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Abstract

In the field of Natural Language Processing (NLP), emotion analysis aims to map

textual content with a predefined set of human emotions, typically including joy, anger,

fear, surprise, disgust, and sadness. Current state-of-the-art research mainly focuses

on identifying emotions in text using categories inspired by psychological theories, such

as Ekman’s (1992) basic emotions. Despite the importance of emotion detection, most

analyses are shallow and insufficient for tasks that require a deeper understanding of

emotional meaning in context. Such applications necessitate addressing key questions,

including identifying the cause that triggered the emotion (Cause), determining who

experienced it (Experiencer), and more generally addressing structural questions such

as who did what (Cue), to whom (Target), why (Cause), and how (Manner). This

doctoral thesis aims to propose original and effective solutions to address the lack of

resources and models dedicated to the structural analysis of emotions in Arabic text.

To achieve this, we introduce a novel approach for analyzing the argument structure

of emotions in Arabic, leveraging recent advances in Transformer-based architectures

and, in particular, the capabilities of large language models (LLMs) for Arabic.

The main contributions of this thesis are multifold. The first contribution consists

of the construction and annotation of the first Arabic corpus dedicated to structured

emotion analysis, named ‘AraERL’. The thesis also provides an in-depth examination

of the impact of each semantic argument on the performance of emotion identification.

In addition, it explores the use of ChatGPT for annotating Arabic texts with seman-

tic roles and emotions through an interlingual annotation projection approach. The

work further evaluates ChatGPT’s ability to accurately translate English semantic and

emotional annotation into Arabic. Finally, it offers a comprehensive comparison of the

performance of open large language models for these tasks.

Keywords— Arabic, NLP, SRL, Cross-Lingual Annotation Projection, LLMs, ChatGPT,

Emotion Analysis, Structural emotions
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Résumé

Dans le domaine du traitement automatique des langues (TAL), l’analyse des émotions

vise à associer un contenu textuel à un ensemble prédéfini d’émotions humaines, incluant

généralement la joie, la colère, la peur, la surprise, le dégoût et la tristesse. Les recherches

récentes se concentrent principalement sur l’identification des émotions dans les textes en

s’appuyant sur des catégories inspirées par les théories psychologiques, telles que les émotions

de base proposées par Ekman (1992). Malgré l’importance de la détection des émotions,

la majorité des analyses restent superficielles et insuffisantes pour des tâches nécessitant une

compréhension plus approfondie du sens émotionnel en contexte. De telles applications exigent

de répondre à des questions clés, notamment l’identification de la cause ayant déclenché

l’émotion (Cause), la détermination de la personne qui l’a ressentie (Expérient), et, plus

généralement, la prise en compte d’informations structurelles telles que qui a fait quoi (Indice),

à qui (Cible), pourquoi (Cause) et comment (Manière).

Cette thèse doctorale vise à proposer des solutions originales et efficaces pour pallier

le manque de ressources et de modèles dédiés à l’analyse structurelle des émotions dans les

textes arabes. Pour ce faire, nous introduisons une nouvelle approche d’analyse de la structure

argumentaire des émotions en arabe, en tirant parti des avancées récentes des modèles fondés

sur les Transformers et, en particulier, des capacités des grands modèles de langue (LLMs)

pour l’arabe.

Les principales contributions de cette thèse sont multiples. La première contribution

consiste en la construction et l’annotation du premier corpus arabe dédié à l’analyse structurée

des émotions, nommé ”AraERL”. La thèse propose également une étude approfondie de

l’impact de chaque argument sémantique sur la performance de l’identification des émotions.

Elle explore ensuite l’utilisation de ChatGPT pour annoter des textes arabes avec des rôles

sémantiques et des émotions à travers une approche de projection interlinguale. Ce travail

évalue également la capacité de ChatGPT à projeter avec précision en arabe les annotations

sémantiques et émotionnelles issues de l’anglais. Enfin, il offre une comparaison complète des

performances des modèles ouverts de grande taille (open-LLMs) pour ces différentes tâches.

Mots-clés: Arabe, TALN, SRL, Projection interlinguale d’annotations, LLMs, Chat-

GPT, Analyse des émotions, Émotions structurelles
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CHAPTER 1

GENERAL INTRODUCTION

Emotional expressions are fundamental to human experience and social interaction.

One of the major challenges in Natural Language Processing (NLP) is understanding

how humans express emotions and interpreting the underlying meaning of the linguistic

elements involved.

Despite notable advances in recent years, traditional approaches to emotion detection

primarily rely on lexical and syntactic features. These methods often overlook deeper

semantic and syntactic relations (such as identifying who experiences an emotion and

why) which are essential for achieving a complete and accurate understanding of emo-

tional expressions.

Semantic Role Labeling (SRL) addresses this limitation by assigning semantic roles

to sentence constituents, providing rich and structured information crucial for advanced

NLP tasks such as machine translation, question answering, text summarization, sen-

timent analysis, and others. The availability of corpora annotated with semantic roles

has proven to be a determining factor in improving meaning-based NLP models.

On the other hand, emotion analysis in Natural Language Processing seeks to char-

acterize emotional states, determine their causes and intensities, and examine the con-

textual factors that influence them. It typically maps textual content to predefined

emotion categories such as anger, fear, joy, disgust, sadness, and surprise. This field

plays an essential role in enhancing applications related to social media analysis, nar-
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rative understanding, news interpretation, and human–computer interaction. However,

although existing research has primarily focused on associating textual expressions with

psychological models of emotion, less attention has been devoted to identifying the lin-

guistic elements that indicate the experiencer, the stimulus, or modifiers that shape the

emotional meaning.

Recently, the integration of SRL into emotion analysis has gained increasing inter-

est, particularly in English [1] and Chinese [2]. However, to the best of our knowledge,

no equivalent work has been conducted for the Arabic language. As a low-resource

language, Arabic lacks annotated corpora and linguistic tools required for machine

learning–based emotion analysis and SRL. Constructing alternative methods to gen-

erate annotated data is therefore a crucial step toward developing robust models. To

enhance the ability of automatic systems to capture the semantic components of emo-

tions, large and well-annotated datasets are essential. However, building such datasets

is challenging due to the complexity of manually identifying emotional structures and

semantic roles.

Several challenges arise when integrating SRL into emotion analysis. The first is

the absence of corpora annotated with semantic roles and emotion categories for low-

resource languages such as Arabic. Existing datasets are usually designed for sentiment

analysis and tend to focus on polarity (positive, negative, neutral), without capturing

deeper semantic relationships. A second challenge is the limited generalization of exist-

ing SRL cross-lingual models, which are primarily trained in English and thus struggle

with the Arabic language, due to its unique syntactic and morphological complexity.

Moreover, automatic SRL models require large annotated datasets and high computa-

tional resources, making their development and application more difficult. Despite these

constraints, recent advances in pre-trained Transformer-based models (e.g., mBERT,

XLM-RoBERTa) offer promising opportunities for cross-lingual SRL and emotion anal-

ysis, especially when combined with fine-tuning and transfer learning.
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Motivation and Research Objectives

This thesis aims to enhance Arabic NLP by developing resources enriched with emo-

tion elements and semantic roles, enabling the improvement of computational models

and applications for the Arabic language. It also explores the relationship between

SRL and emotion analysis, demonstrating how semantic roles support emotion identi-

fication and classification. In this context, we built a corpus of Arabic texts manually

annotated from various domains—such as news, novels, and social networks, using a

semi-automatic platform that combines automatic annotation with human validation

to ensure both quality and efficiency.

Inspired by advancements in Large Language Models (LLM), particularly Transformer-

based and service-based models such as ChatGPT, this work further investigates how

these technologies can strengthen SRL, refine emotion analysis, and support cross-

lingual generalization in low-resource settings.

The main objectives of this research are:

• To build a large Arabic dataset of emotional expression, combining semantic role

labels with emotion categories, collected a thousands of expressive and meaningful

sentences from diverse domains including: tweets, news headlines, religious text,

academic books, Arabic novels, and children’s book stories.

• To investigate the impact of SRL on improving emotion detection performance

in arabic.

• To leverage AI-based chat-bots and LLMs, particularly ChatGPT, to enhance

SRL and emotion analysis for the Arabic language.

• To explore cross-lingual transfer learning techniques for SRL-based emotion anal-

ysis especially by projecting labels from English to Arabic.

Evaluating open-LLMs (e.g., mBERT, mBART) for automatic SRL and cross-

lingual annotation projection.

3
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Proposal and contribution
The main contributions of this thesis are as follows:

1. Construction of the first Arabic dataset annotated with both semantic roles and

emotion categories, establishing a foundational resource for structural emotion

analysis in Arabic.

2. Exploring the influence of semantic roles (specifically cue, experiencer, target,

and cause), on the effectiveness of emotion identification in Arabic language.

3. Leveraging LLMs and AI-based chatbots, especially ChatGPT, for several NLP

tasks, including:

• The assessment of ChatGPT’s performance in several tasks, namely, emotion

category identification, intensity prediction, and semantic role labeling with

cue, experiencer, cause, and target arguments.

• The investigation of ChatGPT’s capability in projecting semantic role labels

from English datasets to Arabic.

• The construction of two benchmark Arabic data sets: one manually trans-

lated and annotated, the other generated using ChatGPT.

• The evaluatinon of open-LLMs (e.g., mBERT, mBART) for automatic SRL

and Cross-Lingual Annotation Projection.

Thesis structure
This thesis is divided into two main parts. The first part covers background concepts

and literature review, while the second presents the contributions. The outline of this

thesis is as follows:

Part I: Background and Literature Review

- Chapter 2: Overview of Arabic language processing, including linguistic char-

acteristics, challenges, techniques, and available NLP resources.

- Chapter 3: Definition, taxonomy, datasets, annotation methods, and learning

techniques for Semantic Role Labeling.
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- Chapter 4: introduces key definitions of emotion and emotional expression,

outlines major psychological models of emotion. The chapter also reviews existing

emotion analysis datasets.

- Chapter 5: Explores the principles underlying Emotion Role Labeling, includ-

ing semantic frames, core emotion roles, annotation examples, and existing ERL

datasets.

- Chapter 6: A selected overview of relevant work in the research areas under

study.

Part II: Contributions

- Chapter 7: Dataset construction and annotation of Arabic texts with semantic

roles, emotion categories, and emotional structures.

- Chapter 8: Demonstrate the affect of SRL on emotion detection using trans-

former based models.

- Chapter 9 : Present the third contribution using deverse LLMs to improve SRL.

The Thesis is closed by a general conclusion that summarizes our overall preception

of the aquired knowledge throughout the doctorate cycle, as well as, it highlights the

perspectives, and future works.

Publications
[ 1 ] Senator, F., Lakhfif, A., Zenbout, I., Boutouta, H., and Mediani, C. (2025).

Leveraging ChatGPT for Enhancing Arabic NLP: Application for Semantic Role

Labeling and Cross-lingual Annotation Projection. IEEE Access.

[ 2 ] Senator, F., Boutouta, H., Lakhfif, A. and Mediani, C., 2023, March. Seman-

tic Role Labeling of Arabic Emotional Text in Tweets. In 2023 International

Conference on Advances in Electronics, Control and Communication Systems

(ICAECCS) (pp. 1-6). IEEE.
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[ 3 ] Senator, F., Boutouta, H., Lakhfif, A., & Mediani, C. (2025). The impact of

semantic roles in emotion detection using the AraBERT model. In Proceedings

of the Mediterranean Conference on Computer Science and Artificial Intelligence

(MCCSAI’2025) (accepted, to appear). Springer.

6



Part I

Background and Literature Review

7



CHAPTER 2

ARABIC LANGUAGE PROCESSING

Arabic has become one of the most widely used languages in the world, both in writing

and speaking. It is a Semitic language, closely related to Hebrew, Aramaic, and the

Semitic languages of Ethiopia. Arabic has been spoken for over fifteen centuries and

serves as the official or national language in twenty-two (22) countries, collectively

known as the Arab League. It is considered one of the most important languages

globally, especially among the fastest-growing languages on the internet. Additionally,

Arabic is used by many Muslims around the world and is spoken by approximately 400

million people today [3].

With the exception of some early poetry, the Holy Quran—the sacred book of

Muslims worldwide—is the oldest known written work in Arabic.

In this chapter, we explore the unique characteristics of the Arabic language and

their implications for Natural Language Processing (NLP). We begin by discussing

the fundamental linguistic features of Arabic, including its script and alphabet, rich

and complex morphology, flexible syntax, and the significant variation introduced by

regional dialects. These characteristics pose distinct challenges for NLP tasks. Further-

more, the chapter highlights key NLP resources that have been developed to support

Arabic computational linguistics, including the Penn Arabic Treebank (PATB), the

Quranic Arabic Corpus, theBuckwalter Arabic Morphological Analyzer (BAMA), and

Arabic WordNet. These resources play a crucial role in enabling more accurate and
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effective analysis of Arabic text.

2.1 Major Challenges in Arabic Language Process-

ing

Arabic presents several challenges for NLP due to its complex linguistic structure and

variability. The language is morphologically rich and highly inflectional, where words

are derived from roots through different patterns; for instance, from the root [بـتـك]

(k-t-b, “to write”) we obtain [بتك] (“he wrote”), [بتاك] (“writer”), and [بوتكم] (“writ-

ten”). Moreover, Arabic is typically written without short vowels (diacritics), leading

to ambiguity in interpretation—e.g., [ملع] can mean ʿalam (“flag”), ʿilm (“knowledge”),

or ʿalima (“he knew”). Another major issue is diglossia, as Modern Standard Arabic

(MSA) coexists with numerous regional dialects that differ lexically, morphologically,

and syntactically, making cross-dialectal NLP difficult. Orthographic variation (such

as inconsistencies in the use of alif— [أ/ا] �—or ya— [ى/يا] ) further complicates

tokenization and normalization. The limited availability of large, annotated Arabic

corpora compared to English adds to the difficulty, as do ambiguous words like [حرف]

which may mean “joy,” “he rejoiced,” or be a personal name. Together, these features

make Arabic a linguistically rich but computationally challenging language to process

effectively [4–6]

2.2 Characteristics of the Arabic Language

Arabic has some specific characteristics, such as:

• Script and Alphabet: unlike English and many other languages that are writ-

ten from left to right, Arabic is written and read from right to left. In terms of

Alphabet, Arabic uses a special script of 28 letters. The script is cursive; that is

most letters are connected within words. Also, Arabic does not have capital and

lowercase letters; all letters are in a similar form regardless of their position in

the sentence.

9
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• Morphology: Arabic words are typically derived from (03) triliteral (three-

consonant) roots, using patterns of vowels and affixes (prefixes, suffixes, infixes)

added to derive meanings. Such a rich morphology, let Arabic the power of

generating numerous word forms from a single root. Example: The root ”k-

t-b” can produce words like ”kitāb” (book), ”maktab” (office), ”kātib” (writer).

Also, Inflectional and derivational Morphology provide Arabic with many ways to

form new words or change word meanings (e.g., verbs are conjugated for person,

gender, and tense). In Arabic, nouns, adjectives, and verbs are defined as either

masculine or feminine. Depending on the gender, the word’s form frequently

changes. Nonetheless, the conjugation of Arabic verbs is based on the person,

gender, number, tense, and mood. This impacts pronouns, adjectives, and verbs

alike.

• Complex Verb System: In Arabic, verbs can convey a variety of moods and

tenses, including indicative, subjunctive, jussive, and future. In comparison to

many Indo-European languages, the verb system is more intricate. The struc-

ture of verbs is based on a root-pattern system, in which the root serves as

the fundamental unit of meaning and different patterns—often involving vowel

changes—are used to convey grammatical relationships.

• Syntax: Arabic language typically follows a Verb–Subject–Object (VSO) word

order, However in modern contexts, particularly in everyday conversation, ()

order is also frequently used. In addition, Arabic features complex syntactic

structures, utilizing case markers and prepositions to show the grammatical rela-

tionships between words.

• Dialects and Variants: Arabic can be divided on Modern Standard Arabic

(MSA), colloquial dialects and diglossia. MSA is a formal version employed in

writing and in formal speech and discussion, etc. MSA is not commonly spoken in

daily conversation. While Arabic has numerous spoken dialects (e.g., Egyptian,

Levantine, Gulf, Maghrebi) that vary significantly in vocabulary, pronunciation,

and grammar from MSA. There is a significant difference between written Arabic
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Chapter 2. Arabic language processing

(MSA) and spoken Arabic, creating a situation known as ”diglossia.”

2.3 NLP resources for Arabic

Arabic language has attracted a lot of researches, last decades. Various resources for

NLP for Arabic were published to tackle issues raised within Arabic NLP applica-

tions. Developing effective NLP systems for Arabic involves using NLP computational

resources for Arabic. There are various annotated corpora for several tasks such as

Part-of-Speech (POS) tagging, syntactic parsing, NER, etc.

• Penn Arabic Treebank (PATB): is one of the most well-known resources for

Arabic syntactic annotation, by providing a treebank for Arabic, with annotations

for syntactic structure, POS tagging, and more. PATB is used in syntactic parsing

and POS tagging [7].

• The Quranic Arabic Corpus: An annotated corpus of the Quran with mor-

phological, syntactic, and grammatical information. Quranic Arabic Corpus is

useful for linguistic analysis of Quranic Arabic [8].

• Buckwalter Arabic Morphological Analyzer (BAMA): a rule-based com-

putational tool developed by Tim Buckwalter to analyze Arabic words and provide

their possible morphological analyses. [9]

• Arabic WordNet: a lexical database for MSA, modeled after the original

Princeton English WordNet. It organizes Arabic words into sets of synonyms

(called synsets) and encodes various semantic relationships among them. [10]

2.4 Conclusion

In summary, this chapter underscores the significance of the Arabic language, both

in its linguistic richness and its growing importance in the digital world. By examin-

ing its linguistic features and the challenges they present to NLP, we gain a deeper

understanding of why specialized tools and resources are essential for effective Arabic
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language processing. The reviewed resources not only reflect the progress made in Ara-

bic NLP but also lay the foundation for future advancements aimed at addressing the

complexity and diversity of Arabic in various computational applications.
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CHAPTER 3

SEMANTIC ROLE LABELING

Natural Language Processing (NLP) enable computers to understand, interpret, gener-

ate, and manipulate human language. NLP encompasses a wide range of tasks, includ-

ing but not limited to: Part-of-Speech (POS) Tagging [11], Named Entity Recognition

(NER) [12], Sentiment and Emotion Analysis [13], Machine Translation, Text Sum-

marization, Question Answering [14], Semantic Role Labeling (SRL) [15], Language

Modeling and Text Generation.

In this chapter, we provide a comprehensive overview of SRL. We begin by defining SRL

and highlighting its importance in understanding the meaning of text. The chapter then

reviews prominent SRL datasets available for both English and Arabic. We discuss the

various annotation methodologies used to construct these resources. Furthermore, we

explore different approaches to SRL, and we also address different learning strategies

employed in SRL tasks. Finally, we outline the standard evaluation metrics used to

assess SRL systems.

3.1 Overview and Definition

Semantic Role Labeling is a fundamental task in NLP that aims to identify the semantic

relationships between sentence constituents. Deeper language comprehension requires

understanding these relationships by identifying the roles of each word or sentence. SRL
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Chapter 3. Semantic Role Labeling

is useful in numerous downstream NLP applications, including information extraction

[16], automatic document categorization [17], question answering [18, 19], and Twitter

information extraction [20].

