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Abstract

All around the world, Individuals are consistently imparting their insights,
stories, and audits through different social media platforms. Concentrating
on feeling and subjectivity in these assessment recordings is encounter-
ing a developing consideration from the scholarly community and industry.

While sentiment analysis has been successful in different languages,
it is now an understudied research question for videos and multimedia
content in Arabic. The greatest mishaps for concentrating on this path
are the absence of a legitimate dataset, technique, baselines, and factual
investigation of how data from various methodology sources connect with
one another.

In summary, this thesis introduces the AMMD dataset, a valuable
resource for sentiment analysis in Arabic. It also, encapsulates the essence
of the research, highlighting the importance of a multimodal approach
and the comprehensive methodology employed for data collection and
alignment. The results presented in this thesis offer insights into sentiment
analysis in Arabic and pave the way for further advancements in this field.
The AMMD dataset is expected to facilitate research and development of
sentiment analysis applications for the Arabic language.

Keywords: Arabic sentiment analysis, Multimodal dataset, Arabic di-
alects.
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Résumeé

Partout dans le monde, les individus communiquent constamment leurs
opinions, histoires et critiques via différentes plateformes de médias
sociaux. La focalisation sur les émotions et la subjectivité dans ces vidéos
d’évaluation suscite un intérét croissant de la part de la communauté
universitaire et de I'industrie.

Bien que l'analyse des sentiments ait connu un succes dans différentes
langues, elle est actuellement une question de recherche peu étudiée pour
les vidéos et le contenu multimédia en arabe. Les plus grandes lacunes
pour se concentrer sur cette voie sont 'absence d’un ensemble de données
légitime, de techniques, de références et d’'une enquéte factuelle sur la
maniere dont les données provenant de différentes sources méthodologiques
sont liées les unes aux autres.

En résumé, cette memoire présente l'ensemble de données AMMD,
une ressource pour l'analyse des sentiments en arabe. Elle encapsule
également l'essence de la recherche, mettant en évidence lI'importance
d’une approche multimodale et de la méthodologie complete utilisée pour
la collecte et 'alignement des données. Les résultats présentés dans cette
memoire offrent un apercu perspicace de l'analyse des sentiments en
langue arabe et ouvrent la voie a de nouvelles avancées dans ce domaine.

Mots-clés: Analyse des sentiments arabes, Jeu de données multimodal,
Dialectes arabes.
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Introduction

Sentiment Analysis (SA) is a Natural Language Processing (NLP) technique that involves the
automated extraction of the sentiments, emotions, and attitudes expressed in a piece of content.
This content can be a simple text, an audio, or more complex a video. The use of SA is becoming
increasingly popular in fields such as marketing, customer service, and social media analysis.
With this approach it is possible to gain a deeper understanding of customer sentiment and
feedback, which can help businesses and organizations improve their products, services, and
overall customer experience [2] [18].

Sentiments and emotions can be extracted from various modalities, such as text, audio, and
visual [6]. Research has shown that a more accurate understanding of the sentiment can be
obtained by considering all these factors together which improves the accuracy and completeness
of SA. This process is known as Multimodal Sentiment Analysis (MSA) [2), 27, 17].

The field of Arabic Multimodal Sentiment Analysis (AMSA) has not been widely explored
thus far compared to western languages. The majority of research on Arabic multimodal sen-
timent analysis has focused on only one or two modalities (e.g., text and video) at a time
[2, [7, 15, [14]. However, no prior work has dealt with the extraction of features and integra-
tion of information extracted from all three modalities together in Arabic (i.e., text, audio,
and video). Arabic is a complex language with unique cultural and linguistic characteristics.
Arabic is spoken across a wide geographic region and can vary significantly across different
dialects. The meanings of Arabic words can be ambiguous, and the context in which they are
used can greatly affect the sentiment expressed. Combining data from various modalities re-
quires specialized techniques for integration, and Arabic language data have different formats
and structures that make integration particularly challenging. Compared to other languages,
its data is relatively scarce. In addition, much of the available Arabic language data are not
labeled for Multimodal sentiment analysis, which makes it difficult to train machine learning
models for AMSA.

In this thesis, we design a pipe to collect and process a Multimodal dataset for Arabic
sentiment analysis purpose. That integrates three modalities at a time. This dataset has been
built by collecting data and then preparing it to extract relevant features in each modality,
and aligning it to ensure that the data extracted are in a consistent and compatible format to
get annotated. The main objective of the investigation is to build a dataset that leverages the
detection of semantic information inherent in the gathered modalities. Indeed, we investigate
the usage of transformers and advanced audio-visual feature extraction tools and techniques.

Besides a general introduction and conclusion, our master thesis is organized into three
chapters:

e Chapter one: Generalities and Related Work. It contains a comprehensive overview of
the existing research and studies related to our topic.

X



o Chapter two: Dataset construction. It shows our methodology for building a multimodal
dataset in Arabic.

o Chapter three: Dataset Assessment. In this chapter, we will provide a detailed description
of the dataset we have created. We will introduce the selected model capable of handling
multimodal modalities. We will interpret the training results obtained using the model
and evaluate its performance using various metrics.
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Chapter 1

(eneralities and Related Work

In this chapter, we provide a comprehensive overview of what is related to our topic with a
review of the existing research on it, summarize key findings.

1.1 Sentiment Analysis and Variants

Sentiment Analysis (SA), also known as opinion mining, is a Natural Language
Processing (NLP) technique that involves the automated extraction of subjective in-
formation and identifying positive, negative, or neutral sentiment, emotions, and
attitudes expressed in a piece of content[23].

Sentiment can be extracted from different types of modalities of input, including text, audio,
and visual data [6]. In addition, it can be extracted from two or more modalities. For that,
according to the basic modalities taken, Sentiment Analysis has two main variants: Unimodal
and Multimodal. Figurdl.]illustrates those variants.

1.1.1 Unimodal

Unimodal SA focuses on extracting sentiment from a single specific modality. Each modality
will be explained in detail in what follows.

