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Abstract

This doctoral thesis explores the application of Vector Space Models (VSMs) and modern language
technologies to two high-impact domains: Labour Market Intelligence (LMI) and Financial Natu-
ral Language Processing (NLP). The research addresses domain-speci�c challenges through novel
methodologies that advance beyond general-purpose language models, demonstrating how tailored
computational approaches can extract meaningful insights from complex, specialized textual data.

In the European labour market context, this work tackles the critical problem of skill mismatch by
developing frameworks for analyzing Online Job Advertisements (OJAs) across multiple languages.
The thesis introduces: (i) KRAKEN, an unsupervised keyphrase extraction method achieving F1@5
up to 24.4% and F1@10 scores up to 28.6% on benchmark datasets and identifying emerging skills
with 56.8–76.4% accuracy across �ve European languages; (ii) JobSet, a synthetic job advertise-
ment dataset of 15,469 joc advertaisments that addresses data scarcity through strategic LLM genera-
tion, reducing perplexity (up to 26.7) and imporving skill explicitness compared to previous synthetic
datasets; and (iii) VEUCTOR, a systematic framework for training, selecting, and aligning optimal
word embedding models across 28 European countries, we generated 3,000+ and evaluate them with
VEUCTORenabling comparable cross-national labour market analysis.

In the �nancial domain, the research confronts the transformative impact of social trading and
retail investment platforms. Key contributions include: (i) the de�nition of the new task of Social
Trading Action Detection (STAD) and the introduction of FINREDDIT-2K, a manually annotated
dataset of 2,123 Reddit posts into three categories (buy, sell, or other), designed to serve as a bench-
mark for this task. We provide a benchmark with 57 models with the top three: Mistral-7B attains the
highest F1-score (86.0%), followed by Neural-chat-7B (84.7%) and Phi-4-14B (84.6%). (ii) Novel
approaches for assessing user reliability in �nancial social networks using heterogeneous graphs, with
the proposed Content-based Centrality score outperforming traditional measures reaching 60% of ac-
cording with expert judgments; and (iii) a systematic survey of multimodal models that integrates
textual, numerical, and temporal data for enhanced �nancial forecasting.

The thesis establishes that domain-adapted vector space models consistently outperform general-
purpose language models in specialized applications, while demonstrating the practical value of re-
leasing curated datasets and open-source tools to foster reproducibility and collective progress. By
bridging advanced NLP methodologies with real-world applications in labour economics and quanti-
tative �nance, this research provides both theoretical insights and practical frameworks for data-driven
decision-making in increasingly complex information environments.
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Thesis Outline

This thesis is organized into six coherent parts that systematically progress from foundational concepts
to original research contributions across both application domains. The structure re�ects the dual fo-
cus on Labour Market Intelligence and Financial NLP while maintaining methodological consistency
through the application of Vector Space Models.

Part I: Introduction. This introductory part establishes the research landscape, presenting the mo-
tivation, challenges, and overarching contributions that frame the entire doctoral work.

Part II: Theoretical Background. Comprising Chapters 2 through 4, this part lays the theoretical
foundation for the research. Chapter 2 provides a comprehensive overview of Vector Space Models
and Word Embeddings, tracing their evolution from frequency-based approaches to contemporary
Large Language Models. Chapter 3 examines Financial Natural Language Processing, focusing on
domain-speci�c characteristics, data sources, and analytical tasks. Chapter 4 explores Applications
in Labour Market Intelligence, with particular emphasis on European labour market dynamics and the
ESCO taxonomy framework.

Part III: Related Work. Spanning Chapters 5 to 7, this part critically reviews the existing litera-
ture. Chapter 5 surveys foundational XAI frameworks and methodologies, establishing the theoretical
groundwork for explainable vector space models. Chapter 6 reviews related work in Finance, cover-
ing vector space models in �nancial prediction and social trend analysis. Chapter 7 examines related
work in LMI, including annotated job posting datasets and word embedding alignment techniques. .

Part IV: XAI for Vector Space Models. This part, consisting of Chapter 8 presents a comprehen-
sive survey of Explainable AI techniques for word embeddings, systematically categorizing existing
methodologies into six distinct families and identifying critical research gaps in the interpretability
of vector space models. This survey bridges the gap between complex embedding architectures and
human-understandable explanations, providing a foundational framework for transparent semantic
representations.

Part V: VSM for Labor Market. Containing Chapters 9 through 11, this part presents the core
methodological contributions to Labour Market Intelligence. Chapter 9 introduces KRAKEN, a novel
semantic-based approach for keyphrase extraction from job advertisements. Chapter 10 presents
JobSet, a comprehensive synthetic job advertisement dataset generated through advanced language
models. Chapter 11 develops VEUCTOR, an extensive framework for training, selecting, and align-
ing optimal vector space models from online job ads across 28 European countries.