Semantic roles represent one of the oldest and most fundamental concepts in NLP.

Their origins can be traced back to the Paninian Karaka theory [21], which dates as far

back as 1966 and remains a cornerstone in the study of predicate-argument structures.

Jurafsky and Gildea [15], in one of the seminal works on SRL, define it as: ”The

task of identifying each argument of a predicate with a semantic role, such as Agent,

Patient, Instrument, etc., to represent the relationship between the predicate and its

arguments.”

Similarly, the Berkeley FrameNet Project [22] defined semantic roles based on se-

mantic frames as follows: ”The act of identifying and assigning labels to words or

phrases in a sentence, according to their semantic functions within a specific frame.

These frames depict various categories of events, activities, or circumstances, and the

corresponding roles (frame elements) explain the participants and characteristics en-

gaged in these frames.”

SRL is an NLP task that aims at identifying the predicate-argument structure of

a sentence by assigning roles to each input sentence component according to their se-

mantic relationships with a predicate. These roles define who did what to whom, when,

where, why, and how, providing a structured representation of sentence meaning. SRL

typically relies on linguistic frameworks such as Proposition Bank (PropBank) and

FrameNet.

Diverse terms are used to denote the annotation of semantic roles we cite: Semantic

Role Labeling, Frame Semantic Parsing, Thematic Role Labeling, PropBank Role La-

beling, and Argument Structure Parsing.
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Figure 3.1: Semantic role representation

The aim of SRL is to identify and classify the arguments of each target verb into

semantic roles. For example, for the sentence “Last year, the luxury car manufacturer

sold 2000 cars in U.K.” SRL yields the following outputs: [ Time Last year ] [Agent

the luxury car manufacturer ] [Verb sold ] [Theme 2000 cars ] [Location in U.K. ].

Here, �Agent represents the seller, Theme represents the thing sold, Time represents

the timing of the action, Location is where the action happens and Verb represents the

action.

3.1.1 Labeling steps

This task is usually accomplished in four steps:

• Predicate identification: Determine which words in the sentence are predi-

cates, usually verbs.

• Arguments identification: Determine the phrases or words in the sentence

that function as arguments to the predicate.

• Roles assignment: Assign semantic roles based on PropBank, FrameNet, or

Thematic Roles

• Verification: Expert review and validate labels.

3.2 Semantic role labeling projects and resources

High-quality datasets that offer annotated instances of predicate-argument structures

are crucial for the development and assessment of SRL systems. Several publicly ac-

cessible SRL datasets are frequently used as training data for SRL tasks, including
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PropBank, FrameNet, and CoNLL Shared Task datasets, and have significantly con-

tributed to the advancement of research in this domain. These resources empower

researchers to construct, train, and evaluate SRL models across various languages and

domains.

3.2.1 English Resources

3.2.1.1 The Berkeley FrameNet project

An English lexical database, created by Baker et al. [22], based on the theory of frame

semantics, which associates word meanings with conceptual structures known as frames.

The project explains how lexical units evoke specific semantic frames, where lexical

units are words or phrases associated with these frames. FrameNet offers a lexicon that

includes more than 13,000 word senses, accompanied by more than 200,000 manually

annotated sentences, along with more than 1,200 semantic frames, which constitute an

interesting training dataset for the identification of semantic roles [23].

The concept was initially developed for English and has then affected in other languages

like Spanish [24], German, Russian [25], and Japanese [26], improving cross-linguistic

semantic analysis. Commonly applied in several NLP tasks such as SRL, information

extraction, machine translation, and sentiment analysis.

Figure 3.2: Example of frame from Framenet: the Travel frame and its elements

The Table 3.2 describes the Travel frame, which represents scenarios where an entity

moves from one location to another. It includes key frame elements (roles) that define
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different aspects of the travel process.

• Traveler: the person or entity making the journey.

• Source: the starting point of the travel.

• Direction: the endpoint or target location of the journey.

• Path: the route taken during the travel.

• Area: the area in which the traveling takes place.

3.2.1.2 Propbank

Palmer et al. [27] created the linguistic resource PropBank, which helps to make the

relationships between verbs and their arguments by giving semantic role labels to the

verbs’ arguments. Each verb in PropBank is annotated with roles like Arg0 (Agent),

Arg1 (Patient), and other roles like Arg2, Arg3, etc. Usually, each number represents a

distinct semantic role. For instance, the agent is often denoted by Arg0 and the patient

by Arg1 [28]. PropBank was first created for English, but has since been expanded to

Chinese [29], Arabic [30], Turkish [31], and Finnish [32]. Its versatility enables it to in-

crease performance in tasks like SRL, information extraction, and machine translation,

as well as to improve language comprehension in specialized disciplines.

Figure 3.3: Sentence example (annotated in PropBank format)

3.2.1.3 CoNLL Shared Task

Conference on Natural Language Learning (CoNLL), a premier event within the Asso-

ciation for Computational Linguistics (ACL). The challenge offers annotated datasets

for training and testing, and each year it focuses on a different topic of NLP. Initially

conducted in English in 2005, SRL tasks were then expanded to six languages: Spanish,
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Catalan, Chinese, Czech, German, and Japanese [33]. These shared tasks have signifi-

cantly contributed to advancements in semantic understanding, syntactic analysis, and

cross-lingual processing. The CoNLL Shared Tasks on SRL were pivotal in advancing

research in the field and took place in the following years: CoNLL -2004, CoNLL -2005

[33], CoNLL -2008 [34], CoNLL -2009 [35].

Figure 3.4: A sentence from the CoNLL-2009 English dataset annotated with semantic
roles. [36]

3.2.1.4 VerbNet

Hierarchical lexical resource for English, which organizes verbs into several classes based

on Levin’s verb classes, taking into account their syntactic and semantic characteris-

tics. Each verb class in VerbNet offers information about syntactic structures and their

associated semantic roles.

VerbNet is especially useful for SRL and invaluable for applications like machine trans-

lation, data extraction, and event detection. There is a mapping from VerbNet to other

semantic resources like FrameNet and PropBank. [37]

3.2.2 Arabic resources

3.2.2.1 The Arabic PropBank

A linguistic resource, was developed by the University of Colorado, to provide semantic

role annotations for Arabic texts, and both Chinese and English PropBanks are avail-

able. However, the process of developing an Arabic PropBank is considerably different
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due to the morphological and syntactic representation of Arabic [30]. The example

below is taken from [30]

• Sentence:

[يلودلاقيرطلاىلعايمهوازجاحتماقاةحلسمةيمالساةعومجمتناكو]

• Annotation:

[يلودلاقيرطلاىلع]Arg1[ايمهوازجاح]Predicate[تماقأ]Arg0[ةحلسمةيمالساةعومجمتناكو]

ArgM-LOC

3.2.2.2 Arabic VerbNet

An extensive verb vocabulary that categorizes Arabic verbs into hierarchical classes. It

aims to illustrate the syntactic and semantic relationships of each verb in the lexicon,

which contains 334 classes, 7,672 verbs, and 1,393 frames.[38]

3.2.2.3 The Arabic FrameNet

Inspired from original FrameNet project for English, Lakhfif & Laskri [39] proposed

a resource for Arabic following the principal of frame semantics tenet. Their work

involved building a semantic parser capable of extracting deep semantic structures

at lexical, morphological, syntactic, and semantic levels to translate Arabic into Sign

Language. To support this, they constructed an Arabic FrameNet by developing a rule-

based method that leverages mappings between Arabic WordNet and FrameNet. As a

result, they automatically generated over 8,000 Arabic lexical units and more than 600

semantic frames.

3.3 Taxonomy of SRL task

Figure 3.5 represents the taxonomy of SRL tasks and serves as an overview of the chap-

ter. It encompasses: (1) publicly available datasets and labeling strategies aimed at
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expanding training data, particularly for low-resource scenarios; (2) methods and learn-

ing approaches designed to enhance the performance of SRL models; and (3) evaluation

metrics used to assess SRL models.

Figure 3.5: Taxonomy of SRL

20



Chapter 3. Semantic Role Labeling

3.3.1 SRL Annotation process

Various methods have been developed over time to accomplish labeling and assigning

semantic roles, reflecting developments in computational linguistics, language process-

ing and the increasing availability of annotated corpora. According to the needs of

the task and the resources available, SRL annotation process can be divided into three

categories: manual, automatic, and semi-automatic.

3.3.1.1 Manual SRL Annotation

Refers to the process of assigning and annotating text by a human (in general, a human

is often a domain expert) to identify roles and their relationships with predicates in a

sentence. In this method, the annotator reads the text attentively and understands the

meaning based on the intelligence and linguistic expertise to accurately assign relevant

labels [40].

Manual annotation was used by Zhang et al. [41]; they extract narratives from En-

glish news texts. Two annotators; an expert in the dynamics of regeneration and a

doctoral student, independently annotated news texts, and inter-annotator agreement

was measured. Campagnano et al. [42] aligned emotion categories and semantic roles

manually to fit the unified Semantic Role Labeling for Emotion (SRL4E) framework,

this made existing datasets more consistent and better. In [43], the annotation was

conducted using Amazon’s Mechanical Turk service to crowdsource the annotation of

electoral tweets, in order to encompass the experiencer, stimulus, and the cue. Manual

annotation was crucial for understanding the emotional content of tweets due to the

informal context of social media. Bostan et al. [1] build the GoodNewsEveryone (GNE)

corpus, which consists of news headlines annotated with emotions, semantic roles, and

reader perception. 310 Annotators follow precise guidelines and are trained to ensure

consistency. In the final phase, inter-annotator agreement is measured to validate the

quality of the annotations.
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3.3.1.2 Semi-automatic SRL Annotation

A hybrid methodology that annotates text with semantic roles by combining automated

techniques, including rule-based systems or pre-trained models or an annotation tool,

with human participation. The initial tagging is done by automated techniques, and

the output is then refined by human reviewers to ensure accuracy and consistency [44].

Cai et al. [45] use an automatic SRL tool to identify arguments, followed by human

intervention to correct errors in trigger identification and argument labeling. Senator

et al. [46] create an emotional Arabic corpus annotated with semantic roles using a

semi-automatic tool and a team of annotators.

3.3.1.3 Automatic SRL Annotation

The process of annotating data without the need for human interaction, using tech-

niques such as rule-based systems, algorithms, or Machine Learning models. To improve

training data, SRL usually requires the use of pre-trained models or syntactic parsers

to identify the roles of sentence components [47]. Can be achieved through strategies

like self-augmentation and annotation projection.

3.3.1.3.1 Self-augmentation Is a data enhancement technique where a model or

dataset is used to generate additional training examples, leveraging its own outputs

or variations of its data. Data augmentation was developed to address the problem

of limited data and to increase data diversity, especially in Deep Learning-based tasks

like SRL, which require accurate labeled data [48]. Liu et al. [49] introduce a self-

augmentation approach to enhance event argument extraction and to enrich the training

set.

3.3.1.3.2 Annotation projection Leverages the existing well-annotated resource

in the source language to overcome the rarity of resources in other languages based

on the translational and structural equivalences present in the aligned data [50]. This

technique can help reduce the effort in terms of time and both material resources and

cost required to generate annotations or models for a new target language [45].
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A tool for SRL tasks in Sinhala was proposed by Gunasekara et al. [51] utilizing

an annotation projection approach, initially, AllenNLP tools are used to annotate the

source sentence (in English) with semantic roles. The target sentence in the Sinhala

language will then be projected with the semantic role labels.

3.3.2 SRL Methods and techniques

The semantic role classification and labeling process has seen significant progress in its

methodologies over time, passing through distinct stages of development. In this work,

we divide SRL methods into three main categories: Traditional, Machine Learning,

and Deep Learning. At the begining, SRL systems depended on syntactic dependency

structures and conventional rule-based methodologies. With the emergence of Machine

Learning, SRL systems shifted to utilizing manually labeled corpora and feature-based

statistical models, achieving improved accuracy and broader applicability. But in the

last ten years, DL introducing powerful methods such as transformer-based models

like Bidirectional Encoder Representations from Transformers (BERT) and Robustly

Optimized BERT Pretraining Approach (RoBERTa), Graph Neural Network (GCN),

and Recurrent Neural Network (RNN).

3.3.2.1 Rule based

Rule-based methods are a traditional approach that aims to solve computational lin-

guistics problems using manually created rules. These methods have been extensively

used for various NLP applications, SRL, NER, and syntactic parsing. When applied

to both structured and unstructured text in various domains, such as formal language

in news articles or non-formal text from social media, rule-based algorithms are partic-

ularly effective. Rule-based methods are used in SRL because it can produce precise

SRL results, especially in domains or datasets with limited training data. [52]
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3.3.2.2 Machine Learning

A branch of AI aims to enable computers to learn from data and enhance their perfor-

mance on tasks without explicit programming.

Machine Learning involves algorithms that analyze and process data, identify patterns,

and make predictions. There are three main types in ML: When the algorithm learns

from labeled data, where each input has its corresponding output, it is referred to

as supervised learning. In contrast, unsupervised learning refers to an algorithm that

explores data without labeled outputs. Reinforcement learning means that an agent

learns to make decisions by interacting with an environment. [53]

Machine Learning approaches have considerably enhanced the evolution of SRL systems

through the automation of this process. In Machine Learning-based SRL, models are

trained and evaluated using statistical techniques. Statistical methods are used to find

patterns and correlations in the manually annotated datasets. [54]

3.3.2.3 Deep Learning

Deep Learning is a subset of ML that utilizes artificial neural networks with multiple

layers to model and learn complex patterns in large amounts of data. It is particularly

effective for tasks such as NLP, image recognition, and speech processing. DL models,

such as Convolutional Neural Network (CNN) and transformers, rely on large datasets

and high computational power to achieve state-of-the-art performance in various do-

mains. [55]

Deep Learning has significantly improved SRL by replacing traditional feature engi-

neering with automated feature extraction using neural networks.

Fine-tuning DL models on SRL datasets, such as CoNLL -2005, CoNLL -2012, or

Arabic corpora, has achieved state-of-the-art results [56–58].
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3.3.2.4 Large Language Models

Large Language Models (LLM) are advanced Artificial Intelligence (AI) models trained

on massive amounts of text data based on deep neural network architectures, most

notably the Transformer. Transformer architectures have transformed language models

by introducing attention mechanisms, greater parallelization, and an improved ability to

capture long-range dependencies. These advancements have made it possible to create

more powerful and flexible models that have achieved state-of-the-art performance on

a wide range of NLP tasks, from translation to text generation. The pre-training and

fine-tuning approach, popularized by Transformers, has now become a standard in the

field. [59]

• Open-LLM: Open Large Language Models (LLM) are publicly available models

that allow access to their architecture, weights, and training data (partially or

fully). These models can be fine-tuned, modified, or deployed by researchers and

developers for various applications. Examples include BERT, LLaMA, Falcon,

BLOOM, and Mistral, which enable greater transparency and customizability.

[60]

• Close-LLM: Close LLM are proprietary models that restrict access to their ar-

chitecture, weights, or training data. Users typically interact with these models

via APIs. Examples include GPT-4 (OpenAI), Claude (Anthropic), and Gemini

(Google DeepMind). These models limit transparency and customization.[60]

3.3.3 Learning Strategies for SRL

The main challenge in using Machine Learning and DL approaches is to collecting

enough of training data (expensive to collect and label, or inaccessible) for each category.

This limitation reduce the model’s ability to represent some classes. Addressing this

difficulty has motivated the exploration of novel learning strategies adapted to situations

with limited labeled data. We classify learning scenarios for SRL tasks into three

principal paradigms: transfer learning, zero-shot learning, and few-shot learning.
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3.3.3.1 Transfer Learning / Cross-lingual Learning

Transfer learning entails utilizing knowledge from a source domain, language, or tasks

which has abundant training data and transfering it to a target domain, language

or tasks. It generally depends on pre-trained models, cross-lingual embeddings, or

fine-tuning methodologies.[61]. Subburathinam et al.[62] breaks down the challenge of

identifying the deep semantic structure of entities and their interactions, as well as

events, from text. The authors propose a novel cross-lingual structure transfer learn-

ing approach that combines the distributed characteristics, for instance contextualized

embeddings, with the language-independent symbolic features such as the dependency

paths and the Part-of-Speech (POS) tags. The results obtained while applying the

suggested approach on Arabic, Chinese and English demonstrate that the suggested

approach performs competitively.

3.3.3.2 Zero-Shot Learning

Zero-shot learning refers to the ability of a model to identify and label semantic roles

in sentences from previously unseen languages (without being explicitly trained on an-

notated examples for those specific cases). Zero-shot models rely on knowledge transfer

from pre-trained language models or high-resource datasets, enabling them to general-

ize to new tasks with no labeled examples. [63]

In practice, zero-shot SRL is often achieved using multilingual pre-trained models like

Multilingual BERT (mBERT) or Cross-lingual Language Model - Robustly Optimized

BERT Approach (XLM-RoBERTa), which learn deep syntactic and semantic repre-

sentations across multiple languages. These models can perform SRL in low-resource

languages (like dialectal Arabic) by leveraging the training knowledge obtained from

high-resource languages (like English). [64]

Bombieri et al. [65] created a novel SRL-based approach for extracting procedural

knowledge from surgical texts, evaluated using multiple language models under zero-

shot settings.
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3.3.3.3 Few-Shot Learning

In SRL, few-shot learning refers to the model’s ability to learn to identify semantic roles

from a very limited number of labeled examples. few-shot SRL adapts quickly to new

tasks through limited fine-tuning or prompt-based learning. Advanced methodologies

such as meta-learning enhance models’ ability to acquire knowledge with less data. [66]

3.3.4 Evaluation Metrics

Evaluation metrics are essential tools for measuring the performance of Machine Learn-

ing models in NLP tasks such as SRL and Sentiment Analysis. The most widely used

metrics include Precision, Recall, and F1-score, along with Alignment with the Gold

Standard.

3.3.4.1 Precision, Recall, and F1-score

The concepts of precision, recall, and F1 score are used to assess how well SRL tasks

are performed. These terms include: (1) true positive, which refers to data that the sys-

tem correctly labels; (2) false positive, which refers to data that the system incorrectly

labels; and (3) false negative, which denotes instances that the system missed or failed

to detect. The weighted mean of accuracy and recall, or F1, is useful in cases when the

distribution of classes is unbalanced. The precision, recall, and F1 score computations

are found in Equations below.

Precision = Truepositives

Truepositives + Falsepositives

Recall = Truepositives

Truepositives + Falsenegatives

F1-Score = 2× Precision× Recall
Precision + Recall
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3.3.4.2 Alignement with Gold Standard

Alignment with the gold standard is the degree to which the model’s output closely

resembles the manually annotated reference data (the gold standard). It ensures the

correctness and consistency of the predicted labels compared to expert human anno-

tations. A high level of alignment means that the model accurately simulates human

judgment. Research by Jindal et.al [67] introduces PriMeSRL, a stricter evaluation met-

ric that provides a more accurate assessment of SRL model performance by aligning

outputs with gold standard annotations.

