA Arabic provides a good result

for the Egyptian Arabic variant. But the contributed model that targets the Egyptian Arabic

boosts the result by 2.4% absolute enhancement. And the proposed Saudi-focused model also

provided around 2% absolute gain. However, the gap between the accuracy achieved in MSA

versus the Egyptian and Saudi dialects is still considerable. This is largely because the base

model used has been trained on MSA data, while the Egyptian and Saudi variants didn’t appear

in the training data of their base models. To tackle this problem in the future, is it planned to

automatically extract parallel data of high quality between MSA and Egyptian Arabic and

between MSA and Saudi Arabic. And then using these data to boost the performance of Egyp-

tian and Saudi models to match the level of MSA.

Discussions and conclusions

In this paper, the semantic textual similarity problem has been addressed with a focus on the

Arabic language and two of the major Arabic dialectical variants: Egyptian and Saudi Arabic.

The Arabic language is one of the low-resourced languages. This produces a considerable lag

Table 7. Comparisons between the proposed models and current state-of-the-art Arabic STS models based on

Spearman rank correlation between the cosine similarity of sentence representations and the reference labels of

the testing dataset in [8].

Variant Model Spearman/Cosine similarity

MSA quora-distilbert-multilingual 0.7075

distiluse-base-multilingual-cased-v1 0.7586

distiluse-base-multilingual-cased-v2 0.7734

stsb-xlm-r-multilingual 0.7867

paraphrase-xlm-r-multilingual-v1 0.791

paraphrase-multilingual-mpnet-base-v2 0.791

proposed MSA model 0.8103

Egyptian Model Spearman/Cosine similarity

quora-distilbert-multilingual 0.5811

paraphrase-multilingual-mpnet-base-v2 0.6847

distiluse-base-multilingual-cased-v2 0.6950

stsb-xlm-r-multilingual 0.7200

distiluse-base-multilingual-cased-v1 0.7237

paraphrase-xlm-r-multilingual-v1 0.7516

proposed Egyptian model 0.7751

Saudi Model Spearman/Cosine similarity

quora-distilbert-multilingual 0.5706

paraphrase-multilingual-mpnet-base-v2 0.6784

stsb-xlm-r-multilingual 0.6879

paraphrase-xlm-r-multilingual-v1 0.7145

distiluse-base-multilingual-cased-v1 0.7310

distiluse-base-multilingual-cased-v2 0.7410

proposed Saudi model 0.7622

https://doi.org/10.1371/journal.pone.0272991.t007
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of accuracy between semantic textual similarity models of Arabic and their counterparts in

rich-resourced languages such as English. The suggested work has been presented to tackle

this problem. The main contributions proposed in the paper can be summarized in the follow-

ing: First, the problem of limited resources for Arabic STS has been addressed by three

approaches. The first approach is to utilize automatic machine translation to translate English

STS data to Arabic and to use the translated data for converting Arabic BERT models into STS

Arabic models. The second approach is to interleave English STS data with Arabic BERT mod-

els to produce improved Arabic STS models. The third approach is based on utilizing knowl-

edge distillation-based models as a base and fine-tuning them using a proposed translated

dataset to improve the performance for Arabic STS. Also, we contributed a manual translation

of a large subset from the STS competition dataset [8]. It has been translated to modern stan-

dard Arabic, Egyptian Arabic, and Saudi Arabic by professional translators. Moreover, the

developed models that enhanced the accuracy for modern standard Arabic STS by around

absolute 2% gain over the state-of-the-art level have been presented. The models have been

tested on the standard dataset used by the community. Furthermore, the work presented the

details and experiments of the developed STS models for Egyptian Arabic and Saudi Arabic,

which achieved gains of around absolute 2.4% and 2% respectively.

Based on these results, the main conclusions to be considered are the following: Delivering

high-quality data to the community is of special importance to improve the accuracy of STS

models of low-resourced languages such as Arabic. Also, knowledge distillation based solu-

tions are competitive to tackle the STS problem. Furthermore, the accuracy of Egyptian Arabic

and Saudi Arabic STS models can be boosted considerably even with using relatively small

proposed datasets.

Limitations and future work

Although the suggested work presents significant improvement for Arabic MSA STS, there are

still some limitations to be considered. First, there is a large gap between the accuracy of MSA

STS models when compared with the state-of-the-art of English STS. It is important to mini-

mize this gap to support models integration in practical applications. Also, evaluation mea-

sures should consider the embedded semantic information included in sentences such as

named entities. Our future work plan is to check the robustness of the developed Arabic STS

models by evaluating them using different downstream tasks such as question answering and

Quora Question Pairs problem [37]. Moreover, it is planned to expand our work by targeting

new important Arabic dialects such as Maghribi and Levantine variants.
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