Part VI: VSM for Finance. Comprising Chapters 12 through 14, this part details the original con-
tributions to Financial Natural Language Processing. Chapter 12 evaluates the effectiveness of �ne-
tuning in �nancial NLP through the Social Trading Action Detection (STAD) task, introducing the
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FINREDDIT-2Kdataset. Chapter 13 proposes a contextual-based approach for enhancing user relia-
bility using heterogeneous graphs in �nancial social networks. Chapter 14 presents a comprehensive
systematic survey of multimodal models for �nancial analysis, examining learning across diverse data
modalities.

The thesis concludes with a synthesis of research �ndings, a discussion of limitations, and an identi-
�cation of promising future research directions across both Labour Market Intelligence and Financial
NLP domains.
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Chapter 1

Introduction

The exponential growth of digital textual data presents signi�cant challenges for knowledge extraction,
particularly in specialized domains where language carries critical business intelligence. In �nance,
textual sources like earnings reports, news articles, and social media contain signals about market
movements and investor sentiment. Similarly, in labour market analysis, job advertisements and pro-
fessional pro�les re�ect evolving skill demands and occupational trends.

The computational analysis of this textual data has become increasingly important for evidence-
based decision making. However, the specialized nature of �nancial and labour market language,
combined with its dynamic evolution and domain-speci�c semantics, requires tailored computational
approaches that go beyond general-purpose language processing techniques.

This doctoral thesis is situated at the convergence of modern Natural Language Processing (NLP)
and these two distinct yet data-rich application domains. It undertakes a comprehensive investigation
into the potential of Vector Space Models (VSMs)—encompassing static word embeddings, contex-
tualised representations, and the latest generation of Large Language Models (LLMs)—to decode
complex, domain-speci�c narratives from heterogeneous textual data.

The utility of VSMs lies in their foundational ability to project discrete linguistic symbols into a
continuous, geometric space. This transformation facilitates quantitative reasoning about qualitative
concepts. Words, phrases, or entire documents, represented as vectors, can be compared, clustered,
and operated upon using well-de�ned mathematical principles. The semantic relatedness between
terms is captured by their proximity within this vector space, enabling tasks such as synonym detec-
tion, analogy resolution, and topic modelling. The evolution from count-based models like TF-IDF
to predictive, dense embeddings such as Word2Vec [1] and GloVe [2] marked a signi�cant leap, cap-
turing latent semantic regularities. Subsequent advancements, notably the transformer architecture,
gave rise to contextualised embeddings (e.g., BERT [3]) and generative LLMs (e.g., the GPT family),
which dynamically adjust word representations based on their surrounding context, thereby effectively
handling polysemy and complex syntactic structures.

This research is developed along two parallel, application-driven axes. The �rst axis focuses on the
European Labour Market, a domain de�ned by its intrinsic multilingualism and the pressing need
for real-time monitoring of skill supply and demand dynamics. The primary data source for this axis is
Online Job Advertisements (OJAs), which offer a timely and granular view of employer needs. The
second axis delves into the Financial Domain, where market volatility is increasingly in�uenced by
user-generated content on social media and investment forums. This necessitates models capable of
moving beyond traditional sentiment analysis to detect speci�c trading intents and assess the reliability
of information sources.
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1.1 Research Domains

This thesis is organized around two primary application domains that share common methodological
foundations in vector space modeling and natural language processing, yet address distinct real-world
challenges. The research develops specialized approaches tailored to the speci�c characteristics and
requirements of each domain.

1.1.1 Labour Market Intelligence: Challenges and Approaches

The analysis of European labour markets represents a critical application domain for advanced NLP
techniques, characterized by its unprecedented scale, intrinsic multilingual nature, and profound socio-
economic importance [4, 5, 6]. The digital transformation of recruitment processes has fundamentally
altered labour market monitoring, making Online Job Advertisements (OJAs) a rich, real-time data
source for understanding skill demands, occupational trends, and market dynamics across the Eu-
ropean Union. Platforms such as the Web Intelligence Hub (WIH) [7] developed by Eurostat and
Cedefop collected OJAs from more than 1000 sources in Europe since 2019, providing unprecedented
granularity for analysing labour market phenomena.This data deluge enables researchers and policy
makers to move beyond traditional, lagging indicators toward real-time assessment of emerging skills,
regional disparities, and sectoral transformations (e.g. see results in [8, 9, 10, 11, 12]). The temporal
sensitivity of OJAs allows for the detection of rapid market shifts, such as those induced by tech-
nological disruptions or economic crises, providing valuable early-warning signals for educational
institutions and employment services.

However, the very richness of OJA data introduces signi�cant computational challenges that this
thesis addresses through novel NLP approaches. The heterogeneity of job advertisement formats, the
informal and domain-speci�c language used in descriptions, and the varying quality of information
across different platforms and countries require sophisticated text processing and normalization tech-
niques. Furthermore, the dynamic nature of labour markets—where new occupations emerge and
existing ones evolve—demands methods that can adapt to conceptual drift and terminological innova-
tion without constant manual intervention.