Text-based Sentiment Analysis

Text sentiment analysis involves analyzing sentiment in written text, it can be categorized into
three levels of detail, including :

e Document-Level: Document-level sentiment classification considers the entire document
as the fundamental unit of information, with an emphasis on a particular subject matter
or object. It involves analyzing the sentiment or emotion tokens expressed throughout
the document as a whole, aiming to categorize it as positive, negative, or neutral based
on the overall sentiment conveyed, providing insights into the sentiment expressed in the
document [6].

o Sentence-level: At the sentence level, sentiment analysis performs a similar task as
document-level analysis, but with a key distinction. Instead of considering the entire
document as a unit, sentence-level analysis focuses on individual sentences. It allows for a
more nuanced interpretation of sentiment variations throughout the text, offering a more
in-depth understanding of sentiment and a finer level of detail in sentiment analysis [6].



o Aspect-level: Aspect-level sentiment analysis, alternatively referred to as feature-based or
entity-based sentiment analysis. It is a more specialized level of sentiment analysis that
focuses on identifying aspects or entities within a sentence and classifying them as positive
or negative. Unlike document-level or sentence-level sentiment analysis, which looks at
the overall sentiment, aspect-level analysis delves into the sentiment expressed towards
specific aspects or features mentioned in the text. These aspects can be either explicitly
stated within the sentence or implicitly inferred from the expressions of sentiment [6].

Audio-based Sentiment Analysis

Audio sentiment analysis focuses on understanding the sentiment or emotions expressed in
different types of audio data, such as speech recordings, audio clips, or audiovisual content. It
involves processing and analyzing various acoustic features of the audio, including tone, pitch,
intensity, voice quality, and speech patterns [I2]. In Speech-based Sentiment Analysis, the
focus is on understanding the emotional content conveyed through the spoken words, tone of
voice, intonation, and other acoustic cues where the analysis aims to identify and classify the
sentiment.

Automatic Speech Recognition (ASR) technologies are widely utilized in speech-based sentiment
analysis to convert spoken language into a textual form, which in turn allowed for further
analysis and application of sentiment analysis methods |20} [6]. By leveraging ASR, researchers
were able to effectively process and interpret spoken language, opening up opportunities for
sentiment analysis on audio data. The accurate conversion of speech to text through ASR
is a fundamental step that enabled subsequent techniques, such as Keyword Spotting (KWS)
or feature extraction using the Conventional Frequency Cepstral Coefficients (MFCC), to be
applied for sentiment analysis purposes. In essence, ASR served as the foundation that enabled
these approaches to effectively analyze sentiment in speech-based data [6].

Visual-based Sentiment Analysis

Visual sentiment analysis is an emerging field of research that aims to extract sentiment-related
information from visual content, as opposed to relying solely on textual data like traditional
sentiment analysis. It encompasses non-verbal communication, utilizing physical actions and
expressions to convey information. This form of communication includes various elements such
as facial expressions, body language, gestures, eye movements, touch, and spatial usage, all of
which provide insights into emotional states and sentiment orientations of visual content [12].
Researchers employ advanced techniques like Convolutional Neural Networks (CNNs) to ex-
tract meaningful visual features for analyzing visual sentiments. Additionally, Visual Sentiment
Ontology (VSO) serves as a valuable resource, enabling a more nuanced analysis of visual sen-
timent by considering the intricate relationships between different visual cues and sentiment
orientations. Visual sentiment analysis focuses on understanding and interpreting emotions,
attitudes, and opinions conveyed through visual elements such as images, videos, and visual
gestures, aiming to bridge the gap between verbal and non-verbal communication modalities
[20, [6].

1.1.2 Multimodal

As technology continues to progress, people are increasingly using audio and visual modalities
to express their ideas and emotions.
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Figure 1.1: Variants of sentiment analysis.

In Multimodal sentiment analysis enhances the traditional Unimodal approach by combining
and integrating data from different modalities, including text, audio, and visual content, thereby
adding an extra dimension to the analysis [6].

Many issues are considered when dealing with MSA :
1. How to fuse features from different modalities.
2. How to align features extracted from different modalities.

3. How to uniformly annotate various modalities.

1.1.3 Applications

Sentiment Analysis with its variants has diverse applications across various domains, such as:

o Marketing Strategies: it plays a crucial role in understanding and analyzing customer
demands and summarizing reviews and customer opinions, which in turn helps organiza-
tions enhance innovation, customer retention, and operational efficiency. This allows for
the aggregation of opinions on a large scale and provides immediate feedback at a low
cost. Prior to the advent of sentiment analysis, companies had to rely on surveys or focus
groups, which were significantly slower and more expensive. With the rise of multimedia
content on social media platforms, such as spoken reviews on YouTube, sentiment analysis
has the potential to become a crowdsourced and cost-effective endeavor [12].

e Government and Politic: governments and politicians also utilize sentiment analysis to
understand public sentiment toward themselves and their policies. It helps contextualize
user likes and dislikes, allowing for a better understanding of people’s opinions [12].

e Broadcast video news: sentiment analysis can be applied in the domain of broadcast video
news, enabling automatic analysis of sentiment within news content. It can even assist in

3



1.2

identifying politically persuasive content , which refers to content that aims to influence
or sway public opinion in favor of a particular political stance, party, or ideology. By
analyzing sentiments expressed in news broadcasts across different channels and online
platforms, it becomes easier to detect patterns, trends, and the effectiveness of political
messaging [20] [12].

The e-learning and e-education: Sentiment Analysis can improve the domains of e-learning
and e-education by yielding valuable insights on learners’ performance and providing a
deeper understanding of their sentiments, opinions, and satisfaction levels [16].

Sentiment Analysis Datasets and corpus

A dataset is a collection of data that is treated as a single unit by a computer. This
means that a dataset contains a lot of separate pieces of data and can be used to train
a machine learning algorithm with the goal of finding predictable patterns inside the
whole dataset [21)].

The performance of Machine learning models heavily depends on the quality of the training
dataset [8]. Certainly, there are a lot of criteria to define a good data set and ensure its quality
and usefulness, such as follows:

Relevance: The data set has to capture the characteristics of the investigated property
[19].

Non-redundancy: means excluding overlapping cases within each data set [19].
Consistency: which indicates ensuring uniform values and formats across the data set.
Accuracy: which ensures that the data is free from errors or inconsistencies

Scalability: it should be possible to test systems of different sizes [19].

Data set annotation is also considered as an important process in machine learning and data

analysis that involves adding labels or annotations to data points in a dataset.