3.4 Conclusion

This chapter provides a comprehensive overview of the key principles pertaining to the

fields of SRL presenting its foundational concepts, linguistic relevance, and practical

applications within NLP. It provides an overview of key resources in both English and

Arabic, discusses annotation methodologies, and reviews a range of computational ap-

proaches from traditional models to cutting-edge large language . By outlining current

learning paradigms and evaluation practices, this chapter offers the necessary back-

ground of SRL which is central to the focus of this thesis.
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CHAPTER 4

EMOTION ANALYSIS

In this chapter, we explore the foundational aspects of emotion analysis within Nat-

ural Language Processing (NLP). We begin by defining emotion analysis and exam-

ining its significance in understanding human affective states in text. Then we dis-

cuss explicit emotion expressions, including a discussion of emotion categories based

on established psychological theories. Furthermore, we review several representative

emotion-annotated corpora.

4.1 introduction

Traditional sentiment analysis can determine the polarity of a statement, however, it

lacks the granularity needed to understand what specific emotion is being expressed.

Our actions and words invariably mirror our feelings, if not always explicitly [68, 69].

To understand the underlying behavior of humans, we need to analyze these emotions

through some emotional data, sometimes referred to as affect data. This data may

include text, audio, facial expressions, etc. The use of emotional data for the analysis

of emotions is an interdisciplinary domain known as Affective Computing.

Despite the progress, challenges remain, especially in dealing with low-resource lan-

guages, ambiguous expressions, and the subjective nature of emotions. Therefore, emo-

tion analysis continues to be an active area of research, aiming to bridge the gap between
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human emotional expression and machine understanding.

4.2 Definition

According to the Oxford Advanced Learner’s Dictionary, the noun emotion is defined

as: ”A strong feeling such as love, fear, or anger; the part of a person’s character

that consists of feelings.” [70]. While, the Cambridge Dictionary defines emotion as “a

strong feeling such as love or anger, or strong feelings in general” .[71]. The American

Psychological Association defines emotion as “a complex pattern of changes, including

physiological arousal, feelings, cognitive processes, and behavioral reactions, made in

response to a situation perceived to be personally significant” [72].

The complexity and the subjectivity of emotions make them difficult to interpret

and analyze, especially in large-scale or automated settings.

Emotion analysis is an effective study of human emotions that tries to identify the

proper emotion from context, and analyze it according to some predefined emotion class

models, it aims to bridge the gap between human emotional expression and machine

understanding by enabling computational systems to detect, classify, and interpret

emotional cues in text [73]. Emotion analysis typically based on psychological theories

of Ekman (1992)[74], Plutchik [75] (2001), Russell (1980) [76] or Scherer (2005) [77]. The

task has evolved from being only a research issue to sweeping a number of applications,

such as social media mining, intelligent agents, clinical diagnosis of mental diseases,

and dialog systems (chatbots, teaching systems) [78].

4.3 Emotions Expression

Explicit expressions directly state the emotion using clear emotion-bearing words. These

are typically adjectives, verbs, or nouns that clearly denote a specific emotional state

[79]. For example:

• ”I am angry.”

• ”She felt joy after receiving the news.”
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• ”His sadness was overwhelming.”

In such cases, the emotion is linguistically marked and easily identifiable because the

language includes direct references to emotions such as angry, joy, or sadness. These

are often easier to annotate and detect using lexicon-based or supervised approaches.

From a psychological standpoint, Ekman’s model [74] of six basic emotions (anger,

disgust, fear, joy, sadness, and surprise) and Plutchik’s wheel of emotions (see Figure

4.1) [75], are the most widely used.

Since the 2010s, automatic emotion detection in text has gained significant interest,

particularly with the rise of social media [80]. Emotion recognition systems are applied

in diverse domains, such as public opinion monitoring [81], consumer insights [82],

financial forecasting [83], and election prediction [84]. Furthermore, they play a key

role in developing empathetic virtual assistants and chatbots [85, 86].

Figure 4.1: Plutchik’s Wheel of Emotions [87]

The definitions of each emotions category provided in the tables below 4.1, and 4.2

are adapted from established frameworks in affective computing. In particular, they are

drawn from Robert Plutchik’s theory of emotions [75], Paul Ekman’s basic emotions
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model [74] and the APA Dictionary of Psychology and standard glossaries in emotion

research [88, 89]. These definitions have been rephrased and condensed to suit the

context of the thesis.

Table 4.1: Basic emotions and their definitions

Emotion Definition
Anger A strong feeling of displeasure, hostility, or antagonism toward someone

or something perceived as harmful or unjust.
Anticipation A state of looking forward to a future event, often with excitement, hope,

or anxiety.
Disgust A feeling of revulsion or disapproval aroused by something unpleasant or

offensive.
Fear An emotional response to a perceived threat or danger.
Joy A feeling of great pleasure, happiness, or delight.
Sadness A state of emotional pain associated with loss, disappointment, or sorrow.
Surprise A sudden feeling of astonishment or amazement caused by something

unexpected.
Trust A sense of security or confidence in someone or something.

Table 4.2: Derived emotions based on Plutchik’s model

Derived Emotion Dyad Components Definition
Optimism Anticipation + Joy Hopefulness and confidence about the future or

successful outcome.
Love Joy + Trust Deep affection, attachment, and care for some-

one or something.
Submission Trust + Fear Yielding to authority or another person due to

respect or fear.
Awe Fear + Surprise A feeling of reverential respect mixed with fear

or wonder.
Disappointment Surprise + Sadness Sadness caused by unmet expectations or out-

comes.
Remorse Sadness + Disgust Deep regret or guilt for a wrong committed.
Contempt Disgust + Anger A mix of anger and disgust directed at someone

regarded as beneath consideration.
Aggressiveness Anger + Anticipation A readiness or tendency to attack or confront.
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Table 4.3: Comprehensive list of emotion classification corpora: languages, modalities, emotion types, and dataset resources.

Ref Corpus Language(s) Modality Emotion Types Size
[90] GoEmotions English Text 28 emotions 58,000
[77] ISEAR Multilingual Text 7 basic emotions 7,000
[91] XED multilingual Text 11 emotions 7500
[92] DailyDialog English Text 7 emotions 13,000
[93] EMOBANK English Text VAD + categories 10,000
[89] TEC English Text 6 emotions 21,000
[94] EmpatheticDialogues English Text 25 emotions 25,000
[95] EmoEvent Multilingual Text 6 emotions + neutral Varies
[96] MELD English Multimodal 7 emotions 13,000
[97] IEMOCAP English Speech/Video 6 emotions 12 hours
[98] RECOLA French Multimodal VAD + emotion 5 hours
[99] DepecheMood English/Italian Text Emotion scores 25,000
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Table 4.3 presents an overview of major emotion classification corpora that have

been widely used in NLP and affective computing research. The datasets are organized

by citation, name, language coverage, modality (text, speech, or multimodal), the type

or number of annotated emotions, and dataset size.

This compilation includes corpora that represent a range of emotion annotation

frameworks. It encompasses monolingual and multilingual resources and captures data

from various modalities. Notable corpora such as GoEmotions, DailyDialog, and Mul-

timodal Emotion Lines Dataset (MELD) have contributed significantly to benchmark-

ing emotion classification models. Others, like Interactive Emotional Dyadic Motion

Capture (IEMOCAP) and Remote Collaborative and Affective Interactions Dataset

(RECOLA) provide multimodal emotional data, useful for emotion recognition beyond

text. The XED dataset stands out for being extended to over 35 languages through

annotation projection.

In terms of methodology, research has evolved from dictionary-based methods and

classical Machine Learning to Deep Learning and transformer-based models such as

BERT [90]. Advanced strategies like multi-task learning [100], zero-shot learning [101],

and few-shot learning [102] are also gaining traction.

4.4 Conclusion

This chapter has established a foundational understanding of emotion analysis in NLP

by highlighting its importance in interpreting affective content in textual data. We

have discussed explicit emotion expressions and we have explain the classification of

emotions in established psychological theories.
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CHAPTER 5

EMOTION ROLE LABELING

In this chapter, we explore the semantic frame structures commonly associated with

emotion, detailing how emotions are framed through specific linguistic patterns, and

justify the use of FrameNet as a semantic resource for modeling emotion events. We

then discuss existing Emotion Role Labeling (ERL) datasets and their coverage across

languages and domains. Particular attention is given to the task of emotion stimulus

detection. Finally, we highlight the specific issues encountered when applying emotional

Semantic Role Labeling in low-resource languages, where the lack of annotated data

and linguistic tools poses significant limitations for model development and evaluation.

5.1 Introduction

Emotion Role Labeling (ERL) is the task of automatically identifying and assigning

semantic roles related to emotions in text.

Unlike traditional emotion classification tasks that assign a single emotion label to a

sentence or document (e.g., joy, anger, fear), ERL attempts to answer who is feeling

the emotion, what causes or triggers the emotion, and, in some cases, what contextual

or topical information frames the emotional response. [103]
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5.2 Semantic frames associated with emotions

In SRL field, the choice of underlying semantic resources plays a pivotal role in the ef-

fectiveness of the resulting representations. While PropBank and FrameNet are among

the most widely used resources for SRL, our study adopts FrameNet as the foundational

framework for integrating SRL with emotion analysis. This decision is motivated by

the conceptual semantic depth that FrameNet offers.

Unlike PropBank, FrameNet adopts a frame-semantic approach that captures ”frames”

associated with events, experiences, and emotions. This makes it ideal for modeling the

relationships between entities involved in emotional situations, such as the experiencer,

the cause, and the stimulus.

Moreover, FrameNet explicitly includes emotion related frames (e.g., Experiencer_fo-

cus, Emotion_directed, Emotions_of_mental_activity, etc.) that align with the objec-

tives of emotion detection and analysis. Also, FrameNet enriches the representation of

emotional meaning in text. Its frame-based organization makes it a more appropriate

resource than PropBank or other alternatives when the task requires deep semantic

interpretation aligned with emotional roles. Until now, FrameNet is the only semantic

resource that provides a structured background for emotion scenarios.
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Table 5.1: Emotion-Related Frames in FrameNet

Frame Name Description Example Lexical
Units

Experiencer focused
emotion

Emotion described primarily from the
experiencer’s perspective, without em-
phasizing an external cause.

feel, rejoice, suffer, en-
joy

Emotion directed Emotion is explicitly directed at a par-
ticular target or object.

admire, envy, resent

Stimulate emotion A stimulus (often an agent or event)
deliberately evokes an emotional re-
sponse.

thrill, amuse, inspire

Cause emotion An external event or situation causes
emotion, regardless of intention.

devastate, depress,
cheer

Emotion heat Emotion metaphorically framed in
terms of heat or physical intensity.

boil, simmer, seethe,
stew

Emotions by stimulus Emotions elicited by various stimuli, fo-
cusing on the trigger.

discover, annoy, please

Emotions of mental
activity

Emotions arising from cognitive pro-
cesses like realization or reflection.

surprise, realize, re-
gret

Desiring Emotional states related to longing,
wanting, or craving.

want, desire, crave,
long for

Detecting the who feel what, and towards whom is essentially a semantic role-

labeling problem. The core and non-core roles in FrameNet is shown in Table 5.2. The

definitions are primarily derived from FrameNet’s Emotions frame and the four roles

investigated in this thesis are shown in bold as commonly adopted in emotion analysis

studies [1], [43].
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Table 5.2: Core and Non-Core Semantic Roles in Emotion Representation

Role Definition
Core Roles

Event Describes the situation or occurrence in which the emotional state
is experienced.

Experiencer The individual or entity who feels or undergoes the emotional re-
action.

Expressor Refers to the physical or verbal cues (e.g., gestures, facial expres-
sions) through which the emotion is manifested.

Target entity or aspect that is the focus of an emotion expressed in a text.
Stimulus The cause or trigger (person, event, or condition) that provokes the

emotional response.
Topic A broader subject area or context in which the emotion is situated

or directed.
Non-Core Roles

Circumstances The contextual background or conditions under which the emo-
tional response takes place.

Degree Indicates the intensity or strength of the emotional experience com-
pared to a typical baseline.

Empathy Target The person or group with whom the Experiencer emotionally aligns
or empathizes.

Manner Describes the specific way the emotion is felt, beyond what is cap-
tured by other roles.

Parameter The domain or dimension in which the emotional reaction is expe-
rienced (e.g., time, social space).

Reason Explains the rationale or justification behind the emotional reaction
triggered by the stimulus.

5.3 Detailed Emotion Role Labeling example

• The sentence:

[ةيداصتقالااهتاسايسببسبةموكحلانمنورهاظتملابضغ]

• The translation:

Protesters were angry at the government over its economic policies.
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Figure 5.1: Detailed ERL example

The sentence illustrates a fully structured instance of ERL in Arabic, capturing four

key semantic roles:

• Cue [بضغ] : the verbal expression that signals the presence of an emotional state.

• Experiencer [نورهاظتملا] : the entity experiencing the emotion.

• Target [ةموكحلا] : the entity that the emotion is directed toward.

• Cause [ةيداصتقالااهتاسايس] : the reason or stimulus that triggered the emotion.

5.4 Existing Emotion Role Labeling dataset’s

Table 5.3 summarizes the existing datasets for ERL, covering a range of languages,

emotion classes, annotated emotion roles, and relevant notes:

Dataset Lan-
guage

Emo.
classes

Annotated
Roles

Notes

GNE [1] English 7 emotion
classes

Cue, Experiencer,
Cause, Target

Comprehensive ERL in head-
lines

Elections
[43]

English 7 emotion
classes

Cue, Experiencer,
Cause, Target

Early dataset for Emotion
Role Labeling in social media

REMAN
[104]

English 8 emotion
classes

Cue, Experiencer,
Cause, Target

Captures perceived emotion
of the reader

Emo-
Stimulus
[103]

English 4 emotion
classes

cue, Stimulus Focused on emotion stimulus
in text.

GERSTI
[105]

German 10 emotion
classes

cue, Experiencer,
Cause

First stimulus-annotated cor-
pus in German.

Table 5.3: Overview of existing datasets for Emotion Role Labeling (ERL).
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5.5 Emotion stimulus detection

Causality refers to a semantic relationship in which one event (the effect) is viewed as

the result of another (the cause). Traditionally, the identification of causal relationships

relied on manually crafted [103, 105].

There is especial interested in the stimulus due to its compelling applications in under-

standing the reasons for emotional occurrences, such as in consumer behavior analysis

and mental health treatment. It highly beneficial for systems that respond to inquiries

such as “how [x] feels about [y]” or “why [x] feels [y]”. It also has practical significance

for text summary, since emotion expressions and stimuli are often the most information

in an expressive sentence.[103]

Emotion stimulus detection has been explored primarily in resource rich languages,

with strong attention given to Mandarin Chinese and, to a lesser extent, English. In

Mandarin, this research area has seen considerable development with corpora such as

the Weibo Emotion Cause Corpus serving as benchmarks [106]. Early work by Lee

et al. [107], and subsequent extensions by Gui et al. [106] [108] and Cheng et al.

[109]established foundational methods for extracting emotional triggers. In English,

fewer annotated datasets exist, though efforts such as those by Neviarouskaya and

Aono [110], Mohammad et al. [43], Kim and Klinger [104] and Bostan et al. [1] have

contributed corpora and evaluations targeting emotion cause or stimulus detection.

Other languages like Italian and Japanese have received few attention, Russo et al.

[111] constructed an Italian emotion corpus from news texts, while Yada et al. [112]

annotated Japanese texts from news and Q&A websites.

5.6 Emotional SRL challenges for low resource lan-

guage

Emotion Role Labeling in low-resource languages faces several significant challenges due

to the scarcity of linguistic resources, annotated data, and language-specific tools [113].

One of the primary issues is the lack of labeled datasets that capture the full structure
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of emotion, including roles such as cue, experiencer, target, and cause [1, 114]. With-

out such corpora, training supervised models becomes nearly impossible. Additionally,

emotion lexicons (essential for identifying emotional cues) are often incomplete or en-

tirely absent in these languages, limiting the system’s ability to recognize or classify

emotional expressions [113]. Cultural and linguistic differences further complicate the

task, as emotions are expressed differently across societies, often using metaphors, or

indirect language that may not translate well from high-resource languages like English

[115]. Moreover, pretrained language models tailored for low-resource languages are ei-

ther underdeveloped or unavailable, leading to suboptimal performance on ERL tasks,

even when multilingual models like mBERT or XLM-RoBERTa are used, they often

fail to capture the emotion expression and role structure accurately in less-resourced

contexts [116]. Another difficulty arises from the complexity of detecting multiple roles

in a sentence, which requires accurate syntactic and semantic parsing resources that

are also limited in these languages [113]. To address these challenges, researchers em-

ploy strategies mentioned above in section 3.3 such as cross-lingual transfer learning,

machine translation with projection of annotations, data augmentation, and few-shot

or zero-shot learning.

5.7 Conclusion

In summary, this chapter provides a comprehensive foundation for understanding Emo-

tion Role Labeling by examining how emotions are represented within the framework of

semantic frames [22], particularly those derived from FrameNet. By surveying existing

ERL datasets and focusing on the challenges of emotion stimulus detection. Further-

more, we underscore the difficulties faced in low-resource language settings.
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CHAPTER 6

LITERATURE REVIEW

This chapter delves into the research area of Semantic Role Labeling (SRL) for emotion

classification task portraying the latest scientific findings in this field, we also conducted

a comprehensive assessment of the literature, identifying, evaluating, and analyzing the

most important studies conducted in the many contexts of SRL, including the integra-

tion of SRL and emotion identification. The remainder of this chapter is organized into

three main sections. The first section provides an overview of SRL, where we categorize

existing studies based on the learning methods employed, ranging from the most recent

to earlier approaches. We also distinguish between models built using closed and open

LLM. The second section discusses existing studies of SRL in Arabic. The final section

focuses on research that integrates SRL with emotion identification, highlighting ef-

forts that address the detection of emotional roles. Special attention is given to studies

on emotion cause extraction, as this subtask has gained significant interest due to its

relevance in fine-grained emotion understanding.

6.1 Semantic Role Labeling

This section provides a comprehensive review of previous research on SRL, beginning

with traditional feature-based approaches, followed by classical ML methods. The

discussion then moves to neural SRL models, covering both end-to-end architectures
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and transformer-based techniques, and concludes with recent advancements that utilize

LLM. Special attention is given to studies focused on Arabic SRL.

6.1.1 Rule-based SRL

The history of SRL traces back to early linguistic theories of thematic roles in the

period between 1960 and 1970 by many scientists, headed by Charles Fillmore, which

introduced the Case Grammar framework in his paper ”The Case for Case” [117], which

suggested that verbs determine the syntactic and semantic structure of sentences by

governing specific roles, or ”cases.”

In the late 1970s, he expanded his work with the concept of frame semantics [22], this

theory posits that words elicit conceptual structures referred to as ”frames”.

The need for large-scale annotated data led to the development of resources like FrameNet

and PropBank. The FrameNet project in 1998, was a significant achievement in the

NLP field; it provided an extensive annotated database with frame elements linked to

verbs.

At the beginning of the 21st century, Martha Palmer et al. [27] created PropBank,

moving away from particular frames and instead concentrating on directly naming the

predicate’s arguments. The authors have established a set of more generalized roles

(e.g., ARG0, ARG1) for each verb.