In the context of Labour Market Intelligence, the rapid transformation of skills, driven by the digi-
tal and green transitions, demands agile tools to identify emerging competencies and skill mismatches.
While OJAs are a rich resource, they present formidable challenges:

• Linguistic and Terminological Variability: The same occupation or skill can be described us-
ing a wide set of terminologies across different industries, companies, and European countries,
complicating any form of standardised analysis. For instance, the role of a Data Scientist might
be advertised as Machine Learning Engineer, AI Specialist, or use various language-speci�c
equivalents, creating a semantic fragmentation that must be reconciled.

• Scarcity of Annotated Data: Supervised machine learning approaches for tasks like skill ex-
traction and occupational classi�cation are hampered by the scarcity of large-scale, high-quality
labelled datasets. Manual annotation is prohibitively expensive, time-consuming, and dif�cult
to scale across multiple languages, creating a signi�cant bottleneck for the development of ro-
bust supervised models.

• Multilingual and Cross-Country Comparability: The European labour market is inherently
multilingual. Developing models that perform consistently across different languages and that
allow for a semantically meaningful comparison of skill demands in, for example, Italy versus
Germany, requires cross-lingual alignment techniques beyond simple translation.
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1.1.2 Financial Natural Language Processing: Challenges and Approaches

Financial Natural Language Processing represents a frontier where computational linguistics intersects
with quantitative �nance in increasingly complex and dynamic market environments [13, 14]. The
digital revolution has fundamentally transformed how �nancial information is produced, consumed,
and acted upon, creating both unprecedented opportunities and formidable challenges for automated
analysis. The emergence of social trading platforms and the democratization of �nancial discourse
have given rise to new forms of market behavior that traditional analytical frameworks struggle to
comprehend and model effectively.

The landscape of �nancial communication has evolved from traditional institutional channels
—earnings reports, analyst notes, and �nancial news—to include vast streams of user-generated con-
tent on platforms such as Reddit, X, and specialized investment forums. This transformation is not
merely quantitative but qualitative: the language of �nance has expanded to include informal dis-
course, memes, slang, and community-speci�c terminology that convey meaningful market signals
alongside traditional �nancial jargon [15]. The GameStop short squeeze of 2021 serves as a paradig-
matic example of how collective retail investor behavior, coordinated through social media, can disrupt
established market dynamics and challenge conventional �nancial models [16].

The emergence of social �nance has exposed signi�cant challengers in �nancial NLP methodolo-
gies, particularly:

• Beyond Sentiment: Detecting Trading Intent: The sentiment of a social media post (positive
or negative) is often orthogonal to the author's explicit trading intention (e.g., buy, sell, hold).
A post expressing negative sentiment about a company's ethics might still conclude with an
intention to buy the dip. This necessitates the development of more nuanced models for Social
Trading Action Detection (STAD) that can discern speci�c action cues from general opinion.

• User Reliability and In�uence: In the noisy ecosystem of �nancial forums, distinguishing
credible signals from mere opinion or misinformation is paramount. This requires models that
can assess user reliability by synthesising information from both network topology (e.g., user
centrality, community structure) and the content of their contributions (e.g., consistency, histor-
ical accuracy), moving beyond simple engagement metrics.

• Multimodal Integration for Forecasting: Financial forecasting stands to bene�t signi�cantly
from the integration of multiple data modalities, including historical price time series, textual
news, and technical indicators. However, determining the most effective architectures and fu-
sion strategies (early, intermediate, or late fusion) for combining these heterogeneous and tem-
porally aligned data streams remains an open research question.

These domain-speci�c challenges underscore the necessity for tailored computational approaches.
The following sections outlines the speci�c motivations and contributions made by this thesis to ad-
dress these pressing issues in both Labour Market Intelligence and Financial NLP.

1.2 Research Motivation

In response to the critical challenges identi�ed in the previous section, this thesis is motivated by
several interconnected drivers that highlight the motivation of this research:

Scienti�c and Technological Motivation. While the literature features abundant applications of
generic NLP, a methodological gap persists in adapting these models to highly specialized domains.
The limitations of general-purpose models constitute a fundamental challenge in applied NLP. Pre-
trained architectures such as BERT or GPT, while effective on general corpora, consistently fail to
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capture the nuanced lexicons characteristic of specialized domains. This is particularly evident in �-
nancial language with terms like short squeeze and EBITDA, and in labour market terminology such
as emerging digital skill and full-stack developer. The inherent constraints of the one-size-�ts-all
paradigm become critically apparent when dealing with domain-speci�c polysemy, rapidly evolv-
ing terminologies, and specialized contextual dependencies. Furthermore, the absence of established
methodologies for model selection in applied settings represents a signi�cant research gap, leaving
practitioners without systematic approaches to determine optimal embedding strategies for speci�c
tasks and datasets. This technological shortcoming motivates the need for domain-adapted computa-
tional frameworks that can bridge the divide between theoretical advances and practical applications
in specialized domains.