There are various methods employed for dataset annotation, depending on the nature of the
data and the specific requirements of the task. Such as

Manual annotation: which is the traditional approach, refers to the process of labeling or
tagging data by human annotators.

Crowd-sourcing: involves distributing the annotation task to a large group of individuals:
often through online platforms.

Automatic annotation: relies on algorithms or tools to automatically assign annotations
and etc.

For the purpose of multimodal sentiment analysis, numerous datasets are available to use.

According to our work focus, we can review them considering the language they support. Table

[[.1] summarizes some details on the reviewed datasets.



Non-Arabic Standard Datasets

e CMU-MOSI is a collection of 2199 opinion video clips each annotated with sentiment in
the range [-3,3] [26]. In fact, more fine sentiment analysis is considered.

o CMU-MOSEI (Multimodal Sentiment-Emotion Intensity) data set is the new generation
of the CMU-MOSI data set. It is a large-scale multimodal data set developed by Carnegie
Mellon University for sentiment analysis and emotion recognition tasks [27].

o« MOUD (Multimodal OpinionUtterances Dataset), a collection of 412 utterances, 182 of
which are labeled as positive, and 231 are labeled as negative. It is made of product review
videos in Spanish. Each video consists of multiple segments labeled to display positive,
negative, or neutral sentiments [17].

e The ICT-MMMO consists of online social review videos annotated at the video level for
the sentiment [25].

e TEMO-CAP consists of 151 videos of recorded dialogues, with 2 speakers per session for
a total of 302 videos across the dataset. Each segment is annotated for the presence of
9 emotions (angry, excited, fearful, sad, surprised, frustrated, happy, disappointed, and
neutral) as well as valence, arousal, and dominance [4].

Arabic Standard Datasets

o ASTD (Arabic Sentiment Tweets dataset) which consists of about 10,000 tweets that are
classified as objective, subjective positive, subjective negative, and subjective mixed. It
covers a wide range of topics and provides a valuable resource for training and evaluating
sentiment analysis models [15].

o HARD (The Hotel Arabic-Reviews dataset) is a data set specifically focused on sentiment
analysis of hotel reviews written in Arabic. It is a collection of over 370,000 hotel reviews
in modern standard Arabic and dialectal Arabic [7].

e ArabSign dataset which is a continuous ArSL dataset, consists of 9,335 samples performed
by 6 signers. Where the annotation of the dataset was provided according to ArSL and
Arabic language structures that can help in studying the linguistic characteristics of ArSL
[14].

o AMMD ( Arabic Multimodal dataset ) which is compiled from YouTube videos, consid-
ering only video-blogging videos. The dataset attempts to include many different meta-
information about the videos such as audio, visual gestures, transcript, and sentiment
analysis annotation, all aligned with each other [2].

1.3 Related Work

Compared to non-Arabic languages, the availability of datasets for Arabic multimodal sen-
timent analysis is limited. While there may be datasets for unimodal sentiment analysis in
Arabic, comprehensive datasets covering text, images, audio, and video are scarce. Some Ara-
bic sentiment datasets have been collected such as:



o ASTD (Arabic Sentiment Tweets dataset), an Arabic social sentiment analysis dataset
gathered from Twitter [I5]. It comprises approximately 10,000 tweets that are classified
as objective, subjective positive, subjective negative, and neutral sentiment.

Nabil, Aly, et al. present the properties and the statistics of the data set and run experi-
ments using standard partitioning of the data set. Their experiments provide benchmark
results for 4-way sentiment classification on the data set.

o HARD (Hotel Arabic-Reviews dataset), a collection of over 370,000 hotel reviews in mod-

ern standard Arabic and dialectal Arabic[7]. The data set is available in two forms: the
unbalanced complete set and the balanced data set. Each record includes the review text
in Arabic, the reviewer’s rating on a scale of 1 to 5 stars, and other attributes about the
hotel and reviewer. The full unbalanced HARD dataset includes all the reviews, while the
balanced subset data set includes 94,052 reviews with roughly equal numbers of positive
and negative reviews.
The authors tested six popular classifiers for polarity and rating classification, including
Logistic Regression (LGR), Passive Aggressive (PAG), Support Vector Machine (SVM),
Perception (PRN), Random Forest (RFT), and AdaBoost (ABT), and found that Logis-
tic regression and SVM classifiers have achieved the best ac-curacies ranging from 94% to
97% for polarity classification, and 72% to 75% for rating classification. Additionally, the
authors used a constructed lexicon to confirm the effectiveness of HARD and achieved an
accuracy of 89% for polarity classification.

However, because of the large number of smartphones that eased the usage of audio-visual
communication among individuals, unimodal sentiment analysis has become of little use and
motivated researchers to move on to the next level which is Multimodal sentiment analysis.
Previous work on Multimodal Sentiment Analysis shows that it is a powerful tool for analyzing
sentiment, as effective cues like facial and vocal expressions can reveal underlying emotions. By
analyzing these cues alongside textual analysis, a more thorough comprehension of sentiment
can be achieved.

o Poria et al. had introduced in their paper [18] a framework for Multimodal sentiment
analysis that encompasses relevant features for both textual and visual data, as well as
a simple technique for combining features from different modalities such as audio, visual,
and text data. The proposed multimodal system in achieved an accuracy of nearly 80%,
outperforming all of the previous art systems at that time by more than 20%.

o Soleymani et al.[20] presented a broad explanation of the ideas and aims of Multimodal
sentiment analysis demonstrating that it is an effective method for utilizing different
channels of information to analyze sentiment, outperforming the capabilities of Unimodal
methods, which gives the potential to enhance other tools that depend on Unimodal
sentiment analysis.

o Zadeh et al.[27] presented the CMU MOSEI dataset, abbreviated from "Multimodal Opin-
ion Sentiment and Emotion Intensity," which is among the largest and most extensive
multimodal datasets for sentiment analysis and emotion recognition. It includes over
23,000 annotated sentences from more than 1,000 online speakers covering 250 differ-
ent topics. The authors investigated how modalities interact in sentiment analysis and
emotion recognition, utilizing a new interpretable fusion mechanism called the Dynamic



Fusion Graph (DFG). By training the DFG in the Memory Fusion Network pipeline, DFG
demonstrated excellent performance in sentiment analysis and competitive performance
in emotion recognition.