Rule-based SRL has several advantages, first in its interpretability, the manual designed

rules ensure transparency in decision-making. furthermore, it provides high linguistic

accuracy, as well-formed rules effectively capture precise syntactic and semantic pat-

terns. This approach also performs well in specialized domains, such as legal or medical

texts. However, rule-based SRL has notable limitations, including a lack of general-

ization, as handcrafted rules are not easily transferable across languages. Moreover,

maintaining such systems is costly. In addition, Scalability is another challenge, as ex-

panding rule-based SRL to cover diverse linguistic phenomena requires a lot of manual

effort, making it less suitable for large-scale applications.

43



Chapter 6. Literature review

6.1.2 Classical Machine Learning-Based SRL

The reliance of SRL on hand-crafted rules and linguistic theories required human la-

bor to specify the relationships between predicates (verbs) and their arguments (roles

like Agent, Patient). These approaches were frequently rigid and faced challenges in

expanding their capacity. Adopting ML was the solution.

Traditional methods used linear classifiers, such as Support Vector Machine (SVM) or

Maximum Entropy models with feature templates, to extract a variety of features from

syntactic parses.The seminal work in SRL introduced by Gildea and Jurafsky (2002)

[118], used feature-based models to develop the first automatic SRL in sentences. Based

on FrameNet, they extracted a variety of syntactic and lexical features and trained a

statistical models. To enhance traditional SRL (which involves full syntactic parsing)

accuracy, Pradhan et al [119] combined multiple syntactic views, proposed a chunking-

based method, and trained a ML model. This method reduces the intricacy of con-

ventional parsing-based SRL and enhances the system’s robustness to syntactic parsing

errors. They found that the primary source of wrong prediction was the syntactic parser.

Figure 6.1: Statistical and Machine Learning-Based SRL pipeline.

6.1.3 Neural Network-Based SRL

Based on previous studies, other researchers chose another way to address the SRL

problem. For instance, in [120], they gave up the combination of ML algorithms and

hand-crafted features and adopted unified deep neural networks to build a multi-task
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learning system.

The authors in [121] present a three-step pipeline for SRL that uses a dependency parser

to detect predicate arguments in various languages. The system was assessed in seven

languages and obtained an average labeled semantic F1 score of 80.80.

Yuan [122] proposed incorporating valence structures into deep neural networks for

SRL, particularly improving performance in Chinese by capturing syntactic and se-

mantic relations more effectively. The model achieved an F1 score of 93.69% for verbal

predicates and 79.23% for nominal predicates on Chinese datasets.

Fei et al. [123] introduced a transition-based neural model that jointly performs predi-

cate identification and argument labeling. The model achieved state-of-the-art results

on CoNLL -2009 and Universal Proposition Bank datasets. Munir et al. [124] de-

veloped an unsupervised neural SRL model that decomposes the task into argument

identification and clustering. The model employs a Bidirectional Long Short-Term

Memory (BiLSTM) with an adversarial layer and achieved competitive performance on

the CoNLL -2009 English dataset without relying on annotated data. Devianti and

Miyao [125], in 2024 explored the use of GCN for zero-shot cross-lingual SRL. Their

study found that incorporating universal dependency trees enhances model transfer-

ability across 23 languages.
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Table 6.1: Summary of Selected Neural Network-Based SRL Studies

Ref Problematic Objective Dataset
Used

Learning
Algorithm

Key Finding Challenges

[120] Lack of unified
neural models
for NLP tasks

build a multi-
task learning
system using
deep neural
networks

PropBank,
WSJ

CNNs and
CRF

Showed that
DL can handle
various NLP
tasks with min-
imal feature
engineering

Requires large
amounts of data

[121] accurately de-
termining and
identifying the
semantic roles
of words in
sentences across
many languages

Build a consis-
tent multilingual
SRL framework

CoNLL -2009
Shared Task
Dataset

linear classi-
fiers

Demonstrated
multilingual
SRL is feasible
with a shared
schema Joint
models outper-
form pipeline
systems in mul-
tilingual settings

Variation in
annotation
schemes; de-
pendence on
high-quality
syntactic parsers

[122] Lack of syntactic
structure in Chi-
nese SRL sys-
tems

Introduce va-
lence structure
into neural SRL
to improve accu-
racy

Chinese
PropBank
(CPB)

BiLSTM Valence inte-
gration boosts
performance on
Chinese SRL

Difficulty of
combining va-
lence structures
with end-to-end
learning

[123] Error propaga-
tion

Build an end-to-
end model that
jointly detects
predicates and
labels arguments

CoNLL
-2009, Prop-
Bank

LSTM Achieved better
performance via
joint modeling

long-distance ar-
guments

[124] Reliance on
large labeled
corpora for
training SRL

Develop unsu-
pervised neural
SRL using
clustering tech-
niques

CoNLL -2009 BiLSTM Effective SRL
results without
annotated data

Lower perfor-
mance

[125] SRL models
struggle with
cross-lingual
generalization

Use GNN to in-
corporate syntax
for better trans-
fer

Treebanks GCN Enhanced cross-
lingual SRL ac-
curacy through
syntactic struc-
ture

Aligning syn-
tax/semantics
across lan-
guages; domain
variation

6.1.3.1 End-to-End SRL

Recent advancements in end-to-end deep models for SRL without syntactic input [56],

[126], [57]. As pioneering work, Zhou and Xu [56] address the problem of using tra-

ditional SRL techniques that depend on supervised learning using syntactic features,

which necessitate significant engineering efforts and risk prediction mistakes. The au-

thors propose a deep Bidirectional Long Short-Term Memory (BiLSTM) model that

processes raw text without syntactic input, evaluated on CoNLL -2005 and CoNLL

-2012. The model uses pre-trained word embeddings and a Conditional Random Field

(CRF) layer. Experiments prove that augmenting the depth of LSTM layers enhances

46



Chapter 6. Literature review

performance; the first shared task achieved an F1 score of 81.07 and the second 81.27.

He et al. [57] examine enhancements in SRL by applying a deep highway bidirectional

LSTM (BiLSTM) model with constrained decoding. The model eliminates the neces-

sity for syntactic parsing and attains a 10% relative error reduction compared to prior

state-of-the-art systems on the CoNLL 2005 and 2012 datasets. The successes of end-

to-end models demonstrate the potential of LSTMs to manage the underlying syntactic

structure of sentences.

Despite these successes, neural network models have limitations, especially when ap-

plied to complex tasks like SRL. First, recurrent models capture sequential information

within data and combine each word with its preceding hidden state recursively. RNN are

applicable for sequential prediction; however, it is susceptible to the vanishing gradient

problem. That’s why it has difficulties in capturing long-range dependencies because

they have to compress all the relevant information into a fixed-size hidden state. This

compression can lead to information loss, especially with lengthy sequences. In addition

to the problem of memory compression, the model necessitates larger memory ability

to retain information for long sentences [127], [128].

Traditional neural models for SRL depend on extensive annotated datasets, making the

application of these methods challenging in low-resource languages where labeled data

is limited or expensive to obtain. Additionally, integrating unlabeled data into training

is difficult, which makes it still underutilized. To tackle these challenges, [129] propose a

semi-supervised SRL method that uses unlabeled data and applies syntactic constraints

to enhance model outputs. The authors use the CoNLL -2012 dataset and integrate

a syntactic-inconsistency loss function with cross-entropy loss to jointly train on both

labeled and unlabeled data, using ELMo embeddings and a BiLSTM. The results show

significant improvements, demonstrating the effectiveness of this method in enhancing

SRL performance.
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Table 6.2: Summary of some studies in neural Semantic Role Labeling

Ref Problematic Objective Dataset
Used

Learning
Algorithm

Key Findings Challenges

[56] Traditional SRL
depends heavily
on syntactic
parsers

Develop an
end-to-end SRL
system without
syntax input

CoNLL -2005
CoNLL -2012

Deep BiL-
STM

Showed that
deep BiLSTM
can learn SRL
effectively with-
out syntactic
features

Handling long-
range dependen-
cies

[57] Limitations
in prior SRL
models using
heavy syntactic
features

Investigate DL
models with
minimal linguis-
tic features

CoNLL -2005
and CoNLL -
2012

Deep BiL-
STMs with
highway con-
nections

Achieved state-
of-the-art results
using only word
and predicate
embeddings

Limited reliance
on large anno-
tated corpora

[127] Need for better
machine reading
systems

Integrate LSTM
for machine
reading in SRL

Penn Tree-
bank

Long Short-
Term Mem-
ory (LSTM)

Demonstrated
that LSTM-
based models
perform well on
reading com-
prehension and
SRL

Generalization
to complex
semantic struc-
tures

[129] Lack of anno-
tated data limits
performance
of deep SRL
models

Propose semi-
supervised
learning to
reduce depen-
dency on labeled
data

CoNLL -
2005, CoNLL
-2012

Deep BiL-
STM

Semi-supervised
approach im-
proves SRL
performance,
especially in
low-resource
scenarios

6.1.3.2 Transformer based SRL

Recently, a new model was introduced, called Transformer, a Deep Learning architec-

ture designed for sequence-to-sequence tasks. It replaces recurrent layers with a self-

attention mechanism, allowing the model to weigh the importance of different words in

a sentence simultaneously rather than sequentially [130].

Vaswani et al. [130] offer a method for concurrently capturing dependencies across

whole sequences. Self-attention layers enable each word in a sentence to pay attention

to every other word, despite their distance. The vanishing gradient issue is resolved by

this non-sequential processing. Compared to recurrent networks, self-attention mech-

anisms are more effective and scalable for huge datasets because they permit parallel

processing [131].Transformers mark a significant improvement to many tasks, including

machine reading [127], self-attentive sentence embedding [132], abstractive summariza-

tion [133], language understanding [134], and neural machine translation [130].

SRL has experienced considerable progress due to the transformer-based models. These
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advancements have enabled models to more effectively capture long-range dependencies

and hierarchical linguistic structures, which is very essential for accurate SRL. in order

to enhance the accuracy and performance of SRL, Tan et al. [58] propose a model that

overcomes the commonly known problems of RNNs, such as the sequential restrictions

in order to capture long-range dependency. Key components include positional encod-

ing to maintain sequence order, Begin-Inside-Outside Tagging Scheme (BIO) tagging

for easier role classification, and multi-head attention to record a variety of interactions.

The model demonstrates the efficacy of self-attention in SRL and difficult NLP tasks

by achieving state-of-the-art F1 scores tested on benchmark datasets.

Another innovative approach in this field, Strubell et al. [128], incorporates syntactic

information within a self-attention framework. LISA employs multi-task learning for

tasks such as dependency parsing, POS tagging, predicate detection, and SRL, in order

to learn syntactic dependencies directly within the SRL model (allowing the model to

utilize syntax efficiently without requiring considerable pre-processing), yielding accu-

rate SRL performance.

In [131], the self-attention mechanism was guided by dependency trees. In order to cap-

ture pertinent linguistic structures within sentences, the authors incorporate syntactic

information directly into the model, hence boosting SRL accuracy. This methodology

has been especially efficacious for languages with complex syntactic structures, such as

Chinese.

Another notable model [135] introduces a novel deep neural model that minimizes the

necessity for recurrent updates by selectively linking attentive representations within

the model. This approach efficiently mitigates the computational difficulties of recurrent

models by implementing selective connections that encapsulate hierarchical dependen-

cies, decreasing training duration by more than 60% while preserving good accuracy

on benchmark datasets (e.g., CoNLL 2005 and CoNLL 2012). This methodology has

established a standard for SRL models by integrating efficiency with robust hierarchical

representation learning.
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Table 6.3: Summary of studies on self-attention-based models for SRL

Ref Problematic Objective Dataset
Used

Learning Al-
gorithm

Key Finding Challenges

[130] Sequential ar-
chitectures
are limited
in capturing
long-range de-
pendencies

Introduce Trans-
former model
based on self-
attention

WMT 2014
English-
German,
English-
French (MT
tasks)

Transformer
architecture
(multi-head
self-attention)

Self-attention sig-
nificantly improves
translation quality
and training effi-
ciency

Requires large
amounts of data
and computa-
tional resources

[58] Traditional SRL
models rely
heavily on syn-
tactic features

Apply self-
attention to
SRL without
explicit syntax

CoNLL -
2005, CoNLL
-2012

RNN, CNN,
FFN

Achieves strong re-
sults without re-
lying on syntactic
parsers

Handling im-
plicit syntactic
structures with-
out external
parsers

[128] Lack of syntactic
guidance in self-
attention models
for SRL

Integrate lin-
guistic fea-
tures into
self-attention
layers

CoNLL -
2005, CoNLL
-2012

Linguistically-
informed
Self-Attention
(LISA)

Integrating syntax
improves SRL ac-
curacy over plain
attention models

Dependency on
quality of pre-
dicted syntax

[131] Conventional
SRL models are
predominantly
dependent on
syntactic fea-
tures

Use syntax trees
to enhance at-
tention scores

CoNLL -
2005, CoNLL
-2012

Syntax-
Enhanced
Self-Attention

Syntax-aware at-
tention improves
SRL performance,
especially on long-
range dependencies

Complexity
in integrating
tree structures
efficiently

[135] Not all self-
attention con-
nections are
equally impor-
tant

Propose Selec-
tively Connected
Self-Attention to
focus on critical
parts of input

CoNLL -
2005, CoNLL
-2012

Selectively
Connected
Self-Attention
mechanism

Selective attention
helps focusing in
relevant input to-
kens for better role
labeling

Balancing spar-
sity in selective
connections

6.1.4 Large Language Models

With the emergence of LLM, SRL has seen significant advancements, particularly with

closed-LLM like OpenAI’s GPT, Google’s Gemini, and Meta’s LLaMA. These mod-

els, trained on massive corpora, offer powerful contextual representations and robust

generalization across languages. Unlike open-source models, closed LLM benefit from

extensive pretraining and access to vast computational resources, making them highly

effective for SRL tasks.

Chat Generative Pre-trained Transformer (ChatGPT) has gained significant attention

due to its applicability in various fields, particularly those related to NLP tasks [136],

[137], such as question answering [138], [139], text summarization [140], machine trans-

lation [141], sentiment analysis [142], [143], and information extraction [144]. However,

annotation tasks using ChatGPT remain anew and poorly explored in comparison to

other NLP applications.
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Cheng et al. [145] investigate the capability of LLM, such as ChatGPT, for SRL task

using prompts without fine-tuning (few-shot learning), in addition to comparing the ef-

ficiency of ChatGPT with supervised methods. The SRL challenge has been presented

as a natural language question-answering problem, ChatGPT attains comparable out-

comes on CoNLL -2005 and CoNLL -2012.

Sun et al. [146] highlight ChatGPT’s potential by examining a variety of NLP tasks,

including SRL. In order to evaluate how effectively ChatGPT can adapt to this task

without any training, they present techniques like ”self-verification” to enhance SRL

outputs. It also shows how techniques like paraphrasing and multi-prompt reasoning

enhance ChatGPT’s functionality.

These studies demonstrate that while ChatGPT provides promising results for SRL, it

depends significantly on prompt design and task formulation to address its limitations

in understanding nuanced semantics. Boutouta et al. [147] investigates implicit emo-

tion recognition by leveraging large language models to infer emotions from contextual

and semantic cues rather than explicit affective expressions. The results demonstrate

that LLMs effectively capture complex contextual signals, outperforming traditional

emotion detection approaches.

6.2 Semantic role labeling for Arabic

The earliest attempt to develop an SRL system for Arabic was introduced by Diab et al.

[148]. Their approach adapted successful methodologies from English SRL, employing

a supervised learning framework based on (SVM). The system was designed to perform

both argument boundary identification and role classification tasks.

The proposed method of Diab et al. [149] was trained and evaluated using the dataset

provided by SemEval 2007 Task 18 on Arabic Semantic Labeling. This dataset is

built upon Arabic PropBank and Treebank resources and includes annotations for 95

verbs extracted from the Treebank. In this initial work, the system achieved promising

performance, reporting an argument detection accuracy of 94.06% and an argument

classification accuracy of 81.43%.
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Following this, Diab et al. [150] leveraged the rich morphological characteristics of the

Arabic language. Their system employed SVMs in combination with kernel-based meth-

ods, and was developed using the Arabic PropBank corpus. This enhanced methodology

led to a significant performance improvement, achieving an argument classification ac-

curacy of 82.17%.

In 2016, Lakhfif et al. [39] [151] [152], [153], [154] proposed a computational approach

to Arabic text analysis and machine translation based on frame semantics. Their work

involved building a semantic parser capable of extracting deep semantic structures at

lexical, morphological, syntactic, and semantic levels to translate Arabic into Algerian

Sign Language. To support this, they constructed an Arabic FrameNet by developing

a rule-based method that leverages mappings between Arabic WordNet and FrameNet.

As a result, they automatically generated over 8,000 Arabic lexical units and more than

600 semantic frames.

Meguehout et al. [155] proposed a SRL technique based on Case-Based Reasoning

(CBR). Their method relies on Arabic PropBank as a source for semantic label and

was evaluated on a corpus comprising 2,332 attributes and 5,291 arguments. The re-

sults highlighted the model’s effectiveness in assigning semantic roles by identifying

similarities with previously annotated instances, and they emphasized the importance

of specific features in enhancing annotation quality.

Senator et al. [46] presented a corpus of Arabic emotional text annotated with cue, ex-

periencer, cause and target. The proposed corpus of 3000 Arabic tweets was annotated

using semi-automatic tool initially developed by Lakhfif et al. [151].
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Table 6.4: Summary of SRL Studies on Arabic Language

Ref Problematic Objective Dataset
Used

Learning
Algorithm

Key Findings Challenges

[148] Lack of re-
sources for
Arabic SRL

Build a basic
SRL system for
MSA

Annotated
MSA corpus

Rule-based
+ supervised
classifiers

First SRL proto-
type for Arabic

Limited anno-
tated data

[149] Evaluation of
Arabic SRL
systems

Provide bench-
mark for Arabic
SRL

SemEval-
2007 Task

SVM Created first
shared task for
Arabic SRL

Sparse features
and ambiguity in
Arabic

[150] Improve SRL for
Arabic with ML

Apply kernel
methods to
Arabic SRL

SemEval-
2007

Kernel-based
SVMs

Syntactic fea-
tures improve
SRL perfor-
mance

Lack of robust
Arabic parsers

[151] SRL for MT to
sign language

Introduce Ara-
bic FrameNet

Arabic text
corpus

Rule-based Frame seman-
tics effective
for translating
Arabic into Sign
Language

Arabic morphol-
ogy

[155] Enhance Arabic
SRL using CBR

Case-based role
labeling system

Arabic
PropBank-
style data

Case-Based
Reasoning

CBR adaptable
to new examples

Retrieval of rele-
vant past cases

[46] Lack of
Emotion-SRL
resources

Extend SRL to
emotion-labeled
tweets

Manually la-
beled Arabic
tweets

– Promising
results in emo-
tional SRL

Noise and infor-
mal language in
tweets

6.3 Emotion Role Labeling

Laura Bostan in [1] addresses the challenge of the lack of detailed datasets linking emo-

tions to their semantic roles in news headlines. To this end, the GoodNewsEveryone

(GNE) was created, a novel dataset which provides fine-grained annotations of emo-

tional arguments. The corpus consists of 5000 English news headlines annotated with

emotion categories (joy, sadness, anger..), semantic roles (experiencer, target, cue..)