Applied and Impact Motivation. This research is strongly driven by concrete problems with sig-
ni�cant socio-economic impact, addressing domain-speci�c challenges through novel computational
approaches. For the Labour Market, this research tackles the critical challenge of identifying emerg-
ing skills by proposing a semi-automatic, data-driven methodology to detect novel competencies as
they appear in Online Job Advertisements (OJAs). The inability to identify emerging competencies
in real-time hampers effective policy-making and creates structural unemployment challenges. Si-
multaneously, in �nancial markets, the rise of social trading platforms has fundamentally transformed
market dynamics, creating new forms of collective behavior and volatility that traditional analytical
frameworks cannot adequately capture. The GameStop phenomenon exempli�es how retail investor
communities can disrupt established market patterns, yet current tools lack the sophistication to an-
alyze these complex social-�nancial interactions. These domain-speci�c challenges demand compu-
tational approaches that can provide timely, actionable insights for decision-makers in both labour
policy and �nancial markets.

Data Resource Motivation. The advancement of specialized NLP applications is fundamentally
constrained by critical data availability challenges. In labour market intelligence, the scarcity of large-
scale, high-quality annotated job advertisements creates signi�cant barriers for developing robust ma-
chine learning models, particularly for multilingual and cross-country analyses. Manual annotation
processes are prohibitively expensive and cannot scale to meet the real-time demands of dynamic
labour markets. Similarly, in �nancial NLP, the lack of expert-annotated social media data with pre-
cise trading intent labels limits the development of reliable models for social trading analysis. The
absence of standardized, high-quality datasets in both domains not only impedes model development
but also hinders reproducibility and comparative evaluation across different research efforts. These
data scarcity issues motivate the need for innovative approaches to dataset creation and resource de-
velopment that can support advanced computational analysis in specialized domains.

1.3 Contributions

Building upon the challenges identi�ed in Section 1.1 and the research motivations outlined in Sec-
tion 1.2, this thesis contributes to the advancement of data-driven analysis in two tightly connected
research domains: Labour Market Intelligence and Financial Natural Language Processing. The
core research objective of this work is to investigate how unstructured textual data, social signals,
and heterogeneous information sources can be systematically transformed into actionable knowledge
through representation learning, large-scale embedding models, and multimodal analysis. To this end,
the thesis proposes methodological innovations, curated datasets, and reproducible frameworks that
progressively address the limitations of existing approaches discussed in Sections 1.1 and 1.2.

The contributions are organized as a coherent research trajectory, where early chapters focus on
foundational methods for textual knowledge extraction, subsequent chapters extend these methods
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to large-scale labour market analysis, and the �nal part explores social and multimodal signals for
�nancial decision-making. Speci�cally, this thesis makes the following primary contributions:

• Embedding-based keyphrase extraction. Addressing the challenge of extracting structured
knowledge from unstructured text, this thesis introduces an unsupervised keyphrase extraction
method that leverages word embeddings to identify semantically coherent phrases. The ap-
proach employs a context window expansion mechanism guided by semantic similarity metrics
(cosine similarity and Pearson correlation), and is evaluated on multiple benchmark datasets,
achieving state-of-the-art performance in performance@10 metrics. This contribution estab-
lishes the methodological foundation for subsequent applications and is presented in Chapter 9.

• Synthetic data generation for labour market analysis. To mitigate the scarcity and acces-
sibility issues of high-quality labour market data, this thesis introduces JobSet, a dataset of
synthetic yet realistic online job advertisements generated through the JobGen framework. By
integrating ESCO taxonomy knowledge with real-world data distributions and iterative �tness
evaluation, JobSet provides a scalable and reproducible resource for training and evaluating ma-
chine learning models in labour market applications. This contribution is detailed in Chapter 10.

• Cross-country word embedding alignment for Labour Market Intelligence. Tackling the
challenge of multilingual and cross-country comparability in labour market studies, this thesis
presents VEUCTOR, a systematic methodology for generating, evaluating, and aligning word
embedding models across 28 European countries. The framework includes extensive hyperpa-
rameter optimization, cross-lingual alignment via the SeNSe technique, and the public release
of optimized models, enabling reproducible and comparable analyses across linguistic contexts.
This work is explored in Chapter 11.

• Social trading action detection with large language models. Moving toward the �nancial
domain and social data analysis, this thesis introduces the novel task of Social Trading Action
Detection (STAD). The contribution comprises (i) FINREDDIT-2K, an expert-annotated dataset
of social media posts labeled with explicit trading actions (buy, sell, other), and (ii) an exten-
sive empirical evaluation of �ne-tuned large language models on �nancial social media data.
The study analyzes predictive performance, inference ef�ciency, and error patterns across mul-
tiple model families, establishing a benchmark for trading intent detection. This contribution is
presented in Chapter 12.