e Abdulrahman Alqarafi et al. presented in 2017 a bridge to Multimodal sentiment analysis
under the name (Towards Arabic Multimodal Sentiment Analysis) which was a novel
Arabic multimodal dataset is presented and validated using a state-of-the-art support
vector machine (SVM) based classification method at that time [2]. The dataset was built
and validated using a state-of-the-art SVM-based classification method, with the aim of
detecting the polarity from different models for the Arabic language. However, it contains
only textual and video models.

e Multimodal sentiment analysis has played an important role in facilitating the work of
several humanities and scientific fields, such as the hearing loss problem. In this context,
Lugman presented in his paper "ArabSign: A Multimodality Dataset and Benchmark for
Continuous Arabic Sign Language Recognition "[I4], a dataset that consists of 9,335 sam-
ples performed by 6 signers. Where the annotation of the dataset was provided according
to ArSL E| and Arabic language structures that can help in studying the linguistic charac-
teristics of ArSL. The dataset was acquired using Kinect V2 EL All samples are available
in three formats: color, depth, and commonality. Also, Spatial features were extracted
from sentence frames using two pre-trained models introduced in the proposed models.
And finally, they evaluated the models on the proposed dataset in the signer-dependent
and independent modes.

1.4 Summary and Conclusion

In this chapter, we began by introducing some preliminaries and definitions pertaining to
Sentiment Analysis and its variants.
Following that, we delve into reviewing both Sentiment Analysis Approaches and datasets, with
a specific focus on Arabic Sentiment Analysis datasets. The reviews summarized in Table
highlight several key observations:

e The scarcity of work considering the Arabic language.

e Especially, we can consider that Arabic Multimodal Sentiment Analysis is at its infantile
age.

e When treated, modalities didn’t consider the inherent semantics.

In order to investigate some of these lacks, in the next chapters we present our contribution
that leverage Arabic Sentiment Analysis by both inherent semantic and multimodal.

LArSL: Arabic Sign Language

?Kinect V2: A motion-sensing input device developed by Microsoft for gaming and other applications. It
uses advanced depth-sensing technology to capture 3D information and track human movement, enabling various
interactive experiences.
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Chapter 2

Arabic Multimodal Dataset

In this chapter, we delve into the methodology that we used to construct our data set, which
is inspired basically by the work of Zadeh et al [27]. Firstly, we discuss the process of data
collection, presenting the different sources from which we collected our videos. We address also
the various criteria we followed in detail to ensure the quality and relevance of the collected
videos. Next, we explore the annotation process, discussing its different stages in depth. We
highlight the tool used for annotation and explain how it facilitated the process. Following
that, we define the various features of each modality, emphasizing the tools employed for their
extraction. Finally, we discuss the alignment process, which involves synchronizing the different
modalities. This step ensures the coherence and integration of the various data components.

2.1 Dataset Construction

Let us recall that our main objective in this work is twofold. Design a pipeline that facilitates
the construction of an Arabic dataset that mainly enhances i) semantic understanding through
the utilization of transformers and ii) the usage of multimodalities.

Our NLP task revolves around building a dataset. Figure illustrates our designed pipe that
is split into the following five phases:

1. Collection: in which we collect videos that align with our task goal.

2. Segmentation: in this step is dedicated to the chunking of the collected videos by capturing
only the subjective parts and considering the rest of the parts as objective segments.
Whose latter are also deployed to detect whether the opinion expressed is subjective or
objective.

3. Annotation: the most complex phase where we annotate the subjective segments for
emotion and sentiment recognition.

4. Features Extraction: In this step, we extract audio, text, and visual features

5. Alignment: alignment of Multimodal data, such as text, audio, and video



Collection

[ Segmentation ]

[ Annotation
Features
E = ‘\ Extraction
0Tle

|

[ Alignment ]

4

Figure 2.1: Five-steps pipeline.

2.1.1 Data collection

Since the aim of our work is multimodal sentiment analysis, social media sites were the most
valid platforms for collecting videos, as they represent a unique opportunity to obtain large
amounts of data from various speakers and topics as users often post their opinions in the form
of videos for free.

In order to facilitate the search process we used YouTube API features to extract YouTube
channel links based on specific topics such as Arabic, reviews, opinions, blogs, etc.

The collection process was carried out under many criteria, in order to reach the best and
correct results. As these criteria are as follows

e The point on which all this work was built is the Arabic language, so it was important
that the language used by the speaker in each passage be an original Arabic language or
at least a dialect close to it.

e Another important condition is that the video must feature many meta information such
as audio, and visual gestures.

e It is also required to ensure that each video or image contains only one face in order to
avoid any ambiguity in the analysis and interpretation.

e Moreover, we tried to achieve another important criterion, which is diversity in topics and
included the largest number of headlines such as politics, sports, entertainment, etc.

o With the need to respect that the voice and facial features of the speaker are clear and
that there is no overlapping of the voices. Adding to that we tried to ensure the presence
of both genders as speakers.

After adhering to all these criteria, about 72 videos were collected from two different plat-
forms, 65 videos from YouTube and 7 from TikTok in the period between 10/03/2023 to
26/03/2023, respecting the condition that the video copyright license allows for academic usage
in the public domain. Figure [2.2] displays a graph depicting the lengths in seconds of 72 videos.
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The average length of the videos is about seven minutes. As mentioned previously, there
should have been a diversity of topics raised in the videos, so we made sure that our research
touches all permissible topics such as political, social, sports, cultural, and so on. Noting that
after we selected the videos that were largely in line with the previously mentioned criteria, we
again carried out the scrapping process, but this time it was about the contents of the video
and the different topics that each one touches on.

It was also important that there was a difference in the level of the speakers themselves, as they
totaled 66 speakers of both genders, 10 females and 56 males.
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Figure 2.2: Length Of Videos Extracted by second

2.1.2 Annotation and Segmentation

We conducted our segmentation and annotation task manually using the Lab Home Multimodal
Dataset Multitask Annotation Tool (MDMAT) [9]. It is an open-source software designed for
segmentating and annotation temporal segments in video clips. Figure illustrates MDMAT
tool. The interface of the tool is divided vertically into three sections:

1. The right section: It consists of several components. It includes an uploader button,
which allows users to upload video file. It contains also segmentation buttons that enable
users to specify the start time and end time for each segment. Moreover, the right section
also houses annotation buttons, such as sentiment scale, easy/hard, emotions, and body
gestures.
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2. The middle section: it displays the uploaded video clip along with its audio part, and it
also visually represents the generated segments by coloring its corresponding portion in
the audio section.