, and reader perception. Crowd workers were used to annotate the dataset follow-

ing high-quality guidelines. They formulate the task as sequence labeling of each role

with a bidirectional long short-term memory networks with a Conditional Random

Field (CRF) layer (BiLSTM-CRF) that uses ELMo embeddings as input to represent

each word in context, and an Inside–Outside–Beginning (IOB) format as output. The

dataset focuses on individual news headlines, which are often short and accurate, this

makes it more difficult to understand the semantic roles and identify emotions since

the subtleties may depend on details not found in the headline.

The main issue in SRL4E [42] is that the existing datasets and methods are fragmented,
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with diverse annotation schemes, domains, and languages, making it difficult to com-

pare and generalize models across different contexts. The authors seek to address these

gaps by providing a unified evaluation framework (SRL4E) that harmonizes 6 datasets,

Creating a basic neural baseline, made up of a stack of BiLSTM layers and a word

representation module based on BERT. They find 56.5 F1-score.

The problematic addressed by Oberlander et al. in [156] revolves on comprehending

how semantic roles might enhance NLP’s emotion detection tasks. They investigate the

relationship between ML models’ capacity to deduce emotions from text and seman-

tic roles. In order to correctly identify emotions, the authors examine which semantic

roles (Experiencers, Stimuli, and Targets) are most important. The five datasets used

include both emotion annotations and SRL information. They train BiLSTM with and

without explicit semantic role, the results show that experiencer is the most critical

role for emotion detection, followed by stimulus, while target is less significant.

By introducing semantic roles related to emotions in literary works, Kim et al. [104]

tackles the problem of recognizing emotions in texts. The issue is that traditional emo-

tion analysis frequently ignores the crucial semantic roles that provide deeper context.

To fill this gap, the authors introduce Relational Emotion Annotation for Fiction (RE-

MAN) by assembling a collection of fictional text and annotate the sentences manually

with emotion category and semantic roles. They identified four roles: emotion (such as

joy, sadness, or rage), cause, experiencer, and target. Inter-annotator agreement was

measured to ensure the reliability of the annotations. The authors automated the ex-

traction of these roles using Conditional Random Fields (CRFs) and BiLSTM-CRF as

a baseline. The findings demonstrated that although the baseline models can identify

some roles with an acceptable accuracy, there are still major obstacles to overcome, like

handling complex sentence structures and implicit emotional cues.

In their study, Laura Oberländer and Roman Klinger [157] investigate the effectiveness

of two approaches—token sequence labeling and clause classification—in detecting emo-

tion stimuli in English texts. Although token sequence labeling and clause classification

have been widely used in Mandarin and English, respectively, there hasn’t been a direct
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comparison of these approaches in English. The researchers developed an integrated

framework to evaluate both approaches on four English datasets from diverse domains.

Their findings indicate that token sequence labeling outperforms clause classification

in three out of four datasets. They suggests that token sequence labeling is generally

more effective for emotion stimulus detection in English.

Dang et al. [105] focus on emotion stimulus detection in German news headlines,

introducing the GERSTI corpus with 2006 annotated headlines. It explores emotion

categories, experiencers, and stimuli at the token level. A heuristic method is used to

project annotations from English to German. The study evaluates CRF and XLM-

RoBERTa, finding that in-corpus training outperforms cross-lingual models. XLM-

RoBERTa achieved the best results.

In [43] the authors analyze tweets to detect emotions, experiencers, and stimuli,

they use tweets from the 2012 US presidential elections as a dataset. Several classifiers

used in this study, including: SVM, CRF, NB, BiLSTM ... ect. SVM classifier achieves

58.30% F-score in emotion classification. Identifying emotion stimuli is challenging due

to informal language and limited context in tweets.

6.3.1 Emotion-cause extraction

Emotion Cause Extraction (ECE), the process of identifying the potential causes be-

hind certain emotions in text, has attracted a lot of attention in recent years due to its

wide applications.

While traditional emotion detection focuses on recognizing the type of emotion (e.g.,

happiness, anger, sadness), ECE goes a step further by determining what event, entity,

or situation caused the emotion. Emotion stimulus detection received substantial at-

tention in several languages. In Mandarin Lee et al. [107] constructed the first corpus

for emotion cause detection, by extracting 6,058 entries of sentences, and created lin-

guistic rules to extract emotion stimuli. Another study by Li and Xu [158] which built

a dataset based on the Weibo website, identifying seven types of emotions, containing

16,485 posts and 1,305 posts with causes. Gui et al. [106] collected data from the same

source. While, Cheng et al. [109] constructed a dataset for Emotion Cause Extraction
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Table 6.5: Comparative Summary of Emotion Semantic Role Labeling Studies

Ref Problematic Main Focus Dataset
Used

Learning
Algorithms

Key Findings Limitations

[1] Lack of emotion
corpora that in-
clude both SRL
and perception
layers

Introduce a
novel corpus
supporting emo-
tion analysis
and SRL

GNE BiL-
STM-CRF

News headlines
convey complex
emotion seman-
tics; F1-score:
0.27

Ambiguity in
emotion percep-
tion, complexity
in identifying
semantic roles

[42] Heterogeneous
annotation for-
mats across
datasets

Create a uni-
fied evaluation
framework for
SRL and emo-
tion analysis

GNE, RE-
MAN , Blogs,
Elections,
NTCIR,
EmoTweet

BERT-based,
BiLSTM

Harmonized
evaluation
improves re-
producibility;
F1 (emo.class):
0.64; F1 (SRL):
0.6

Standardiz-
ing evaluation
across diverse
datasets remains
complex

[104] Comparison
between token-
based and
clause-based
stimulus detec-
tion

Compares
token-level se-
quence labeling
and clause clas-
sification for
emotion stimu-
lus detection

Emotion-
Stimu-
lus, Elec-
toralTweets,
GNE, Emo-
tion Cause

CRF, BiL-
STM

Token-based
models outper-
form clause-
based in preci-
sion

Ambiguity in
stimulus spans
and difficulty
in modeling
long-distance
dependencies

[105] Need for SRL
schema in low-
resource settings
(German)

Detect emo-
tion stimuli in
German head-
lines; evaluate
in-corpus vs.
cross-lingual
learning

GERSTI cor-
pus

CRF, XLM-
RoBERTa

In-corpus train-
ing outperforms
cross-lingual
models

Ambiguity in
emotional trig-
gers, implicit
expressions

[156] Unclear role of
semantic roles in
aiding emotion
inference

Investigates
which roles are
most informa-
tive for emotion
classification

REMAN
, Elec-
toralTweets,
Emotion
Cause, GNE,
Emotion
Stimulus

BiLSTM Stimuli and
targets play key
roles in emotion
prediction

Identifying
clause bound-
aries and linking
token/role-level
data

[104] Need for rich
SRL annotation
in literary texts

Introduces RE-
MAN corpus to
identify triggers
and semantic
roles in fiction

REMAN CRF, BiL-
STM-CRF

REMAN sup-
ports SRL
modeling for
emotion-rich
literary texts

Genre-specific
language may
limit generaliz-
ability

[43] Lack of Arabic
emotion SRL re-
sources in infor-
mal settings

Apply SRL for
analyzing emo-
tions in Arabic
tweets

Elec-
toralTweets

SVM SRL improves
emotion detec-
tion; stimuli
often implicit;
dataset is a valu-
able resource

Informal lan-
guage, code-
switching, lack
of Arabic SRL
tools
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(ECE) by using the Chinese microblogs.

Only few research have been introduced for English, Ghazi et al. [103] focus on iden-

tifying the causes behind expressed emotions in text, they develop baseline systems

which work with intuitive features. other studies was presented, we cite Neviarouskaya

and Aono [110], Mohammad et al. [43], Kim and Klinger [104], Bostan et al. [1].

Russo et al. [111] worked on a corpus for Italian news texts, whereas Yada et al. [112]

annotated Japanese phrases from news stories and question-and-answer websites.

Table 6.6: A Comparative Overview of Existing Studies on Emotion Cause Extraction
(ECE)

Ref Year Language Source Scale
[107] 2010 Chinese Sinica 6058
[111] 2011 Italian Newspaper 6000
[106] 2014 Chinese Weibo 1300
[158] 2014 Chinese Weibo 16500
[159] 2015 Chinese Sina 16300
[103] 2015 English social networks 820
[160] 2016 Chinese Sina news 2000
[161] 2017 English & Chinese English novel & Sina news 5000
[112] 2017 Japenese Newspaper, web news 300.000
[104] 2018 English Fictional texts 1720
[1] 2019 English News headlines 5000
[162] 2020 Chinese Sina news 2085

6.4 ChatGPT in Cross-lingual projection

Cross-lingual projection consists of transferring information from a source language to

a target language. Cross-lingual projection has garnered considerable attention from

multilingual communities, due to its importance in NLP, particularly for creating new

datasets for low-resourced languages. In this section, we introduce the most contribut-

ing articles in the field of cross-lingual projection.

Pado et al. [163] introduced a framework designed to induce high-precision semantic

role annotation in German through the projection of English FrameNet annotations.
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Moreover, Khondaker et al. [164] investigated ChatGPT’s performance on 44 distinct

Arabic NLP tasks over 60 different datasets under various shot settings. The authors

suggest that ChatGPT performs well in English, but gives poor results in smaller Ara-

bic models but struggles with Arabic dialects. Additionally, ChatGPT’s comparison

with BLOOMZ in summarizing and news title generation underscores the need for rig-

orous evaluations across various languages. However, concerns arise from the exclusion

of massive language models like PaLM (540B) for efficiency and poor performance on

open-domain dialectal dialogue tasks.

In the same context, Lai et al. [165] evaluated ChatGPT’s performance across vari-

ous languages for NLP tasks. They observed reduced performance for languages other

than English and highlighted the necessity for task-specific models to improve multi-

lingual learning. Regarding cross-lingual summarization (CLS) task, Wang et al. [166]

evaluated the zero-shot performance of ChatGPT models on three widely-used CLS

datasets, highlighting GPT-4’s leading performance in this domain. Meanwhile, Zhang

et al. [167] explored the multilingual abilities of LLMs, employing prompt transla-

tion and response back-translation methods to assess response accuracy across different

languages, revealing the nuanced challenges of subordinate multilingualism faced by

models like GPT.

6.5 Conclusion

This literature review chapter serves as a foundation for understanding the current

landscape of SRL in the context of emotion classification. By systematically reviewing

and categorizing existing approaches (from traditional learning algorithms to mod-

ern transformer-based and LLM-powered models), we provide a basis for appreciating

current trends and identifying research gaps. The final synthesis underscores the grow-

ing importance of integrating SRL with emotion analysis, especially in subtasks like

Emotion Cause Extraction, which are crucial for developing more interpretable and

context-aware emotion analysis systems.
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CHAPTER 7

ARABIC EMOTION ROLE LABELING CORPUS

7.1 Introduction

Modern full-scale Natural Language Processing (NLP) applications rely on large sets

of annotated data. However, such essential resources are available primarily for highly

studied languages such as English. In contrast, for Arabic—considered a low-resourced

language—there is still a significant need for relevant datasets and tools. Only a few

studies in the literature have attempted to integrate SRL with emotion analysis. There-

fore, exploring different techniques and approaches to overcome this limitation remains

an important research question.

To the best of our knowledge, no existing study has developed resources or models

for identifying emotion role labeling in Arabic. We aim to address this gap by adopting

the FrameNet approach to enrich emotional text with semantic roles. Our choice is

motivated by the widespread use of FrameNet in NLP. In this contribution, we present

in detail the construction and annotation of an Arabic emotional text corpus, with par-

ticular emphasis on the relationship between semantic roles and emotional arguments.

Figure 7.1 illustrates an example of an annotated tweet, highlighting the cue (in grey),

the experiencer (in purple), and the cause (in red).
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Figure 7.1: Example of an annotated tweet with emotion arguments.

Despite the progress made in computational resources for Arabic, emotion analysis

of Arabic text still lacks annotated corpora, especially those offering a fine-grained de-

scription that captures the full structure of an emotion.

Our main contribution is a multi-level annotation procedure. In the first stage,

we annotate semantic roles based on the FrameNet framework, using a FrameNet-like

annotation tool for the Arabic language [39], [152], [151]. In the second stage, once the

cue words are detected, we annotate sentence polarity and define emotion categories.

Finally, we annotate the structure of the emotion expression with relevant arguments

such as stimulus, experiencer, cause, topic, degree, and so on. These arguments are

largely described through semantic frames.

Our contributions in terms of annotation can be summarized as follows:

• Annotation of words denoting emotion categories.

• Annotation of expressions denoting semantic roles using FrameNet frame ele-

ments.
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• Annotation of the relationship between expressions denoting semantic roles and

the words denoting the emotion (cues), with labels such as stimulus, experiencer,

cause, etc.

• Inter-annotator validation to assess the quality of the annotation results.

7.2 Research methodology

The main goal of this study is to provide a corpus annotated with semantic role labels

and emotion-related arguments to improve Arabic NLP tasks. As a first step, we focus

on short texts from Twitter posts. Tweets are generally less formal (often colloquial),

contain grammatical errors and typos, and require cleaning before use as raw data.

7.2.1 Corpus creation and annotation process

7.2.1.1 Data collection

The data collection phase consists of selecting representative expressions from Twitter

that meet a set of predefined criteria and cover diverse Arabic language phenomena.

Our methodology for constructing the dataset of tweets is described as follows: First,

we focus on four emotion classes selected from Ekman’s list (joy, sadness, anger, and

fear), in addition to a neutral class that contains tweets not belonging to any of the

aforementioned categories. For each emotion class, we select a set of terms associated

with different intensities of that emotion. For example, the joy class ( ،جاهتبا،ةداعس،حرف

ةطبغ،ةجهب،حرم،رورس ) includes multiple related terms.

Similarly, for the fear class ( عايترا،لهو،عزف،سجو،ةيشخ،عله،لجو،بعر،رعذ،فوخ ), we

select a range of representative terms. The identification of the query words for each

emotion is carried out using the Oxford English–Arabic Dictionary.

The Arabic tweets were collected using the Twitter Search API during September and

October 2021, based on the hashtags of the selected query words. To obtain newly

posted tweets, we queried the Twitter Search API every six hours. We then applied

standard preprocessing techniques, including removing hashtags, user mentions (@user),
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numbers, special characters and punctuation, stickers and emoticons, and eliminating

hypertext links (URLs) using regular expressions and text-cleaning functions.

7.2.1.2 Annotation tool

Figure 7.2 shows a screenshot of the annotation tool, which was developed using the

Java programming language to address specific challenges posed by the Arabic language

[39], [152]. We use a multi-level annotation tool [151] to generate different linguistic

levels of information, ranging from fine-grained POS tags and syntactic relations to

semantic roles (SR). In addition to POS tags, words are annotated with their semantic

class using SUMO, their English equivalent, and WordNet SYNSET. Following the

FrameNet annotation methodology, we annotate arguments with the corresponding SR

(frame elements), grammatical function, and functional phrase type.

Figure 7.2: A screenshot of the annotation tool.

7.2.1.3 Emotions category

The annotation phase lasted several days using the annotation tool. The annotation

team consisted of four annotators (three PhD students) and one expert native Arabic

speaker. They independently annotated tweets with the fundamental emotion classes

(joy, sadness, anger, fear, and neutral) by selecting the target word (cue) and the

corresponding emotion class, in addition to the associated polarity of the emotion.

Each tweet was assigned one of the five emotion labels. If a tweet could fall under more
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than one category, the annotators chose the most appropriate one. For example:

In the example above, there are two words that indicate emotions: ” تيكب bakaytu –

cried-I” and ” حرفلا Alfaraho – Joy,” which convey opposite senses, while the sentence as

a whole belongs to the joy category. The collected data comprised 45,000 tweets, but

the annotators selected only 3,010 emotional Arabic tweets that are meaningful and

correctly spelled.

7.2.1.4 Semantic role labeling

The annotation procedure of the corpus is based on semi-automatic annotation of tweet

sentences, considering several layers of description. In addition to emotion categories,

our annotation tool provides multiple layers of linguistic information.

We select relevant text spans from each tweet that can be used in the annotation process.

After selecting the corresponding entities proposed by the tool, we annotate semantic

roles such as experiencer, cause, stimulus, and target to describe the relationships

between entities representing semantic arguments and the emotion word (cue).

7.2.2 Validation and results

7.2.2.1 Validation of the Dataset

The annotation tool records three distinct annotations. For emotion annotation, if

all three annotators indicate the same category for a sentence, the tool accepts and

validates it. If two annotations are identical while the third differs, the tool validates

the majority category. Otherwise, the decision is deferred to the expert. For SRL

annotation, the system proposes a set of possible solutions from which the annotator

selects the most probable one. In cases where two out of three annotators agree, the
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Figure 7.3: Example of an annotated tweet from our corpus.

annotation is validated; otherwise, the tweet is referred to the expert, as illustrated in

Figure 7.3.

7.2.2.2 Corpus statistics

At the end of the annotation process, our dataset comprised 3,000 sentences, semi-

automatically annotated. Table 7.1 presents general corpus statistics, including the

distribution of emotion categories and the total number of annotations for each seman-

tic role with respect to the dominant emotion.

Our results show that the highest number of annotations corresponds to the Joy class

(32%), followed by Sadness, Anger, Neutral, and Fear. We also observe that the target

word (cue) dominates the dataset. This is due to the use of query words (cues) as

hashtags when querying the Twitter Search API, ensuring that at least one cue appears

in each tweet.

In contrast to the results of GoodNewsEveryone [1], where the role of the target was
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among the most frequently annotated, our analysis shows that it had the fewest anno-

tations (13%).

Table 7.1: Corpus Statistics for Tweets Frequency and Role Annotations in Each Emo-
tion Category

Emotion Category Arabic Tweets Frequency Roles
Experiencer Cue Cause Target

Joy 952 894 1062 798 403
Sadness 801 750 791 600 322
Anger 542 483 542 371 180
Fear 253 213 253 106 85
Neutral 462 420 524 284 276
All 3010 2760 3172 2159 1266

7.2.2.3 Data storage format

The data generated by our tool are stored in an XML file, organized into layers of

description (Figure 7.4). Each layer contains annotated information corresponding to

a specific level of annotation. The XML file produced by our tool can be utilized in

various NLP tasks.

Figure 7.4: A screenshot of the annotation output
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7.3 Conclusion

In this work, we presented the process of building an Arabic corpus annotated with

semantic role labels and emotion categories to advance Arabic NLP tasks. We devel-

oped a tool to annotate a corpus of 3,000 Arabic tweets with emotions and semantic

arguments, based on the theory of frame semantics. The corpus we provide facilitates

future research on the recognition of emotions and their associated entities in text.

Figure 7.5: Scope of the first contribution (Arabic ERL corpus) within the SRL taxon-
omy

The diagram 7.5 represents the scope of the first contribution of our work within
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the broader context of Semantic Role Labeling, as outlined in the complete taxonomy

shown in Figure 3.5.

While the full SRL taxonomy (Figure 3.5) includes multiple components (methods,

learning strategies, and evaluation), the colored nodes in diagram 7.5 highlight the

components addressed in the creation of the Arabic ERL corpus, focusing specifically

on the ”Dataset used” branch. More precisely, it details the annotation methodologies

employed to construct our ERL dataset, which combines manual and semi-automatic

annotation approaches. The underlying resource used for defining semantic roles was

FrameNet.