• Content-aware in�uence modeling in �nancial social networks. To address the limitations
of purely topological in�uence measures, this thesis introduces the Content-based Centrality
score (CbC), which integrates user engagement, sentiment extracted from posts, and classical
network centrality measures. By incorporating semantic information into network analysis,
the proposed metric enables more accurate identi�cation of in�uential and trustworthy users in
�nancial discussions. This methodology is described in Chapter 13.

• A taxonomy and survey of multimodal �nancial forecasting models. Finally, to systematize
the transition from unimodal to multimodal �nancial modeling, this thesis provides a compre-
hensive taxonomy and comparative analysis of state-of-the-art multimodal approaches in �nan-
cial forecasting. The survey examines input modalities, architectural choices, fusion strategies,
and predictive tasks, highlighting open challenges and emerging research directions. This con-
tribution is presented in Chapter 14.

7



8



Part II
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Chapter 2

Vector Space Models and Word
Embeddings

Natural language is inherently ambiguous, complex, and unstructured, presenting signi�cant chal-
lenges for computational analysis. To enable machines to interpret, compare, and process textual
data, it is necessary to transform linguistic units—such as words, phrases, or entire documents—into
a structured numerical format. This fundamental process, known as vectorization, lies at the core of
modern Natural Language Processing (NLP). The primary goal of vectorization is to create represen-
tations that capture meaningful linguistic properties, so that the geometric relationships between these
numerical vectors re�ect the semantic relationships between the original text elements.

The Vector Space Model (VSM) provides the overarching mathematical framework for this paradigm.
In a VSM, texts are represented as points (vectors) in a high-dimensional space, where each dimension
typically corresponds to a speci�c feature of the language, such as a word or a character n-gram. The
core premise is that the spatial arrangement of these vectors—their relative angles and distances—can
encode linguistic relationships. This allows for the application of geometric and statistical methods
to solve NLP tasks such as information retrieval, text classi�cation, and semantic similarity analysis.
The choice of how to de�ne the dimensions of this space and how to populate the vectors with values
distinguishes different families of approaches, which can be broadly categorized into frequency-based
and embedding-based models. The following sections explore these two principal lineages of text
representation.

2.1 Frequency-based Vector Space Model

The �rst generation of vector space models relied on sparse representations such as the Bag-of-Words
(BoW) model and Term Frequency–Inverse Document Frequency (TF-IDF). In these approaches, each
document or text unit is represented as a vector whose dimensions correspond to the terms of the
vocabulary.

The Bag-of-Words model counts the frequency of each word in a text, disregarding word order and
syntactic structure. While simple and effective for tasks like document retrieval, this approach leads
to extremely high-dimensional and sparse vectors, where most entries are zero. Moreover, BoW fails
to capture semantic similarity between words: the terms car and automobile are treated as completely
unrelated, despite their close meaning.

TF-IDF improved upon BoW by weighting words according to their importance. It combines two
components: the term frequency, which measures how often a word appears in a document, and the
inverse document frequency, which reduces the weight of common terms across the corpus. Formally,
the TF-IDF weight of a term t in a document d with respect to a collection of documents D is de�ned
as:
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tf-idf (t;d;D) = tf (t;d) � idf (t;D) (2.1)

The term frequency is given by:

tf (t;d) =
ft;d

å t02d ft0;d
(2.2)

where ft;d is the absolute frequency of term t in document d.
The inverse document frequency is de�ned as:

idf (t;D) = log
�

jDj
1+ jfd 2 D : t 2 dgj

�
(2.3)

where jDj is the total number of documents in the collection, and jfd 2 D : t 2 dgj denotes the
number of documents in which the term t appears.

The TF re�ects how often a word appears in a document, while the IDF penalizes words that are
too common across the corpus (e.g., the, and). This weighting scheme enhanced information retrieval
by emphasizing more informative terms. However, TF-IDF still inherits the fundamental limitations
of BoW: vectors remain sparse, dimensionality grows with vocabulary size, and semantic relationships
between words are ignored.

2.2 Distributional Semantics and Word Embeddings

The limitations of those models motivated the development of distributed representations, in which
words are represented as dense vectors learned from data rather than �xed indices. The key intuition
is that words occurring in similar contexts tend to have similar meanings. This idea, often referred to
as the distributional hypothesis, underpins modern word embeddings.

The concept of word embeddings, fundamental to the study of distributional semantics, �nds its
origins in the distributional hypothesis, as proposed by Harris [17, 18]. This hypothesis asserts that
linguistic elements can be identi�ed based on their relative distributions within language: x and y are
included in the same element A if the distribution of x relative to the other elements B, C, etc. is
in some sense the same as the distribution of y [17]. In other words, the meaning of a word can be
inferred from its distribution in the linguistic context. This principle suggests that similar words tend
to appear in similar contexts, establishing an intrinsic connection between a word's position in a text
and its meaning.