3. The left section: it provides information about the segments, including their timing and
annotations. It also includes an import button that allows users who did not perform
the segmentation task to import JSON files containing segmentation information from
other users. This feature facilitates the unification of the number of segments and timing,
ensuring consistency across users and enabling a collaborative approach to the annotation
process.

The annotation team consists of three members, each member annotated all the collected
videos on his own without any external consultation or interference. This means that the an-
notation task is passed on to three members.

In order to initiate the annotation process, we loaded our video file onto the MDMAT tool.
Subsequently, we segmented the videos by defining the start and end times for each segment
within the video file. It was agreed between the members of the annotation team on how to
divide the video and annotate the segment, as defined in [A] guideline, as there must be a per-
sonal opinion and expression of feelings in the segment that will be annotated, which will be
considered subjective opinion. The remaining segments will be considered objective opinion.
Additionally, we made sure to avoid allowing our individual opinions to influence one another
during the annotation process. The MDMAT tool offers an import feature that facilitated collab-
oration and sharing of the annotation process among team members. This feature streamlined
the workflow, allowing for efficient coordination and exchange of segment data without shar-
ing annotation data. Each segment was assigned a unique ID, which simplifies the annotation
process. By selecting the segment ID, we proceeded with annotating the segments. When each
member finishes annotating a particular video, he/she uploads the JSON file from MDMAT
containing his own annotation data attached to his name and sends it to the other members.
Subsequently, each member imports the segments and made their own annotations, repeating
the process until the JSON file contained annotations from all members. The JSON file included
the number and duration of segments for each video, as well as the name and annotations of
each member. After all the members have finished annotating the videos, the JSON files are
collected to initiate the annotation merging process, aiming to obtain a unified annotation for
each video. Annotating segments of the videos was the most challenging task in our mission
due to the Multitask Annotation approach, which involved dividing the annotation process into
four sections:

e The first section focused on determining the intensity of sentiment, where we utilized the
sentiment scale [-3, -2, -1, 0, 1, 2, 3] to represent highly negative, moderately negative,
slightly negative, neutral, highly positive, moderately positive, and slightly positive sen-
timents, respectively. The values of the scale represents the intensity of sentiment of the
speaker

e The second section centered around identifying the speaker’s emotions within each seg-
ment. The emotions considered in this section include happiness, pride, excitement,
gladness, interest, sadness, anger, afraid, disgust, sorry, surprise, funny, nervous, loving,
hating, and boredom. Determining the intensity of sentiments relies on identifying the
corresponding emotions, and vice versa. It is important to note that a negative intensity
of sentiment cannot be paired with positive emotion, and vice versa. Additionally, it was

12
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agreed that in cases of confusion or difficulty in determining the speaker’s emotion, the
happy emotion should be chosen when a positive intensity of sentiment is present, while
the sad emotion should be chosen when a negative intensity of sentiment is observed.

e The third section revolves around choosing one of the following options: "hard" or "easy".
Where the option "easy" means that the speaker’s emotion and sentiment intensity were
easily identified from speech only, while the option "hard" means that we needed the facial
and acoustic features to determine it.

e The fourth section is the simplest section, it focuses on identifying and labeling specific
gestures and facial expressions exhibited by the speaker during the video segment, as
it consists of four options which are: Head shake, Head nod, smile, and frown. where
one of these options is chosen according to the movements and expressions made by the
speaker. The annotation task was the most difficult task in our mission and the most
time-consuming task because it is difficult to determine the intensity of human sentiment
and emotions.

2.1.3 Features extraction and data representation
Text

To transcribe the Arabic speech in our videos according to the text modality, we initially
extracted the audio files from the video files using the ffmpeg open-source command-line tool.
Subsequently, we utilized the Almufaragh App E] to extract the Arabic transcriptions from
the audio files. Almufaragh is a free Windows application specifically designed for Arabic
speech recognition, as shown in Figure We inputted our audio files into the app, which
generated SRT and text files as output. The files that were created by Almufaragh App were
not satisfactory for us, so we used a web Al-based application, Al Transcriptiorﬂ which is a
free web application developed by Riverside to extract the Arabic transcriptions. Figure [2.4b
shows the AI Transcription tool interface in action. Al transcriptions automatically transcribe
the audio and video recordings with the Al-powered technology. This advanced technology
is specifically designed to efficiently process a wide range of file formats, including popular
formats like MP4, MP3, WAV, and MOV. Moreover, Al transcriptions offers extensive language
support, encompassing over 100 languages, including the Arabic language. This enables users
to accurately transcribe content in various languages. The utilization of this technology in our
task facilitated the transcription process, allowing for efficient and accurate conversion of audio
and video recordings into written text. The final step in the transcription phase was to verify
the automatically extracted transcripts, in which we manually validated the written text and
timings for all the files.

After verifying the validity of the texts extracted from the videos we moved on to the next step
which is the word embedding technique. Word embedding is a real-valued vector representation
of words by embedding both semantic and syntactic meanings obtained from an unlabeled large
corpus. It is a powerful tool widely used in modern natural language processing (NLP) tasks,
including semantic analysis, information retrieval, dependency parsing, question answering, and
machine translation [24]. In order to achieve this phase, we chose Arabert as a tool. Arabert
is a pre-trained Arabic language transformer model based on BERT [I]. we simply run the
program which automatically returns the results in two different formats, tsv files and txt files.

"https://almufaragh.com/
Zhttps://riverside.fm/transcription
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Figure 2.4: The transcription tools interface

Audio

Acoustic features play an important role in capturing and analyzing the acoustic component
of the input data, as they provide valuable information about the speaker’s emotional state,
tone of voice, and tone of voice, which can greatly contribute to the overall sentiment analysis
task. In our study, we first extracted all audio from previously collected videos then we used
the openSMILE feature extraction toolkit, which unites feature extraction algorithms from
the speech processing and the Music Information Retrieval communities|[?], where There were
several acoustic features that were extracted, including the following:

o Mel-frequency cepstral coefficients (MFCCs): are a set of features commonly used in audio
and speech processing to capture the spectral characteristics of a sound signal.

e Voice quality feature: It refers to the overall sound and timbre of the voice, including
factors such as tone, clarity, resonance, and texture.

e Emotion-related feature refers to a measurable characteristic or attribute that captures
or represents aspects of an individual’s emotional state.

e Prosody feature: refers to how we say things rather than what we say. It involves the
modulation of our voice, the way we stress certain words or syllables, and the patterns of
rising and falling pitch that convey meaning, emotion, and intention in communication.

e These features provide valuable information about the shape and characteristics of the
vocal tract during speech production.