The following chapter extends this corpus by applying several models.
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SRL AND EMOTION DETECTION USING

TRANSFORMER BASED MODELS

8.1 Introduction

Several datasets for emotion classification have been provided across various domains

and applications, including Reddit comments (Goemotion [90]), Self-reported narratives

(International Survey on Emotion Antecedents and Reactions (ISEAR) [77]), tweets

(Affect in Tweets [114]), YouTube video reactions (EmoReact [168]), and news (EmoNet

[169], Affective text [170]).

When it comes to integrate emotions and SRL, the task revolves around the emotional

cue (word or expression), rather on an action [42].

A representation of the relationship between emotion category and roles is shown in

Figure 8.1.

The main research question is: How does the inclusion of semantic role information

impact the accuracy and interpretability of emotion classification?. We aim to investi-

gate the influence of semantic roles on emotion recognition in Arabic text. In first stage,

we use an augmented version of our dataset [46] to improve the efficiency of DL based

emotion detection models. This expansion facilitates the use of more advanced neural

architectures, allowing the models to identify more intricate patterns and attain en-
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Figure 8.1: A sentence from our dataset represent a visual representation of the rela-
tionship between CUE, emotion category and roles.

hanced accuracy and generalization. in second stage, We systematically concealed each

semantic role to evaluate the individual contribution of each emotional argument on

the overall emotion detection efficacy. In the last stage, we applied the fine-tuned Ara-

bic Bidirectional Encoder Representations from Transformers (AraBERT) pre-trained

BERT-based model for our task, which has exhibited exceptional performance in di-

verse Natural Language Processing (NLP) tasks, such as text classification and named

entity recognition.

The key contributions can be summarized as follows:

• Expanding our previous corpus by collecting new data by incorporating newly

collected data,

• Masking the emotional arguments individually to study their impact on the per-

formance of emotion identification,

• fine-tuning AraBERT for special tasks.

8.2 Methodology

8.2.1 Dataset

In NLP fields, data assume an essential and indispensable role. As there are no existing

annotated Arabic corpora combined SRL with emotion identification, we have aug-

mented our original dataset of 3,000 sentences [46] building an extended dataset named

Arabic Emotion Role Labeling (AraERL). We manually collected an additional
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3,000 sentences from several sources, resulting in a total sample of 6,000 sentences.

The sources for these new sentences included news headlines, Koran, academic books,

Arabic novels, children’s stories, and publicly available corpora, guaranteeing extensive

coverage of numerous contexts and domains (see table 8.1).

To ensure consistency with our previous dataset, we used the same annotation tool

and followed the same annotation scheme, which relied on a team of annotators and

labeled sentences based on semantic roles (cue, target, experiencer, cause) and emotion

categories (sadness, anger, fear, joy, disgust, love, surprise, and hate). We carefully re-

viewed each sentence, ensuring coherence across the expanded dataset. This expanded

corpus provides a broader foundation for emotion detection tasks and enhances the

diversity and generalizability of the model applied to the text.

Table 8.1: Corpus Statistics for Number of Sentences in Each Source

Source Koran Twit. Fb News Acad. books Novels Stories Corpora
NB sentences 150 2300 570 700 187 1028 931 214

The table 8.1 summarizes the number of sentences annotated with semantic roles

and emotion labels in each sources represents a different domain or corpus utilized for

evaluating the contribution of semantic roles to emotion detection tasks.

8.2.2 Data preprocessing

Data cleaning process was applied to eliminate unnecessary noise, redundant characters,

and whitespace. This phase was essential for improving the quality of the data used

in classification. In Arabic texts, certain orthographic variations can introduce noise,

various normalization techniques were applied. Letters such as The letter ”Alif” with

different ”hamza” positions, were consolidated into a singular representation for text

standardization. Diacritic marks (tashkeel), frequently superfluous in analysis, were

eliminated to facilitate tokenization. Furthermore, the ”tatweel” character, employed

for word elongation, was removed.
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8.2.3 Masking roles

In the analysis of emotion classification from text, masking particular semantic roles in

sentences is a crucial method for discerning the impact of each role (target, cue, experi-

encer, or cause) on the emotional significance expressed by the sentence. This method is

methodically substituting the words or phrases associated with a specific semantic role

with a placeholder, such as ”[Target]” or ”[Experiencer],” and subsequently assessing

how the omission of this role influences the classification of the sentence’s emotions.

Figure 8.2: Dataset representation after masking roles.

This strategy aims to isolate the impact of specific roles on the emotion classification

process. By concealing, for example, the ”cue” of the emotion, the classifier can evaluate

the significance of this role in determining the overall emotional category of the text. By

systematically repeating this procedure for each semantic role, we can determine which

roles have the most significant influence on emotion recognition. If the removal of a

specific role leads to a significant decrease in classification accuracy, it indicates that the

role is crucial for transmitting emotion. If the masking has minimal impact, it suggests

that the function may not be crucial in shaping the sentence’s emotional content. This

method enhances the model by focusing on the most significant features. It offers

insights into the contribution of various phrase components to emotional interpretation,

so improving both theoretical comprehension and practical implementations in NLP

tasks, including sentiment analysis and affective computing.
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8.2.4 Dataset splitting

The primary aim of dataset splitting is to partition the given dataset into subsets that

fulfill distinct roles in the model development process, table 8.7 show the statistic of

splitting dataset. The data is generally divided into three parts; (70%) for training set,

(15%) for validation set, and (15%) for testing set.

Table 8.2: Dataset distribution over the eight emotions

Emotions Training set Validation set Testing set
Joy 990 223 219
Sadness 1032 219 259
Disgust 201 25 30
Hate 99 47 27
Fear 561 139 131
Anger 308 47 69
Surprise 220 47 54
Love 770 150 124
Overall 4197 897 897

8.2.5 AraBERT Pre-trained language model

In order to enhance comprehension of word meanings, the intricate syntactic and se-

mantic information, a pre-trained language models for word representation was used.

AraBERT is a pre-trained language model that supports Modern Standard Arabic

(MSA) and several dialects, proposed by Antoun et al. (2020) [171]. The Bidirectional

Encoder Representations from Transformers (BERT) architecture serves as the foun-

dation for this multi-layer bidirectional transformer. AraBERT was fine-tuned with a

substantial corpus of Arabic text (77 GB) derived from various sources. The model seeks

to tackle the complexities associated with the Arabic language, including its complex

morphology and diacritics. It is applicable for several NLP tasks, including sentiment

analysis, text categorization, question answering, and named entity recognition.

We utilized the BERT-base-arabertv02 model, which has been pre-trained to achieve

optimal performance in the emotion classification task on Arabic text. We chose this

model due to its pre-training on an extensive and varied Arabic corpus, as well as its
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integration of language-specific tokenization methods.

8.2.6 Hyperparameter for AraBERT

The role of hyperparameters is to control how the model is trained. For learning rate,

we set it to 2e-5. while, the batch size is set to 16. The per-device-eval-batch-size is

set to 8, controlling how many samples are evaluated at a time. Finally, We train the

model for 7 epochs, which means that the entire dataset is passed through the model

seven times.

8.3 Results

8.3.1 Masking cue

Table 8.3 shows the results of masking the cue role, which indicates the explicit emotion

words or phrases in a sentence.

Table 8.3: Experimental results of masking the cue role.

Emotions Precision Recall F1-score
Joy 0.52 0.71 0.60
Sadness 0.20 0.23 0.11
Disgust 0.45 0.59 0.51
Hate 1.00 0.11 0.19
Fear 0.44 0.53 0.48
Anger 0.48 0.42 0.45
Surprise 0.14 0.29 0.20
Love 1.00 0.20 0.33
weighted avg 0.48 0.47 0.44

The highest F1-score (0.60) was provide by Joy category, followed by disgust and

fear with 0.51 and 0.48 respectively. While sadness and surprise were poorly predicted,

which suggests a complete failure to classify these emotions.

The elimination of this role substantially affected the model’s performance reducing

its weighted avg rate to 0.44, as the cue frequently functions as an indicator of the

expressed emotion.
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8.3.2 Masking experiencer

The table 8.4 summarizes the detailed performance across eight emotion classes, high-

lighting categories where the model performed well, as well as those where it encountered

challenges.

Table 8.4: Experimental results of masking the experiencer role.

Emotions Precision Recall F1-score
Joy 0.86 0.88 0.87
Sadness 0.14 0.23 0.40
Disgust 0.77 0.86 0.81
Hate 0.61 0.74 0.67
Fear 0.87 0.90 0.89
Anger 0.81 0.94 0.87
Surprise 0.33 0.07 0.11
Love 1.00 0.20 0.33
weighted avg 0.76 0.79 0.76

The results showed that the best performance was in fear followed by anger and joy

category with 0.89, 0.87 and 0.87 F1-score respectively.

The weighted average across all categories for precision, recall, and F1-score is around

0.76. These results demonstrate that while the model performs well for certain emotions,

it faces difficulty in predicting others such as sadness and surprise.

8.3.3 Masking cause

The table 8.5 presents the results of emotion classification when the cause role is masked,

showing different metrics for each emotion class.
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Table 8.5: Experimental results of masking the cause role.

Emotions Precision Recall F1-score
Joy 0.91 0.88 0.90
Sadness 0.33 0.17 0.22
Disgust 0.80 0.89 0.84
Hate 0.79 0.79 0.79
Fear 0.81 0.90 0.85
Anger 0.85 0.94 0.89
Surprise 0.10 0.41 0.27
Love 1.00 0.80 0.89
weighted avg 0.77 0.82 0.79

Joy achieves strong performance across all metrics, with an F1-score of 0.90, sug-

gesting that masking the cause role has little impact on this emotion’s classification.

while sadness shows poor results with an F1-score of 0.22.

The weighted averages for precision, recall, and F1-score are 0.77, 0.82, and 0.79, re-

spectively. This means that the masking of the cause role’s influence on the emotion

classification is weak.

8.3.4 Masking target

The table 8.6 presents the experimental results of emotion classification when the target

role is masked.

Table 8.6: Experimental results of masking the target role.

Emotions Precision Recall F1-score
Joy 0.88 0.88 0.88
Sadness 0.17 0.17 0.17
Disgust 0.75 0.87 0.81
Hate 0.78 0.74 0.76
Fear 0.87 0.88 0.88
Anger 0.85 0.94 0.89
Surprise 0.33 0.07 0.11
Love 1.00 0.20 0.33
weighted avg 0.78 0.80 0.78

Anger, joy, and fear achieves highest performance, with an F1-score of 0.89, 0.88,

and 0.88 respectively, showing small impact from the masking of the target role. The
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weighted average precision, recall, and F1-score of 0.78, 0.80, and 0.78, respectively.

This suggests that masking the target role has a modest impact on different emotions.

8.3.5 Emotion Classification with all semantic roles

Table 8.7 illustrate the result of fine-tuning AraBERT model for emotion classification

on the entire dataset, without masking any emotional arguments.

Table 8.7: Emotion classification result on the AraBERT model

Emotions Precision Recall F1-score
Joy 0.86 0.92 0.89
Sadness 0.78 0.90 0.84
Disgust 1.00 0.92 0.96
Hate 0.50 0.57 0.53
Fear 0.97 0.82 0.89
Anger 0.83 0.77 0.80
Surprise 0.43 0.23 0.30
Love 0.93 0.93 0.93
Weighted avg 0.84 0.85 0.84

The evaluation metrics include Precision, Recall, and F1-score for different emotion

categories. These metrics provide a comprehensive view of the model’s performance

in distinguishing between diverse emotions (Joy, Sadness, Disgust, Hate, Fear, Anger,

Surprise, and Love). the model achieve high performance for both Disgust and Love

(0.96, 0.93 respectively). Fear and Joy are also well-classified with 0.89. The worst

performance is observed for Hate and Surprise, indicating difficulty in distinguishing

these emotions.

8.4 Discussion

The set of experiments on masking semantic roles in emotion categorization underscores

the substantial impact of each role in identifying emotions in Arabic texts is shown in

table 8.8, w/o ”Role” represent the test set results rate without emotional arguments,

and w/ All roles represents the test set accuracy rate containing all emotional argu-

ments.
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We notice that certain roles exhibit a more significant impact than others. The model

demonstrated substantial performance declines across all categories when masked cue

role (which indicates the existence of emotion in a sentence), particularly in those that

depend significantly on explicit cues to indicate emotional content. The masking of this

role resulted in significant reductions in accuracy reach 0.47 , indicating that cues are

crucial in anchoring emotion prediction.

The masking of the experiencer and target had varied effects on the classification per-

formance (0.79 and 0.80 reaspectively) , with emotions such as fear and anger demon-

strating more robustness, while emotions like love and sadness shown diminished per-

formance. This indicates that certain emotions are closely linked to the presence of an

experiencer, whereas others can be deduced from the context without direct informa-

tion about the experiencer. Finally we find that the most modest impact is shown in

masking cause (0.80).

Table 8.8: Overall experimental results.

Roles Precision Recall F1-score Accuracy
w/o Cue 0.48 0.47 0.44 0.47
w/o Experiencer 0.76 0.79 0.76 0.79
w/o Cause 0.77 0.82 0.79 0.82
w/o Target 0.78 0.80 0.78 0.80
w/ All roles 0.84 0.85 0.84 0.85
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Figure 8.3: confusion matrix of emotion classification across different categories.

8.5 Comparison of Our Dataset with Existing Datasets

The development of our dataset was motivated by the limitations observed in existing

SRL and emotion classification datasets, particularly for Arabic texts. While sev-

eral benchmark datasets have contributed significantly to advancing SRL and emotion-

related tasks, they are either language-specific (mostly English), lack emotion annota-

tions, or do not provide fine-grained semantic roles linked to emotions.

Our dataset addresses this gap by offering a manually annotated corpus of

Arabic sentences, in which each sentence is labeled with emotion-specific roles such

as experiencer, cause, target, and cue. Furthermore, each instance is associated with

one of the basic emotion categories, inspired by Ekman’s models.
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Table 8.9: Comparison of Datasets with Emotion Role Annotations

Dataset Size Source Language Emotions Cue Exp. Cause Target
GNE [1] 5000 News headline English 8 X X X X
REMAN [104] 1720 Fictional text English 9 X X X X
GERSTI [105] 2006 News headline German 10 X X X
NTCIR(EN) [172] 1826 Novels English 6 X X
NTCIR(ZH) [172] 2022 News Chinese 6 X X
Elections [43] 1385 Tweets English 8 X X X X
AraERL [46] 6000 Tweets, news headlines,

Koran, academic books,
Arabic novels, children’s
stories, corpora

Arabic 6 X X X X

8.6 Conclusion

This contribution highlight the intricate relationships between semantic roles and emo-

tion detection efficiency. The study, examine the influence of masking semantic roles

on the performance of emotion detection and classification, using AraBERT model. To

this end, we performed our BERT based model on an existing dataset. A selected of

6000 emotional expressions were manually annotated with semantic roles and emotion

categories. The experimental results indicated that various roles contribute differently

to the model’s ability to identify distinct emotions. Cues and experiencer roles provide

clear indications and explanations for emotions, were recognized as crucial for accurate

classification. Roles like target and cause, while significant, showed a more moderate

effect.
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Figure 8.4: Scope of the second contribution within the SRL taxonomy

The diagram 8.4 represents the scope of the second contribution of our work in

the broader context of Semantic Role Labeling, as outlined in the complete taxonomy

shown in Figure 3.5.

The highlighted (colored) components represent the elements addressed in the current

contribution. Having addressed dataset development and annotation strategies in the

first contribution, the current contribution extends the analysis to provide more de-

tailed coverage of SRL tasks, including modeling techniques and evaluation methods

and the use of LLM.

Future studies can build on these findings to enhance emotion detection and clas-

sification task and further enhance the accuracy and reliability of emotion recognition,

in Arabic language.
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CHAPTER 9

LEVERAGING CHATGPT FOR ENHANCING ARABIC

NLP: APPLICATION FOR SRL AND CROSS-LINGUAL

ANNOTATION PROJECTION

9.1 Introduction

Approaches based on cross-lingual projection techniques, could be a potential solution

for low-resource languages, to create initial annotated datasets. Cross-Lingual Anno-

tation Projection (CLAP) leverages the existing well-annotated resource in the source

language (English) to overcome the rarity of resources in other languages based on the

translational and structural equivalences present in the aligned data [50]. This tech-

nique can help reduce the effort in terms of time, and both material resources and cost

required to generate annotations or models for a new target language [45].

Recently, Large Language Models (LLM), such as GPT-3/4 [173], LaMDA [174], Google

Bard, and PaLM [175], [176], have demonstrated high performance in diverse NLP tasks.

The growing use of internet-based services such as cloud computing, social networks,

and forums have facilitated the creation and training of LLMs, due to their broad ac-

cessibility and huge amount of data used for self-learning. These models can produce

human-like language text with a high level of expertise, precision, and consistency with-
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out the need for fine-tuning [177].

We examine the use of Chat Generative Pre-trained Transformer (ChatGPT) as

a tool for performing two main sub-contributions for Arabic language processing (1)

creating an Arabic annotated resource with emotional semantic roles from an English

corpus, using cross-lingual projection approach, and (2) annotating the Arabic corpus

of emotional text with emotion categories and semantic roles. The reference English

corpus GoodNewsEveryone (GNE) [1]. Furthermore, we evaluate the potential of Chat-

GPT in translating English sentences to Arabic.

In summary, we assess the capabilities of using ChatGPT in challenging human-

centered NLP tasks, requiring understanding and competences, such as translation and

annotation, by following six steps evaluation pipeline. Finally, we evaluate the impact of

sentence complexity on the performance of ChatGPT in Semantic Role Labeling (SRL)

, cross-lingual annotation projection, and zero-shot annotation accuracy obtained by

ChatGPT compared to human annotators.

From a perspective of generalization, our study was extended to explore open-LLMs

models for automatic SRL, and CLAP. To elucidate our objectives, we investigate the

following related questions:

• To what extent ChatGPT can serve as a viable alternative to human expert

annotators in performing SRL task?

• To what extent ChatGPT can accurately map argument and SRL labels from a

source language to a target language?

• To what extent open-LLMs can perform automatic SRL, and CLAP?

Ultimately, these questions have been addressed through a series of evaluations and

assessments, based on a benchmark of manual annotations. ChatGPT have been eval-

uated through three main steps, the first step consist of two tasks, where the first

task consists of SRL of translated sentences from English to Arabic. Whereas, the

second task involves projecting semantic role labels from an English corpus (the source
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language) into Arabic (target language). Subsequently, the performance of the pro-

jected SRL labels is assessed in comparison with manual annotation. In the following

phase, a comparison was made between the translation of ChatGPT and that of human

annotators and translators. Similarly, from the perspective of generalization, we evalu-

ate the performance of open-LLMs in SRL and CLAP tasks, using Multilingual BERT

(mBERT) and Multilingual Bidirectional and Auto-Regressive Transformers (mBART),

respectively. The contributions can be summarized as follows:

• The assessment of ChatGPT’s performance in several tasks, namely, emotion cat-

egory identification, intensity prediction, and SRL with cue, experiencer, cause,

and target arguments.

• The investigation of ChatGPT’s capability in projecting semantic role labels from

English datasets to Arabic.

• The construction of two benchmark Arabic data sets, one consisting of human-

translated and annotated versions, while the other is generated using ChatGPT.

• The investigation of Open-LLMs capability, in automatic SRL and CLAP tasks.