The application of the distributional hypothesis to textual corpora laid the groundwork for the
emergence of distributional semantics, which aims to quantify and categorise the semantic properties
of linguistic items based on their distributional patterns. According to [19], distributional semantics
can be characterised by four key aspects: (i) it is a theoretical model to represent meaning, (ii) a
computational framework to acquire meaning from language data, (iii) a practical methodology to
construct semantic representations, and (iv) a cognitive hypothesis about the role of language usage
in shaping meaning. In essence, distributional semantics seeks to represent the meaning of language
through a formal model that encodes statistical distributions across contexts.

Building on the principles of distributional semantics, word embeddings can be de�ned as:

De�nition 2.2.1 (Word Embedding). A word embedding is a dense, real-valued vector representation
of a word, derived from a Distributional Semantic Model (DSM). It encodes the statistical distribution
of the word across various linguistic contexts, capturing semantic and syntactic relationships with
other words. Words with similar meanings are represented by vectors that are close in the embedding
space, while words with different meanings are positioned further apart. Word embeddings thus pro-
vide a computationally ef�cient and expressive way to model the meaning of language, building on the
principles of distributional semantics.
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This connection with distributional semantics provides word embeddings with powerful insights
into the structure and meaning of language, advancing our capabilities in natural language understand-
ing and processing. They represent a natural evolution from sparse vector space models, enabling more
expressive and computationally ef�cient representations of textual information [20].

Word embeddings offer several key advantages over traditional sparse vector representations such
as Bag-of-Words and TF-IDF:

• Semantic Similarity: Embeddings capture the semantic and syntactic relationships between
words. Words with similar meanings are represented by vectors that are close in the embedding
space, enabling tasks such as synonym detection, analogy reasoning, and semantic clustering.

• Dimensionality Reduction: Unlike sparse vectors that grow with vocabulary size, embeddings
are dense and low-dimensional. This reduces memory requirements and computational com-
plexity, making it feasible to process large corpora ef�ciently.

• Generalization: Word embeddings can generalize across contexts and domains. By learning
from large corpora, embeddings can infer relationships between words even if they do not co-
occur directly in the training data, improving performance in downstream NLP tasks.

• Transferability: Pre-trained embeddings can be reused across different tasks and domains,
allowing models to leverage prior knowledge without requiring large labeled datasets for each
new task.

• Support for Complex Models: Dense embeddings are well suited for integration with mod-
ern neural architectures, such as recurrent neural networks, transformers, and large language
models, enabling more sophisticated natural language understanding and reasoning.

Overall, word embeddings provide a computationally ef�cient and semantically meaningful rep-
resentation of language, bridging the gap between unstructured text and machine learning models.
Additionally, embeddings allow for vector arithmetic and the use of distance or similarity functions,
such as cosine similarity or Euclidean distance. This enables operations like analogical reasoning—for
example, the classic relation king - man + woman � queen—and more generally supports the quanti-
tative analysis of semantic relationships and complex reasoning over words and concepts.

The main difference between traditional vector space models and word embeddings lies in their
representation and expressiveness. While traditional sparse VSMs provide a general framework for
mapping linguistic units into vectors, often relying on sparse, frequency-based counts, word embed-
dings are a speci�c type of VSM that learn dense, distributed representations from large corpora. By
encoding the statistical distribution of words in context, embeddings capture semantic and syntactic
relationships that sparse VSMs cannot. In other words, all word embeddings are instances of vector
space models.

2.3 Static Word Embedding Models

Static word embeddings are representations in which each word type is mapped to a single �xed vector,
regardless of the speci�c linguistic context in which it appears. These embeddings are learned in an
unsupervised fashion from large text corpora, typically relying on the distributional hypothesis: words
that occur in similar contexts should have similar meanings.

These models include Word2Vec [21], GloVe [2], and FastText [22] (among others). They proved
highly valuable in many NLP tasks for capturing semantic and syntactic relationships, enabling analo-
gies, clustering, and similarity-based reasoning. However, their �xed-vector nature limits their ability
to account for multiple senses of a word or dynamic meaning according to context. In the following
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subsections, we examine the major static embedding models, their training objectives, strengths, and
limitations.

Word2Vec. A major breakthrough in word embeddings came with Word2Vec, introduced by Mikolov
et al. [1, 21]. Unlike earlier count-based distributional models, Word2Vec uses predictive neural mod-
els to learn dense vector representations of words directly from large corpora.

Word2Vec learns word embeddings using a shallow neural network trained to predict word-context
pairs from a large corpus. The network consists of an input layer representing the target or con-
text word, a single hidden layer that generates the embeddings, and an output layer that produces a
probability distribution over the vocabulary. Training maximizes the likelihood of observing actual
word-context pairs, effectively capturing statistical regularities in word co-occurrences.