15



o Spectral features: capture information about how the energy or power is distributed across
different frequencies in a signal.

e Timing features: provide information about the timing and duration of specific events or
actions.

Visual

Visual features are one of the most important ways in which people express their feelings.
These features are divided into two parts. The first part is body gestures, which focus on the
physical characteristics of the speaker’s body, such as shaking the head, crossing or spacing the
arms, and gestures. The second part is the facial features, which are Facial movements and
expressions, such as smiling, frowning, widening eyes, and other expressions that an individual
makes to express his feelings. Since humans rely on facial features a lot to express their feelings
in a clearer way, we also relied on them in our work, in addition to that facial features can be
extracted and captured easily compared to body gestures. We relied on OpenFace tool for the
visual feature extraction task, as shown in Figure which is an open-source tool designed by
MultiComp Lab for researchers in the field of computer vision [3]. The main features that we

tracking result B &

Figure 2.5: OpenFace Tool Interface

rely on and extract through OpenFace are:

e Head pose: it involves the position and orientation of the head in three dimensions,
specifically capturing its pitch if it tilts up or down, its yaws if it rotations left or right,
and its rolls if it tilts side to side.

e Action Unit: includes facial movements and expressions such as Inner or Outer brow
raiser, Chin raiser, Nose wrinkler, and eye closure.

e Facial landmark: this includes capturing specific points on a face and tracking their move-
ment that is used to identify facial features and landmark shape variations.

e Eye gaze: it is the detection of eye-region landmarks. This includes eyelids, iris, and the
pupil.

16



2.1.4 Alignment

To synchronize the text files generated by Arabert with our audio files, we cleaned first the text
files from unnecessary data by a simple command, then we used Aeneas. Aeneas is an open-
source forced aligner software used to automatically generate a synchronization map between
text fragments and audio, without any human involvement. It defines the time interval in the
audio for each word or text fragment, resulting in a time-stamped representation of speech.
After extracting features from each modality and obtaining the time-stamped representation of
speech through the forced alignment process, our final step involved aligning data from multiple
modalities. To facilitate this, we utilized the CMU Multimodal Data SDK [26], a Python SDK
developed by the MultiComp Lab. The CMU Multimodal Data SDK is specifically designed
to simplify the loading and alignment of multimodal data. By taking advantage of the CMU
Multimodal Data SDK features, we aligned and structured the data from various modalities
into a dictionary format. This dictionary format consisted of multiple computational sequences,
each representing a specific modality.

Figure summarizes the used software in each of the five steps described above.

Golcehienml $ 3 e mmmemmmmmm-- \

Features
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Extraction |
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iy
i " CMU Multimodal Data SDK
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Figure 2.6: The Used Tools/Softwares for the Pipe’ Implementation .

2.2 Summary and Conclusion

In this chapter, we have described in detail the adopted Methodology to built our AMMD
dataset dedicated to the development and validation purpose of some NLP task’s Models based
on Al Specially, the tasks are Multimodal sentiment analysis, Multimodal Subjectivity detection
and Multimodal emotion recognition.
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In fact, from social media we have scrapped a set of chosen videos that we have processed in
order to get our dataset. Following some recent dataset building engineering, we have deployed
nine recent and innovative tools. Intentionally, the annotations are done manually and validated
using Agreement Annotator Method to be more effective.
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Chapter 3

Dataset Assessment

In this chapter, we aim to assess the quality of the combined AMMD dataset. We will begin
by providing a detailed and comprehensive description of the dataset while highlighting its key
features and characteristics. In a second section, we evaluate the dataset through the main NLP
task multi-modality Sentiment Analysis. A justification for the chosen deep learning model is
provided. Finally, we will present the experimental results.

3.1 Description of the AMMD Dataset

The Arabic MultiModal dataset (AMMD) has been successfully created through our
data-building pipeline, resulting in a resource for conducting multimodal sentiment analysis
specifically tailored for the Arabic language.

In this section, we will delve into the dataset’s statistics, quality, and the diverse topics
it covers, presenting a comprehensive overview of its attributes. Table summarizes some
key details on the AMMD dataset.

e Size: The AMMD dataset with a size of 80,2MB, it originally consists of 72 video
extractions that were collected during the data collection process, resulting in a total
video duration of 9 hours, 59 minutes, and 30 seconds. From which a total of 976 video
segments were extracted.

After thorough data preparation and annotation, we obtained a refined dataset comprising
488 subjective segments extracted from the collected videos. These segments represent
distinct portions of the videos that capture subjective expressions and emotions.

Figure visually demonstrates the distribution of video segments within the dataset,
showcasing the varying number of segments across different videos.

o Segment Statistics: The AMMD dataset comprises a total of 488 subjective segments,
extracted from the collected videos.
These segments have an average length of 2.82 seconds. Among these segments, there are
238 positive segments, 223 negative segments, and 2 neutral segments.
The distribution of the AMMD segments in terms of sentiment is visualized in Figure 3.4
The chart showcases the relative proportions of positive, negative, and neutral segments,
providing a visual representation of the sentiment composition within the dataset. One
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Figure 3.1: Number of Segments extracted from processed videos

can observe that neutral segments need to be enlarged to performed a more balanced
dataset.

Speaker Statistics: The AMMD dataset consists of segments from a diverse group of 50
speakers. Among these speakers, there are 9 female speakers and 41 male speakers. The
inclusion of both male and female speakers adds to the richness and variety of the dataset.
The distribution of speakers by gender can be visualized in the pie chart Figure which
illustrates the relative proportions of female and male speakers within the dataset.

Variety of Topics: The AMMD dataset encompasses a wide range of topics, providing a
diverse collection of videos for sentiment analysis. This dataset includes segments covering
11 different topics, ensuring the inclusion of various subjects. The topics covered in this
study may include politics, sports, entertainment, culture, social issues, and more.