9.2 Methodology

In this contribution we provide a comparative analysis pipeline to evaluate the effec-

tiveness of ChatGPT, a proprietary LLM (Figure 9.1), in annotating Arabic sentences.

Our objective is to assess ChatGPT’s proficiency in SRL and CL annotation projection

tasks, with the goal of leveraging its capabilities to enhance NLP tasks.

As shown in Figure 9.1.(A), the study is divided into six steps, the first step represented

in data collection and preparation, where 500 sentences were selected from the GNE

database. In the second step, a proficient specialists translated sentences from English

to Arabic. In the subsequent steps, we conducted two separate experiments. In the first

experiment, we provided ChatGPT the translated sentences along with a questionnaire

consisting of six questions in order to semantically annotate them. The questions were

presented in a single prompt to be collectively analyzed by ChatGPT. While, in the
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second experiment, ChatGPT was used to translate an English annotated dataset of

news headlines GNE, into Arabic while adhering to the SRL requirements. By using a

single prompt that interrogate ChatGPT in a manner that adhere to SRL requirements.

It is important to note that we have employed the ’gpt-3.5-turbo’ version of the Chat-

GPT model. We followed zero-shot classifications to submit the headlines to ChatGPT

over the time-frame of February 20th to March 3rd, 2024. Where, we established a sep-

arate chat session for each headline to ensure that the model’s outputs are not affected

by previous annotation histories. It is important to note also that any response gener-

ated by ChatGPT were neither adjusted nor excluded (except specific cases stated in

section 9.4.2 ), preserving their original state to better evaluate ChatGPT’s efficiency

in automatic annotation. The outputs were validated by comparing them to human

annotations. For validation, a team of annotators manually annotated the translated

phrases from the first phase to assess each pipeline, as outlined in the fifth phase. The

manual annotations were subsequently compared to those produced by ChatGPT in

SRL and CLAP phases.

Furthermore, translated sentences are also compared with the sentences translated by

ChatGPT in CL annotation projection. Finally, the last step aims to further eval-

uate the performance of ChatGPT in handling language complexities. Based on lan-

guage rules and experts, the headlines we categorized into three complexity levels: easy,

medium, and difficult, for both Arabic and English. Afterwards, a statistical analysis

is conducted for each category to assess the CL annotation projection-SRL projection

between Arabic and English.

In contrast, as shown in 9.1.(B), the study implements open-LLMs, namely mBERT,

and mBART, in order to further explore the use of different open-LLMs models in

automatic SRL, and CLAP.
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Figure 9.1: A. Illustrative workflow of the proposed methodology for evaluating Chat-
GPT in Arabic annotation; B. Application of Open-LLMs in SRL and CLAP.

9.2.1 Data collection and preparation

In our research, we utilized the GoodNewsEveryone (GNE) dataset [1] as a case study.

The dataset consists of 5,000 English headlines collected from 82 different sources. Each

headline has been annotated with intensity, emotion, cues, experiencers, causes, and

targets (see Table 9.1).

This dataset has been chosen due to its significance, as it encompasses the essential

emotional arguments and takes into account news headlines characterized by conciseness

and informative words.

From the original dataset, a subset of 500 headlines, are randomly selected along with

their English annotation from the entire dataset, as a sample to evaluate the output of

ChatGPT (Figure 9.1).
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Table 9.1: GNE Dataset description

General Information
Year 2020
Citations 60

Statistics
Sentences 5000
Words 56612
Characters 354173

Characteristics

Experiencer 3466
Cue 4814
Cause 4798
Target 4477

9.2.2 Humanized translation

The process of humanized translation mechanism by a native speaker goes beyond

a simple word-for-word exchange across languages. It is basically based on a deep

comprehension and safeguarding of the cultural nuances, context, and intent conveyed

by the original text. The difficulty of Arabic sentences stated in chapter 2

Hence, initially, a team of translators attempts to understand the content and then

produces an initial translation. Afterwards, these translations are refined and revised,

based on cultural and linguistic information and rules to accurately capture the finest

details in the sentence context. Finally, an expert reviews the translator’s output and

selects the translations that ensure accuracy and fluency. This process ensures that the

translated content maintains the essence of the original text.

9.2.3 Emotional Semantic role labeling

9.2.3.1 Dominant emotion and intensity

To start the process of annotating Arabic headlines, we initiate a chat session for each

sentence that is submitted by asking a series of leading questions. In which, the first

question is, ”Which feeling is most prominent in this sentence?”. The answer is based

on a predetermined set of Plutchik’s emotion classes: anger, fear, disgust, joy, love, irri-

tation, pessimism, negative surprise, optimism, positive surprise, guilt, pride, sadness,

shame, and trust. This set refers to the same set of emotions employed for annotating
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GNE.

The second question that follows is, ”How intense is the emotion?”. This question al-

lows for one of three possible answers: high, medium, or low. A detailed explanation

of the asked questions is illustrated in Table 9.2.

9.2.3.2 ChatGPT semantic role labeling pipeline

The main task in the third step (Figure 9.1) is the Arabic annotation of sentences

using ChatGPT, while preserving the SRL. This task is achieved by following a series

of structured steps, guided by a set of questions to ensure that the chat process will

not diverge into another context. The overall process is summarized in algorithm below.

Require: Dataset of input sentences

Define a list of questions (see Table 9.2)

for each sentence in dataset do

Initialize new chat session

responses ← {}

for each question in questions do

Send question with sentence to ChatGPT

Receive response

if response is valid then

Store response in responses

else

Adjust the query to obtain a correct answer.

end if

end for

Save responses as JSON

end for
In order to facilitate the annotation of Arabic headlines with ChatGPT, we be-

gin by initializing a chat session for each input sentence. Subsequently, we display

the questions sequentially within the same chat session. Continuously, we iterate the
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question-answering procedure for each sentence in our data. Table 9.2 includes the

various questions we posed to ChatGPT.

Table 9.2: Questionnaires for the emotion analysis and SRL.

Questions Parameter
Which emotion predominates in this sentence? (in one word) Emotion categorie

How intensely is the emotion? (high, medium, low) Intensity (Low, Med, High)
Which words identify the emotion? (in one word) Cue

Who is the experiencer of the emotion? Experiencer
Select the words that caused the expressed emotion. Cause

Who or what is the emotion directed at? Target

A number of tests were carried out before the method of querying ChatGPT was

finally fixed as follows:

• Test 1 : We provide only the sentence and questions, without any further com-

ponents. As illustrated in Figure 9.2, we note that the sentence is in Arabic, while

the response is in English.

• Test 2: Prior to the questions, we include a remark to specify that ChatGPT

must provide the answers in Arabic. In cases when there is no response, this leads

to the generation of random roles that are not even mentioned in the sentence,

as illustrated in Figure 9.3.

Figure 9.2: Test 1: the sentence in Ara-
bic but the response in English Figure 9.3: Test 2: generation of ran-

dom response.
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Ultimately, we instructed ChatGPT to respond as follow: ”The answers must be

in Arabic and taken from the sentence. If there is no answer, do not formulate it”.

Following every ChatGPT generated output, we extract the annotation and save it in

a JSON file. Figure 9.4 displays an instance of SRL performed by ChatGPT.

Figure 9.4: Example of an SRL generated by ChatGPT.

9.2.4 Cross-lingual Annotation Projection

9.2.4.1 Translation mechanism of ChatGPT

ChatGPT’s translation aims to preserve the semantic meaning of the text, taking into

consideration the input sequence. The translation process is shown in Figure 9.5. First,

the English sentence is tokenized into words, and then embeddings are used to translate

each token into a numerical representation. ChatGPT makes use of self-attention pro-

cesses to understand the relationships between several input linguistic elements. Then,

it generates the Arabic tokens one by one until the translated sentence is completed.

The translated sentence can be subjected to post-processing to improve the quality and

format of the sentence [178].
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Figure 9.5: The translation mechanism of ChatGPT.

9.2.4.2 ChatGPT’s cross-lingual annotation projection pipeline

Given the lack of Arabic resources, we utilize the ChatGPT’s computational cross-

lingual features to create an Arabic corpus from the GNE corpus. This objective is

accomplished by utilizing ChatGPT’s linguistic expertise to ensure precise semantic

role alignment with the semantic context of Arabic (see Figure 9.7). The result is the

creation of a new Arabic corpus that possesses identical characteristics and annotations

as the GNE corpus, all achieved in an easy, efficient, and cost-effective manner. To

achieve this milestone we adhered to the steps illustrated in Figure 9.6

Figure 9.6: ChatGPT’s cross-lingual projection flowchart

As illustrated in Figure 9.6 for each headline in our dataset, we initiated a new chat
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session with ChatGPT. Our goal was to translate English statements from the GNE

corpus into Arabic while maintaining the integrity of their semantic roles. To achieve

this, we provided ChatGPT with a specific command: ”The following sentence is with

its SRL; translate it to Arabic by preserving its semantic meaning and by respecting

the Arabic rules of SRL.”

After receiving the translated sentences, we took additional steps to ensure accuracy.

We manually aligned the semantic roles projected onto the Arabic translations with

the corresponding Arabic statements. This manual alignment is a crucial step, as it

guarantees that the semantic roles in the translated text accurately reflect the intended

meanings from the original English statements.

At the end of the process, we store the generated Arabic annotations in a JSON file.

This structured storage allows for easy access and future use of the translated and

annotated data.

Figure 9.7: Example of CL annotation projection generated by ChatGPT

9.2.5 Annotation tasks and comparison

As illustrated in Figure 9.1, three annotators independently annotate the Arabic sen-

tences consecutively, indicating the dominating emotion, intensity, cue, experiencer,

cause, and target. These annotators had a prior training. Whereas, we constructed

a series of organized questionnaires (Table 9.2), where each participant is obliged to

answer all questions in order, resulting in the creation of three separate and unrelated

annotations.
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The validation method for each headline item involves the consensus of three anno-

tators. If all three annotators agree on a single annotation, the expert approves and

validates the headline. If there is a situation where two annotations align while the third

one differs, the expert will confirm the category that the majority agrees on. However,

when the annotators can not reach a consensus, the expert decides which annotation to

be retained. Upon completion of the process, we obtain a gold-standard dataset that

has been manually annotated. This dataset is now prepared for use as a benchmark

to assess the accuracy of the SRL and CLAP findings of ChatGPT. We gathered the

outcomes provided by ChatGPT in both experiment, and we contrasted them with the

annotations conducted by human annotators.

9.2.6 Classification of sentence complexity

During this phase, we categorize the sentences based on their level of complexity, rang-

ing from easy to medium to difficult. The purpose of this approach is to evaluate

ChatGPT’s ability to comprehend the characteristics of sentences, and to see to what

extent does the compelxity of statements impact the performance of ChatGPT’s an-

notation. To this end, the classification was established based on two fundamental

principles for both languages.

9.2.6.1 English sentences complexity

For the classification of English sentences, we utilized two reading formulas: the Flesch

Kincaid method and the Gunning Fog Index formula.

Flesch Kincaid: Rudolph Flesch created the formula for measuring text read-

ability, taking into account sentence and word counts. The given score is between 0

and 100; [90–100] shows that the text is easier to read; [60–70] average difficulty; and

[0–30] indicates that the sentence is difficult to read [32]. The mathematical formula
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used is as follows:

0.39( totalwords

totalsentences
) + 11.8(totalsyllables

totalwords
)− 15.59 (9.1)

Gunning Fog Index Formula: Set up by Robert Gunning, the Gunning Fog

Index readability score focuses its calculations on complex words (three or more sylla-

bles), the grade level produced by this formula between 0 and 20 [32]. The formula is

as follows:

0.4( totalwords

totalsentences
) + 100(complexwords

totalwords
) (9.2)

We selected these two readability formulas based on distinct criteria: the first method

relies on sentence length, while the second takes into account the usage of complex

terms.

9.2.6.2 Arabic sentences complexity

Due to the intricacy of the Arabic language, and the lack of standardized norms and

metrics for measuring sentence difficulty, we enlisted the help of a human expert to

create a three-class categorization system for the set of sentences.
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Figure 9.8: Comparison between Arabic and English complexity

The Venn diagram (see Figure 9.8) depicts the connections between Arabic and En-

glish sentence complexity. The two large sets consist of Arabic and English sentences,

each comprising 502 instances. Each instance is then divided into three subsets: ”diffi-

cult, medium, and easy.” The intersection between them corresponds to the number of

sentences that exhibit equivalent complexity in both Arabic and English. Within the

set of sentences, 59 were considered very tough, 51 sentences were fairly comprehensible,

and 118 sentences were considered easy.

9.2.7 Open-LLMs in SRL and Cross-lingual annotation pro-

jection

At this level, we expand our contribution to another front, in which we investigate

the versatility of our proposal to Open-LLMs based models, and to explore their ef-

fectiveness in annotation tasks. As demonstrated in recent researches, LLMs have the

ability to understand the context, allowing them to interpret and annotate text more

accurately based on the surrounding content. Also, LLMs models can be fine-tuned

on specific datasets or tasks, allowing for customized annotation that meets particular

requirements. In this context, we apply the same methodology used so far (in sections

9.2.3, and 9.2.4) based on some well known open-LLM, so that the obtained result will
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be further compared to ChatGPT performance.

Figure 9.9: Workflow of the used Open-LLMs in SRL and CLAP tasks

As chosen LLMs, two state-of-the-art models have been selected to replace the

ChatGPT task, namely mBERT, and mBART for SRL and cross-lingual annotation

projection respectively:

• mBERT (Multilingual Bidirectional Encoder Representations from Transform-

ers): A multilingual version of BERT pre-trained on 104 languages, encompassing

Arabic. mBERT is extensively utilized for multilingual NLP tasks due to its abil-

ity to successfully capture cross-lingual representations [179]. In addition mBERT

is conceptualise based on the Transformer architecture, that uses attention mech-

anisms to generate deep, contextualized representations for every word, which is

a very relevant skill in performing SRL tasks.

• mBART (Multilingual Bidirectional and Auto-Regressive Transformers): It is a

sequence-to-sequence model created by Facebook Artificial Intelligence (AI) for

multilingual natural language generation tasks, it’s an extension of the BART

model [180]. The particularity of this model is it’s wide and diverse languages

training approach, also it can capture both forward and backward dependencies,

making it powerful for translation and text generation tasks. All this character-
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istics qualified mBART to be adopted by state-of the-art works in cross- lingual

tasks [181], [182].

9.2.7.1 mBERT for SRL and emotion analysis

As shown in figure 9.1, we applied a three steps model to evaluate the performance of

mBERT in SRL and emotion analysis. Where, we have converted the dataset to CoNLL

format, with each token presented on a separate line alongside its Begin-Inside-Outside

Tagging Scheme (BIO) as illustrated in Figure 9.10. Furthermore, the sentences are

delineated by a blank line. The dataset used in emotion analysis is in csv format, each

sentence has its corresponding emotion category in the corresponding column. The

experiments are conducted by fine-tuning mBERT model for token classification tasks

(SRL).

Figure 9.10: Example of Arabic SRL from our dataset in BIO format

To train the mBERT on SRL task, we processed the dataset of sentences with BIO

semantic role labels, by creating a lists of words and their corresponding labels. The

Arabic text was tokenized with BertTokenizerFast, and maps the labels to numerical

IDs. The dataset was partitioned into training (80%), validation (10%), and test (10%)

sets.

The mBERT model (BertForTokenClassification) is initialized with the number of labels
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needed for SRL. The hyperparameters used in this experiment have been tuned through

a set of executions where it stabalised to the following setting : a learning rate of 2e-5,

a batch size of 8 per device, and 3 epochs of training in addition to the Adam optimizer.

9.2.7.2 mBART for Cross-lingual Annotation Projection

In the same context, we applied a three steps experiment in the CLAP task, where we

translated fields in an English JSON dataset to Arabic utilizing mBART and stores

the translated annotation in a new JSON file. The mBART initializes the model and

tokenizer for multilingual translation, sets English as the source language, and Arabic

as the target. Each entry’s ”headline” and relevant fields within ”annotations” (such as

”dominant emotion,” ”cue,” ”experiencer,” etc.) are translated to Arabic. These entries

are skipped in case the JSON structure is invalid or indexing issues arise. Afterwards,

we use Bilingual Evaluation Understudy (BLEU) score to compare mBART result’s

with expert translation.

9.3 Results and evaluation

9.3.1 Comparison of ChatGPT translation with Expert trans-

lation

In order to evaluate the translation output of ChatGPT, we measure the similarity be-

tween the results obtained by ChatGPT and those produced by human translators and

expert. The examples bellow, presents a samples of selected GNE sentences in English

form, and sheds light on the varieties and similarities in translations given by human

and those provided by ChatGPT.

f

Example : 01

cc

Sentence :
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BA and Lufthansa suspend Cairo flights citing security.

Expert :

ةينمأبابسألةرهاقلاىلإامهتالحرناقلعتازناهتفولوةيناطيربلاةيوجلاطوطخلا

ChatGPT :

.ةينمأبابسألًارظنةرهاقلاىلإامهتالحرقيلعتاتررقازناهتفولوهيإ.يا

Example 02

Sentence :

Stephen Colbert Hits Long-Shot Dems for Spewing ”Republican Talking Points” at

CNN Debate.

cc

Expert :

ةرظانملالخنويروهمجلااهنعثدحتطاقنمادختسالزوفلانعنيديعبلانييطارقميدلاني�حشرملادقتنيتريبلوكنفيتس

.نإنإيسةكبشىلع

ChatGPT :

نانايسةرظانميفيروهمجلاثيدحلاطاقنءاقلإببسبمهراظتنالاطنيذلانييطارقميدلامجاهيتريبلوكنفيتس

f

In the first sentence, both translations presents the same meaning, each of them

chose a different way to express the translation. Consequently, we address both trans-

lations as accurate. Whereas, the second sentence presents variations in the selection

of words as well as the writing style. Where, the expert translation tends to be more

formal and precise, and the used expression is maintained. While the translation offered

by ChatGPT is more straightforward and concise, yet, it may not completely deliver
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the complex meanings of the original Arabic language.

To verify ChatGPT’s performance in English to Arabic translation, we performed

used standard to perform a thorough analysis and evaluation. Where, we presented an

overall statistic on the number of sentences in which ChatGPT accurately translated

and the number of sentences in which it made errors.

We present the results obtained by comparing the translations generated by Chat-

GPT with expert references using BLEU ratings. In which, it offer the assessment of

translation precision and correspondence with expert opinions, ranging from 0 to 1,

where higher values indicate a higher degree of similarity.

Figure 9.11: Comparison of Arabic Translations: Machine (ChatGPT) compared by
human

The Figure 9.11, exhibit the results histograms in terms of correct, and false trans-

lations, as well as accuracy and BLUE score. Where we observe that a total of 434

translations out of 500 sentences were considered correct, a statement is considered cor-

rect in two cases : the sentence translated by the machine is the same as the sentence

provided by the expert, or there are some differences in the choice of phrases but they

convey the same meaning. Whereas, 66 translations provided by ChatGPT is consid-
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ered as incorrect or inaccurate compared to human translations.

Based on this statistics, we obtained an accuracy rate of 0.87, and a high BLUE score

of ≈ 0.90, indicating that the model succeeded in capturing n-grams efficiently, and

that there is a strong similarity between the translations generated by the model and

the reference human translations.