Within this framework, Word2Vec employs two main architectures: Continuous Bag-of-Words
(CBOW) and Skip-gram (SG). CBOW predicts a target word based on its surrounding context words,
averaging the embeddings of the context to generate a single representation. Skip-gram, conversely,
predicts the surrounding context words given a target word, using the target's embedding to generate
multiple output predictions for each context word. Both approaches result in dense vector representa-
tions that encode semantic and syntactic relationships between words.

In �gure 2.1 we show the two models in comparison. The main advantage of using Word2Vec is
that embeddings can be learned ef�ciently, with low complexity approaches, allowing larger embed-
dings to be learned from much larger corpora of text.

Figure 2.1: The model architectures from [1]. The CBOW architecture predicts the current word w(t)
based on the context w(t � 2); : : : ;w(t + 2), and the Skip-gram predicts surrounding words given the
current word.

CBOW is generally faster to train and produces smoother embeddings for frequent words, but it
is less effective for representing rare words. Skip-gram, on the other hand, excels at learning precise
embeddings for infrequent words, although it requires more computational resources due to predicting
multiple context words for each target. Together, these architectures provide complementary strengths,
enabling Word2Vec to ef�ciently generate high-quality word embeddings suitable for a wide range of
natural language processing tasks.

Word2Vec also scales ef�ciently to very large corpora, making it practical for real-world NLP
applications. However, Word2Vec has some limitations. It generates static embeddings, meaning that
each word has a single vector representation regardless of context, which can be problematic for words
with multiple senses. Additionally, it struggles with rare words and morphologically rich languages,
since the model relies on observing suf�cient occurrences of each token in the training data.
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GloVe. GloVe (Global Vectors for Word Representation), introduced by Pennington et al. [2], is
a word embedding model that combines the advantages of count-based and predictive approaches.
Unlike Word2Vec, which learns embeddings by predicting local context words, GloVe constructs
embeddings by factorizing a global word-word co-occurrence matrix derived from a large corpus.
This allows the model to capture statistical information about how frequently words appear together
across the entire dataset.

The training objective of GloVe is to learn word vectors such that their dot product approximates
the logarithm of the probability of co-occurrence. Speci�cally, for words i and j, the model mini-
mizes a weighted least squares loss function that penalizes the difference between the predicted and
actual log co-occurrence counts. This formulation ensures that both frequent and rare co-occurrences
contribute meaningfully to the learned embeddings.

GloVe embeddings are dense, low-dimensional vectors that encode semantic and syntactic rela-
tionships. One of the main strengths of GloVe is its ability to incorporate global corpus statistics,
which often results in more stable and accurate representations than purely local prediction-based
models. Additionally, GloVe preserves linear substructures that facilitate analogical reasoning, sim-
ilar to Word2Vec. However, like Word2Vec, GloVe generates static embeddings, meaning that each
word has a single vector regardless of context, and it may struggle with rare or morphologically com-
plex words.

FastText. FastText, developed by Bojanowski et al. [22], extends the Word2Vec architecture by
incorporating subword information into the representation of words. While Word2Vec and GloVe
treat each word as an atomic unit, FastText represents words as a collection of character n-grams. Each
word embedding is thus obtained by summing or averaging the embeddings of its constituent subword
units. This design enables the model to capture morphological features and share information across
words with similar forms.

During training, FastText uses the same predictive objective as the Skip-gram model, but instead
of learning vectors only for entire words, it learns vectors for all character n-grams that compose them.
For example, the word �nancial would be represented not only by its full word vector but also by sub-
components such as �n, inan, and nancial. This approach allows FastText to generate meaningful
embeddings for rare or even unseen words by composing them from their subword parts, a signi�cant
improvement over previous models that relied solely on observed word occurrences.

FastText offers several advantages. It effectively handles morphologically rich languages and re-
duces the problem of out-of-vocabulary (OOV) words, providing better generalization on unseen data.
The inclusion of subword information also enhances the model's ability to capture semantic nuances
related to pre�xes, suf�xes, and word roots. However, FastText still produces static embeddings,
meaning that it cannot distinguish between different senses of the same word depending on context.
Moreover, the inclusion of subword representations increases computational complexity and memory
requirements compared to standard Word2Vec.

2.4 Contextual Word Embedding Models

While static word embeddings have proven extremely useful, they exhibit inherent limitations due to
their �xed-vector nature. Speci�cally, a single vector is assigned to each word type, regardless of the
particular sense or usage that word has in a sentence. This causes problems in handling polysemy (a
word having multiple meanings) and contextual variation: for example, the word bank in �nancial
bank vs. river bank will have the same static embedding, even though its meaning is quite different.