The distribution of topics within the AMMD dataset can be visualized in illustrating
the relative proportions of different topics present in the dataset.

Number of Words: The AMMD dataset comprises a total of 66,334 different words across
the collected videos. These words encompass the verbal expressions within the segments.

Multimodal Features: The AMMD dataset incorporates multimodal features, including
textual, visual, and acoustic information. The textual features are represented by em-
bedding dimensions of 768, capturing the semantic and contextual information within the

20




segments. The visual features comprise dimensions of 714, encoding visual cues such as
facial expressions and gestures. Additionally, the acoustic features encompass dimensions
of 54, capturing the acoustic properties of the audio, such as pitch, intensity, and voice
quality.
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Figure 3.2: Gender Statistics Figure 3.3: Topics Statistics

3.2 Model Selection

Let us recall that the AMMD dataset we built in order to train NLP multimodal models mainly
incorporates semantic information and target Sentiment Analysis, Subjectivity and Emotion
Recognition applications.

The inherent semantic is mainly captured through transformers and multimodalities usage
which we relied on for assessing our dataset.
In order to assess our dataset, we have chosen a state-of-the-art architecture that fuses modal-
ities early, known as the Multimodal Transformer (MulT) [22]. MulT is a transformer-based
architecture that efficiently handles and integrates different modalities. Figure[3.5|illustrates the
architecture of the Multimodal Transformer. MulT leverages the power of the attention mech-
anism that enable capturing relationships and dependencies within multimodal data, further
enhancing its ability to understand the semantic information present in the dataset.

This Model has proved its efficiency for many Multi-modality-based NLP tasks. More details
are provided in [22].
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Dataset Description

Size 80,2 MB
Number of videos 72
Total number of segments 976
Total number of subjective segments 488
Number of words 66334
Total videos time 09h :59min : 30s
Average length of segments 2.82 seconds
Number of positive segments 238
Number of negative segments 223
Number of neutral segments 27
Number of speakers 50
Number of female speakers 9
Number of male speakers 41
Text embedding dimensions 768
Visual Feature dimensions 714
Acoustic Feature 54

Table 3.1: Dataset Statistics and Description

Transformer Components

The Transformer architecture consists of sundry key components that work with each other to
process and transform input sequences.

Input Layer

The input layer in a neural network architecture serves as the initial stage where the raw input
data is processed and prepared for further processing. In the context of the MulT architecture,
the input layer which called the input embedding layer is responsible for transforming the
raw input data into embedded representations. The positional encoding is applied then to
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the embedded representations to provide information about the position or order of the input
elements within the sequence, which result a set of embedded representations with positional
information that are then passed as input to the self-attention layer [22].

The purpose of positional encoding is to inject positional information into the input embeddings,
as the transformer model does not inherently have any notion of sequence order [22].

Self-Attention And Cross-Attention

Attention is a fundamental mechanism in neural networks that allows models to selectively
focus on relevant information while processing input data. It enables each element of the input
sequence X;, where "i" represents the modality among text, video,audio ,to attend to all the
other elements. This process is referred to as the self-attention, it generates a new sequence )A(i,
where each element is weighted based on its relationship with other elements [22].
The calculation of self-attention starts by obtaining the Query (Q), Key (K), and Value (V)
vectors through the multiplication of the embedded input sequence by their respective weight
matrices. Once the Query (Q), Key (K), and Value (V) vectors are generated, the relevance
between Q and K is measured, resulting in attention scores. These attention scores are calculated
by taking the dot product of Q and K and dividing it by the square root of the dimension of
the key vectors (dk), denoted as v/dj. This scaling factor ensures that the attention scores are
appropriately scaled. The Softmax function is then applied to these scores to obtain attention
weights. These weights are used to compute a weighted sum of the Value vectors, producing
the final output representation. The equations and below describe the generation of X,
[22].

Query (Q) vectors: @ = X; - W,

Key (K) vectors: K = X;-W; (3.1)

Value (V) vectors: V =X;-W,

- QiK]
X; = Softmax < Vi ) Vj (3.2)
The Cross Attention is indeed an attention mechanism that operates between different sequences
or modalities, and it typically uses different sizes for the query (Q), key (K), and value (V)
vectors compared to self-attention[22].

In self-attention, the query, key, and value vectors are usually of the same size and are derived
from the same input sequence. Each token in the input sequence generates its own query, key,
and value vectors, allowing it to attend to other tokens within the same sequence. However,
in cross-attention, the query vectors (Q) are often generated from one sequence or modality,
representing the tokens that need to attend to information from another sequence or modality.
The key (K) and value (V) vectors, on the other hand, are derived from the other sequence or
modality, providing the information to be attended to. In this case, the dimensions of the Q, K,
and V vectors can differ, allowing the model to capture dependencies and relationships between
different modalities or sequences. [22].

The Multi head Attention

The Multi-head Attention involves multiple sets of self-attention calculations, where each head
performs a separate self-attention calculation with its own set of weight matrices. Equation
[3-3] describe the output multi-head attention of Mult model . Each set is called a "head'. By
employing multiple heads in the cross-attention mechanism, the model can capture different
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aspects of the relationship between modalities. Each head can focus on specific interactions
between modalities, allowing for a more comprehensive understanding of their dependencies.
The outputs of the individual heads are then concatenated and linearly transformed using the
output weight matrix [22].

MultiHead Attention(X ) = Concat(heady, heads, . .., head,)Wo

3.3
head;, = Attention(XiWQk, XiWkr, XiWyi) (3:3)

The Normalization and Residual layer

The Normalization and Residual layer: Noramlization layers guarantee that the values within
each layer of the trasnformer have consistent distribution, while Residual layers preserve the
original input data and ensure that it flows through the network unchanged, or with minimal
alteration. Both of these techniques are crucial for the constancy and efficiency of the Mult
model [22].

The position-wise Feed-Forward Neural Networks

it applies a non-linear transformation to each element in the sequence independently. It helps
catch complex patterns and adapt to different positions, meliorativing the model’s performance
in various tasks. The position-wise feed-forward neural network is represented by the equation
where Y represents the input vector, W; and Wy are weight matrices, by and by are bias
terms, and ReLU denotes the rectified linear unit activation function. [22].