9.3.2 Comparison with manual annotation

The annotation task through either ChatGPT or human is considered as classification

task. In our problem, the human annotations represent the reference labels of the data

set, and ChatGPT is the predictive model to be tested. Therefore metrics such accuracy,

F1-score, precision and recall are widely used factors to evaluate the performance of

any predictive model outputs in comparison to the reference ones. Yet, applying a

binary distribution of outcomes based on true prositive(TP), true negative(TN), false

positive(FP), fasle negative (FN) and their decision when evaluating our model using

such metrics is challenging. In which according to the human reference labeling conflicts

may arise in the ChatGPT output when there is a mistaken judgment or when the case

does not exist. In such scenario, the expert has two decision classes : one for when the

role exists and another for when it does not exist. Therefore we can assign a value of 1

to indicate the existence of the role and a value of 0 to indicate its absence. Moreover,

ChatGPT has the ability to accurately forecast the presence or absence of a role, yet

it is also prone to failure. If we classify the ChatGPT findings as 1 for ”exists” and 0

for ”does not exist,” we still need a label in the case of an incorrect prediction. Hence,

we suggest the use of our personalized labeling evaluator as follows (Figure 9.12).

• Expert:

– The existence of the role is labeled as 1.

– The absence of the role is labeled as 0.

• ChatGPT:

– The correct prediction of an existent role is labeled as 1 (TP).
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– The correct prediction of an absent role is labeled as 0 (TN).

– The wrong prediction of an existant role is labeled as -1 (FP).

– The wrong prediction of an absent role is labeled as -1 (FN).

Figure 9.12: Proposed binary notation for prediction evaluation metrics

The metrics are calculated with respect to the new notation (Figure 9.12). Where

we can refere to the illustrative example depicted in Figure 9.13 highlighting the case

of ChatGPT role prediction, and how notations are distributed.

Figure 9.13: Example of binary notation distribution of TP, TN, FP,FN

9.3.2.1 Evaluation of ChatGPT’s in SRL

The initial research inquiry we posed and sought to address is whether ChatGPT may

replace or assist SR annotators. To this end, we conducted a comparison between

ChatGPT SRL and the annotations provided by our annotators. Specifically, we are

102



Chapter 9. Leveraging ChatGPT for enhancing Arabic NLP: Application for SRL and
Cross-lingual annotation projection

examining the following aspects : emotion category, emotion intensity, experiencer, cue,

cause, and target.

Table 9.3: Accuracy, precicion, recall and F1-score metrics of agreement between SR-
ChatGPT and annotator in category, intensity and each role

Accuracy Precision Recall F1
emotion Category 0.85 / / /

intensity 0.87 / / /
Roles Experiencer 0.72 0.79 0.87 0.82

Cue 0.72 0.64 1 0.78
Cause 0.67 0.66 0.93 0.77
Target 0.70 0.69 0.83 0.74
Overall 0.76 0.70 0.91 0.78

According to Table 9.3, the accuracy of emotion intensity achieved the highest level

of precision with a value of 0.87. While, the caption of the main emotion achieved

a remarkable accuracy rate of 0.85. This results showcase the ChatGPT’s ability in

recognizing the level of emotions and the expressed predominant emotions. When

observing emotional arguments, an analysis of ChatGPT’s effectiveness reveals that

the categories ’Experiencer’ and ’cue’ are the most detectable, achieving a combined

score of 0.72. These two categories are crucial in determining the meaning of the

statement and the emotional context. Furthermore, target , achieved a precision rate

of 0.70. Finally, ’Cause’ has an accuracy rate of 0.67. Overall, the final F1-score of

SRL is approximately 0.78, with an accuracy of 0.76.

9.3.2.2 Evaluation of ChatGPT’s in cross-lingual annotation projection

The ultimate objective of the experiment is to evaluate the projection of emotion cate-

gories and SRL related to emotion arguments from English to Arabic, while maintaining

the meaning, semantic roles, and grammar of the Arabic language. The Table 9.4 dis-

plays the precise measurements of ChatGPT’s accuracy in correctly expressing emotion

categories, intensity, and semantic roles in the Arabic language.
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Table 9.4: Accuracy, precision, recall and F1-score of agreement between CL annotation
projection-ChatGPT and annotators in category, intensity and emotion roles

Accuracy Precision Recall F1
emotion Category 0.95 / / /

intensity 0.96 / / /
Roles Experiencer 0.80 0.8 0.96 0.87

Cue 0.73 0.74 0.98 0.84
Cause 0.70 0.72 0.98 0.82
Target 0.64 0.69 0.84 0.76
Overall 0.94 0.74 0.94 0.82

Where, emotion intensity achieves the highest accuracy of 0.96, followed by dom-

inating emotion with 0.95. The accuracy of semantic roles varies from 0.80 for the

experiencer to 0.64 for the target, which is the lowest. The SRL model achieved a final

F1-score of around 0.82 and an accuracy of 0.94.

9.3.3 Complexity classification

9.3.3.1 ChatGPT as a tool for SRL

We randomly introduced the sentences to ChatGPT and monitored its responses. Sub-

sequently, we compiled these responses to build the Arabic corpus annotated with SRL.

We classified the sentences and counted each category separately. Table 9.5 shows

statistics of diverse metrics for each complexity category.

Table 9.5: ChatGPT’s SRL accuracy, precision, recall, and F1-score of emotion cate-
gory, intensity and each role in three levels

Easy Medium Difficult
Accuracy P R F1 Accuracy P R F1 Accuracy P R F1

Emotion
Category 0.91 / / / 0.94 / / / 0.71 / / /
Intensity 0.91 / / / 0.90 / / / 0.79 / / /

Role

Experiencer 0.71 0.73 0.86 0.79 0.82 0.78 0.93 0.85 0.62 0.85 0.81 0.83
Cue 0.77 0.77 1 0.87 0.56 0.54 1 0.7 0.65 0.61 1 0.76
Cause 0.74 0.73 0.96 0.83 0.71 0.63 0.83 0.72 0.65 0.61 1 0.76
Target 0.74 0.63 0.96 0.8 0.56 0.69 0.67 0.7 0.71 0.74 0.85 0.72

The accuracy values vary slightly among the groups, with the emotion showing the

highest value in the medium category of 0.94, and the difficult level the lowest at 0.71.

While we find the intensity exhibiting the highest accuracy (0.91) in easy complexity.
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For different role the results shows that the experiencer role, reach the highest accuracy

in Medium level (0.82), and F1-score (0.85). However, the cue, cause and target exhibit

the highest accuracy with 0.77, 0.74, 0.74 and F1-score 0.87, 0.83, 0.8 respectively in

easy complexity. These results prove that the difficulty of the sentence affects the

ChatGPT’s efficiency; the more difficult the sentence, the less accurate the ChatGPT

is in determining the semantic roles.

9.3.3.2 ChatGPT for cross-lingual Annotation Projection

The Table 9.6 presents the performance of ChatGPT in projecting SRL from English to

Arabic, using different metrics within complexity levels. The accuracy of ChatGPT’s

translation ranged between 0.83 and 0.89 in the three levels, where it represented the

highest score in easy sentences. The same performance is observed for emotion category

and intensity that reached an accuracy of 1.

Table 9.6: ChatGPT’s CLAP accuracy, precision, recall, and F1-score of translation,
emotion category, intensity, and each role in three levels

Easy Medium Difficult
Accuracy P R F1 Accuracy P R F1 Accuracy P R F1

Lang. Translation 0.85 / / / 0.89 / / / 0.83 / / /

Emotion Category 1 / / / 0.94 / / / 0.90 / / /
Intensity 1 / / / 0.96 / / / 0.94 / / /

Role

Experiencer 0.84 0.81 0.95 0.87 0.82 0.84 0.99 0.91 0.74 0.75 0.94 0.83
Cue 0.87 0.86 1 0.92 0.7 0.72 1 0.84 0.62 0.65 0.95 0.77
Cause 0.81 0.83 0.99 0.9 0.69 0.71 0.98 0.82 0.59 0.61 0.98 0.75
Target 0.77 0.79 0.91 0.85 0.64 0.69 0.86 0.77 0.52 0.58 0.74 0.65

Among the roles, the highest accuracy of 0.87 is registered for the Cue role in

the Easy level. Conversely, the lowest accuracy is observed for the Target role in the

Difficult level, with an accuracy of 0.52. In terms of F1-score, the highest value is again

for the Cue role in the Easy level, achieving an F1-score of 0.92. The lowest F1-score is

noted for the Target role in the Difficult level, with a value of 0.65. This indicates that

while ChatGPT’s CLAP performs optimally for easy complexity sentences, and for the

Cue role, its performance decrease significantly for more complex sentences, and for the

target role.
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9.3.4 Evaluating Open-LLM Performance

The table 9.7 shows the side by side performance of mBERT and ChatGPT on emotion

detection and SRL tasks within the experimental settings. These experimental values

assess the adaptability of our approach in both service-based LLMs, and Open-LLMs.

As we observe the results, we notice that mBERT reaches an accuracy of 0.83 in de-

tecting emotion categories and 0.84 in identifying emotion intensity achieving a very

close performance of ChatGPT that scored 0.85 and an accuracy of 0.87 in emotion in-

tensity. When analyzing SRL, ChatGPT surpasses mBERT in experiencer, cause, and

target with an accuracy of (0.72, 0.67, and 0.70), respectively, while mBERT achieves

an accuracy of (0.68, 0.58, and 0.49), respectively. However, mBERT shows higher

performance in cue identification, with 0.85 accuracy. The obtained results exhibit the

prominency and versatility of the proposed approach in enhancing LLMs performances

in recognizing emotions and their intensities.

Table 9.7: A side by side analysis of mBERT and ChatGPT in Emotion Detection and
SRL Tasks

Model Aspect Accuracy Precision Recall F1
Emotion 0.83 / / /
Intensity 0.84 / / /

mBERT Experiencer 0.68 0.67 0.86 0.8
Cue 0.85 0.84 0.98 0.88
Cause 0.58 0.51 0.72 0.64
Target 0.49 0.55 0.67 0.70
Emotion 0.85 / / /
Intensity 0.87 / / /

ChatGPT Experiencer 0.72 0.79 0.87 0.82
Cue 0.72 0.64 1 0.78
Cause 0.67 0.66 0.93 0.77
Target 0.70 0.69 0.83 0.74

In the same quest, the figure 9.14 represents a bar chart comparing the BLEU scores

of the mBART and ChatGPT. Highlighting their performance regarding CLAP qual-

ity. ChatGPT Achieves a Higher BLEU Score of 0.90 indicating a high-quality output

compared to those of mBART 0.72 aligned with human references. This score suggests
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that mBART provides quality output and shows notable improvement in cross-lingual

alignment, contributing valuable insights despite its slightly lower BLEU score com-

pared to ChatGPT.

Figure 9.14: A comparison of BLEU Scores between mBART and ChatGPT

9.4 General discussion

9.4.1 Key challenges, linguistic characteristics, and driving re-

marks

Based on the preceding results, the likely causes for the relative low accuracy of Arabic

SRL and CLAP can be summarized in a few key points. Firstly, Arabic is a linguistically

intricate language when compared to English, possessing plenty of morphological and

syntactic complexities. Furthermore, Arabic, being a Semitic language, in most cases,

follows a Verb–Subject–Object (VSO) word order. However, English follows a Sub-

ject–Verb–Object (SVO) word order. Therefore, precisely identifying the roles might

be problematic.

Furthermore, the cultural element can also exert influence, as demonstrated in the fol-

lowing headline: ”Greta Gerwig and Noah Baumbach Welcome Their First Child”. The

annotators of the GNE categorize the birth of a baby as a ”negative surprise”, perceiv-

ing it as a burden for two parents to bear. Conversely, Arabic annotators view it as a

”positive surprise”.
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Additionally, during the translation process from English to Arabic, some words may

be omitted in order to preserve the overall meaning, fluency, and coherence of the text.

The following words can function as a semantic role: The translation of ”Scarred By

Sinema’s Senate Win, Team Trump Makes Early Moves To Keep AZ Red” is as follows:

.ءايلاىلإفلألانمرمحألانوللاىلعظافحللةركبمتاكرحتببمارتقيرفماق،خويشلاسلجميفامينيسزوفدعب

The word ”scarred” represented the ”Cue” disappears in translation to maintain

sentence consistency.

Moreover, while observing the obtained results, we have noticed that the Experiencer

and cue play the most accurate roles. This is likely because cue is often expressed via

verbal phrases that are easy to identify, and Experiencer in news headlines are direct

words such as public figures, politics, or literature figures. On the other hand, detecting

the target is challenging as it can be difficult, vague, or expressed through convoluted

relative clauses.

In the same context, we observe that the difficulty of the sentence directly affects the

ChatGPT’s performance, as we notice that the ChatGPT obtained the highest results

in sentences classified as easy.

The comparison between SRL and CL annotation projection, enables us to construct the

following graphic curve, Figure 9.15, which show clearly that ChatGPT’s CL annotation

projection outperform ChatGPT’s SRL.
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Figure 9.15: SRL vs CL Annotation projection

Moreover, the obtained results from using open-LLMs in validating our approach,

affirm, our proposal in both SRLs, and CLAP automatic generation, also it suggests how

that combining both proprietary and open-LLMs can be a promising approach, helping

language models better capture and analyze emotions and roles across languages and

contexts.

9.4.2 ChatGPT limitation

During our experiments on SRL and CLAP, we observed some limitations of ChatGPT.

Here, we discuss the encountered key challenges.

As the evaluation of ChatGPT was zero-shot, we find that the conversational agent al-

lows 37 sessions to be opened per hour; this limitation makes classification slow. Figure

9.16 shows the error message.
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Figure 9.16: Limit of messages

Moreover, ChatGPT adds additional information to the annotation, such as the

second name of proper nouns, which may be misleading and distort the semantic roles.

an example in Figure 9.17.

Figure 9.17: An example of adding terms to the annotation

Furthermore, in some situations, ChatGPT understands the headline itself as a

direct question. Figure 9.18 clarify such situation.
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Figure 9.18: ChatGPT consider the headline as a question

9.5 Conclusion

This contribution aims to investigate alternative solutions for building new NLP re-

sources and semantic roles labeling in low-resourced languages, that reduce efforts and

time needed for manual annotation. To explore LLMs capability in some NLP tasks, we

have conducted three experiments regarding to the transfer of English NLP resources

to Arabic. The experiments were performed by human experts and ChatGPT and

were concerned with the translation of an English corpus, the cross-lingual annotation

projection of semantic roles, and finally the annotation of the translated corpus with

emotion category and semantic roles.

Our experiments has assessed the accuracy of ChatGPT in performing translation, SRL

and CLAP of semantic roles from English to Arabic. Our experimental results validate

the research findings from earlier studies and support the hypothesis that ChatGPT

could serve as a collaborative tool with humans in handling complex NLP tasks. Chat-

GPT’s capabilities for such tasks may ensure adaptation across linguistic divergence,

saves time, and reduces manual labor needed for developing new resources.

Besides validating our approach through ChatGPT’s performance, the results from us-

ing open-LLMs enhance the effectiveness of our proposal in SRL and CLAP tasks. This

opens up new perspectives on combining proprietary and open-LLMs to enhance mod-

els’ ability to interpret emotions and roles across different languages and contexts. In
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conclusion, the results suggest the development of an automated SRL and cross-lingual

annotation projection tool, leveraging either proprietary or open-LLMs, to assist both

human and NLP experts in these tasks. Additionally, this approach could help generate

and construct large Arabic datasets for future experiments and studies.

Figure 9.19: Scope of the third contribution within the SRL taxonomy

Building upon the foundations established in the first two contributions, which

focused on dataset development and annotation strategies, as well as model construc-

tion using LLMs, the third contribution expands the scope further into an alternative

approach to producing annotated corpora, especially for low-resource languages, cross-

lingual projection and automatic evaluation by incorporating zero-shot learning strat-

egy and comprehensive evaluation methodologies for SRL. This stage demonstrates how

multilingual LLMs can be leveraged to improve SRL for Arabic with minimal resources.
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This thesis set out to address key challenges related to the structural analysis of

emotions in Arabic text. The first major challenge concerned the absence of resources

annotated with emotional semantic roles, while the second involved the limited explo-

ration of AI-based chat-bots and LLMs as tools for enhancing models and applications

designed for Arabic emotion analysis. To overcome these limitations, this thesis inves-

tigated alternative solutions for building new NLP resources and supporting SRL in

low-resourced languages, reducing the substantial effort and time required for manual

corpus construction and annotation.

With the rapid advancement of LLMs, AI-based text generation systems have

emerged as promising collaborators—if not competitors—to human annotators in sev-

eral NLP tasks. To evaluate these capabilities, we conducted three experiments focused

on transferring English NLP resources to Arabic. These experiments, performed by

both human experts and ChatGPT, examined three tasks: translating an English cor-

pus, performing Cross-Lingual Annotation Projection of semantic roles, and annotating

the translated corpus with both emotion categories and semantic roles.

The results of our experiments assessed ChatGPT’s accuracy in translation, SRL,

and semantic-role CLAP, demonstrating that ChatGPT can serve as an effective col-

laborative tool for supporting humans in complex annotation tasks. Our findings align

with previous research and reinforce the potential of LLM-based systems to ensure

adaptation across linguistic divergence, save time, and reduce manual labor needed for

developing new resources. Besides validating our approach through ChatGPT’s perfor-

mance, the results from using open-LLMs enhance the effectiveness of our proposal in

SRL and CLAP tasks.

This final diagram provides a comprehensive overview of our contributions, illustrat-

ing the progressive integration of resources, models, and evaluation strategies across the

different stages of the thesis. Beginning with the construction and annotation of the first

Arabic ERL corpus (Contribution 1, Chapter 7), the research advanced to the applica-

tion of transformer-based models on an expanded dataset (Contribution 2, Chapter 8),
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and ultimately to the integration of Large Language Modelss, cross-lingual annotation

techniques, zero-shot and few-shot learning strategies, and rigorous evaluation protocols

(Contribution 3, Chapter 9).

The highlighted nodes in the figure summarize the full scope of the contributions,

including:

• The development of an Arabic dataset based on FrameNet-inspired annotations.

• A multi-layered annotation methodology combining manual, semi-automatic, and

automatic procedures.

• The use of modern computational techniques, with an emphasis on leveraging

LLMs.

• The implementation of learning strategies tailored to low-resource settings, in-

cluding zero-shot learning.

• A detailed evaluation framework based on both standard performance metrics

and alignment with gold-standard annotations.

By progressively addressing these core dimensions of SRL for emotion analysis, this

work offers a robust and comprehensive framework for advancing SRL in Arabic and

other low-resource languages.

Through the successive contributions presented in this work, we have addressed nearly

all key aspects of the SRL task.

Altogether, the contributions demonstrate how the combination of linguistic analy-

sis, machine learning techniques, and multilingual capabilities can be effectively lever-

aged to move the field forward.

While this thesis has made significant progress in NLP field, future research offers the

possibility for additional improvement. This opens up new perspectives on:

• Extending the study to other Semitic or morphologically rich languages.

• Investigating multimodal approaches by integrating text with speech, images, or

video to enhance semantic interpretation.
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• Incorporating more nuanced emotion categories and pragmatic factors (e.g., in-

tensity, polarity, sarcasm) into the annotation framework.
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