FFN(:C) = ReLU(l’W1 + bl)WQ + bg (3.4)

After normalizing the output of the position FFN networks, the resulting representations
from each modality are typically concatenated together. This concatenation allows the model to
capture the combined information from multiple modalities. The concatenated representations
are then passed through additional layers. This process is repeated for multiple iterations,
till the model enhances its understanding of the relationships and dependencies between all
modalities.

3.3 Experimental Results

In order to assess the performance of the MulT model, we have relayed on a set of metrics and
we have deployed the implementation E] of the model due to Haouhat et al. [10].

Metrics

We used several metrics, including accuracy, F1 score, mean absolute error (MAE), and cor-
relation coefficient. Let’s review the various metrics used to evaluate performance or measure
different aspects in a given context.

e Accuracy: is a commonly used metric to evaluate the performance of classification models
[11]. It measures the proportion of correctly predicted segments out of the total segments
in the dataset.

"https://github.com/belgats/Arabic-Multimodal-Dataset/
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A (Number of Correctly Classified Segments) < 100
ceuracy =
Y Total Number of Segments

e F1 score: This is a measure that combines precision which is the proportion of correctly
predicted positive segments (true positives) out of all the segments predicted as positive,
and recall which measures the proportion of correctly predicted positive segments out of
all the actual positive segments in the dataset, into a single metric.

Fl 9 % (Precision X Recall)
score =
Precision + Recall

o MAE (Mean Absolute Error): measures the average absolute difference between the pre-
dicted and actual values [5].

1
MAE = — " |Predicted Value — Actual Value|
n

e Correlation Coefficient: measures the strength and direction of the linear relationship
between two variables [13].

Covariance(X,Y)

C lation Coefficient =
orrefation Loetieien Standard Deviation(X) x Standard Deviation(Y)

Results

The performance evaluation of our model is summarized in which yielded the following
results:

o Accuracy: The accuracy of 51.28% suggests that slightly more than half of the segments
were correctly classified by the model.

e F1 score: The F1 score of 50.46% indicates that the model achieved a balance between
precision and recall.

o MAE (Mean Absolute Error): The MAE of 1.298 suggests that, on average, the model’s
predictions differed by approximately 1.3 units from the true sentiment values.

o Correlation Coefficient: The correlation coeflicient of 0.063 reveals a very weak positive
linear relationship between the predicted and actual sentiment values.

Overall, the results obtained from running the MUIt transformer model on the AMMD
dataset indicate a moderate performances compared to an average accuracy of 60% in multi-
modal sentiment analysis for other languages[22, 2].

One can argue that these moderate performances, for this first version of AMMD, are due
to those factors:

e The accuracy of the annotation process that uses sentiment intensity. In fact positive
sentiment can be intense in the range of +3, +2, or +1. The system considers that an
annotation of +3 is different from +2 despite they are both positive.

o Arabert transformer is well suited for Modern Standard Arabic while most youtube’ videos
are more dialectal. That suggest using a Bert version that consider Arabic dialects se-
mantics.
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Metric Value
Accuracy 0.512
F1 Score 0.505
MAE 1.298
Correlation Coefficient 0.063

Table 3.2: Performance Metrics
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Conclusion and Perspectives

In this thesis, we have presented the AMMD dataset, a dataset that may represent an
addition in Arabic multimodal research, particularly of sentiment analysis. The AMMD dataset
offers a comprehensive collection of 488 annotated segments from over 50 online speakers,
covering 11 different topics. Its construction involved a carefully executed methodology
encompassing data collection, multi-label annotation, feature extraction, and data alignment.
Each step is carefully executed to ensure the dataset’s quality, reliability, and relevance to the
field of Arabic multimodal research.

Before delving into the methodology, we provided an introduction highlighting the im-
portance of Multimodal Sentiment Analysis Datasets, both in general and specifically in Arabic
language processing.

We also included a discussion on various modalities and an overview of existing datasets in
both Arabic and non-Arabic contexts. Additionally, we presented a summary of related work in
the field of Multimodal Sentiment Analysis Datasets, which provided a broader understanding
of research gaps.

In the end, The dataset’s composition, size, and diversity were thoroughly described,
and a carefully chosen model was employed for training, evaluation, and validation the dataset.
The experimental results obtained from analyzing the AMMD dataset showcased its potential
and practical applications in the field of natural language processing, particularly in sentiment
analysis within the Arabic language domain.

In conclusion, in future iterations of the Arabic Multimodal Dataset for Sentiment Analysis
(AMMD), additional perspectives can be integrated to further enrich its scope. Such as:

e Incorporating more dialects and languages: Including sentiment annotations from var-
ious Arabic dialects and languages to capture the nuances and variations in sentiment
expression across different linguistic contexts.

» Expanding the dataset size and covering diverse topics: According to the time allowed to
that task, the reached dataset size remains modest specially when we consider Al-based
targeted models. For that, in ongoing work, efforts are being made to increase the dataset’s
volume by including a larger number of instances. This expansion aims to incorporate a
wide range of topics, ensuring the dataset’s diversity and enhancing its generalizability
across different domains.

e Reducing gender bias: Ensuring a balanced representation of male and female speakers
within the dataset to mitigate any potential gender-based differences in sentiment analysis
results.
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e Including additional annotation labels: Augmenting the dataset with annotations that
go beyond facial expressions and encompass body and head gestures, enabling a more
comprehensive analysis of multimodal cues and their impact on sentiment analysis.

By incorporating these perspectives into future iterations of the Arabic Multimodal Dataset
for Sentiment Analysis (AMMD), it can become a more inclusive, representative, and com-
prehensive resource for studying sentiment in Arabic language across various dialects, topics,
genders, and expressive modalities.
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Appendix A

Annotation Guidelines

In order to uniform the segmentation and annotation, the annotators have to respect the fol-
lowing rules:

1. The segment must contain an opinion or an expression of feelings, whether through speech
or facial features.

2. The length of the segment should not exceed 10 seconds.
3. The segment must contain sound language and clear and understandable Arabic words.

4. If it is difficult to determine the speaker’s emotion, the degree of sentiment is considered.
If it is negative, the emotion "sad" is chosen, and if it is positive, the emotion "happy" is
chosen.

5. Priority is given to facial expressions such as "smile" and "frown", and if none of them are
available, body gestures such as "head shaking" and "head nod" are considered.
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