Another limitation is that static embeddings fail to adapt to nuanced syntactic or semantic cues
that depend on the sentence-level or discourse-level context. They are also less effective in tasks
where precise interpretation of a word depends heavily on its neighbor words, or where long-range

15



dependencies matter.
To overcome these problems, the class of contextual word embeddings models emerged, which

generate different embeddings for each token occurrence, taking into account its surrounding context.
These models are generally based on neural architectures (such as LSTMs or Transformers) trained
with language modelling objectives or other self-supervised tasks. Contextual embeddings can dis-
ambiguate word senses, adjust representation depending on usage, and better capture subtle meaning
shifts.

In the following subsections, we explore representative contextual embedding models, beginning
with ELMo [23], and then moving to Transformer-based models such as BERT [3], describing their
architectures, training, strengths, and weaknesses.

ELMo. The �rst signi�cant step toward contextual word representations was achieved with ELMo
(Embeddings from Language Models) proposed by Peters et al. [23]. Unlike static word embeddings,
ELMo produces context-dependent representations by generating a different vector for each token
occurrence, depending on its linguistic environment within a sentence.

ELMo is based on a deep bidirectional language model (biLM) that uses two layers of Long Short-
Term Memory (LSTM) networks. The forward LSTM processes the sentence from left to right, while
the backward LSTM processes it from right to left. This bidirectional structure enables the model
to capture both past and future contextual information for each word. The hidden states from both
directions are concatenated and linearly combined to form the �nal embedding for each token.

Training is performed in a self-supervised manner using a language modelling objective. The
model is trained to predict the next word given its previous context in the forward direction, and to
predict the previous word given its subsequent context in the backward direction. Once trained, the
internal representations of the biLM are used as contextual embeddings. These representations can be
incorporated into downstream NLP tasks by concatenation or �ne-tuning, allowing ELMo to improve
performance across a wide range of applications such as question answering, sentiment analysis, and
named entity recognition.

ELMo embeddings are dynamic: the same word will have different representations depending on
its sentence context. This ability to disambiguate polysemous words marked a major advancement
over static embeddings. However, the sequential nature of LSTM-based architectures makes ELMo
computationally expensive and less effective in capturing very long-range dependencies compared to
later Transformer-based models such as BERT.

BERT. BERT (Bidirectional Encoder Representations from Transformers), introduced by Devlin
et al. [3], represents a major leap forward in embedding models by producing deep contextualized
word representations using the Transformer architecture. Whereas previous models (e.g. Word2Vec,
GloVe, FastText) assign each word a single, static vector, BERT generates different embeddings for
each occurrence of a token, informed by its full left and right context within a sentence or sentence
pair.

BERT's architecture is built as a stack of Transformer encoder layers [24]. Each encoder layer
consists of two main sub-layers: a multi-head self-attention mechanism followed by a position-
wise fully connected feed-forward network. Residual connections and layer normalization are applied
around each of these sub-layers as shown in Fig. 2.2.

Self-attention is at the core of BERT. For each token in the input, the model computes three vec-
tors: Query (Q), Key (K), and Value (V) via learned linear transformations of the token's embedding.
The attention weight from token i to token j is computed as:

Attention(Qi ;K;V) = softmax

 
QiKT

jp
dk

!

Vj (2.4)

16



Figure 2.2: The encoder-decoder architecture of the Transformer model from [24], featuring multi-
head attention mechanisms and feed-forward networks with residual connections and layer normal-
ization.

where dk is the dimensionality of the key vectors and acts as a scaling factor. In multi-head
attention, multiple such attention mechanisms operate in parallel (heads), each with its own Q, K, V
projections; their outputs are concatenated and linearly transformed. This allows the model to attend
to different types of relationships among tokens.

BERT offers several important advantages over previous embedding models. By producing context-
dependent embeddings for each token occurrence, it can effectively disambiguate polysemous words
and capture subtle semantic nuances. Its deep bidirectional architecture enables rich context mod-
elling, as each representation integrates information from both left and right contexts across multiple
layers. Another major strength lies in its transferability: once pre-trained, BERT can be �ne-tuned
for a wide range of downstream NLP tasks—such as classi�cation, question answering, and named
entity recognition—often achieving state-of-the-art results. Moreover, the self-attention mechanism
allows BERT to capture long-range dependencies more effectively than recurrent models like RNNs
or LSTMs.

Nevertheless, BERT presents some limitations. Its training process is computationally expen-
sive and requires large-scale data and hardware resources, while inference remains slow for long
sequences. Although BERT successfully models contextual variation, its performance may decrease
when the context is minimal or ambiguous.

In summary, contextual word embedding models represent a signi�cant advancement over static
embeddings by generating representations that vary according to the speci�c linguistic context of
each token. Models such as ELMo and BERT leverage neural architectures—LSTMs for ELMo and
Transformers with self-attention for BERT—to capture both local and long-range dependencies, dis-
ambiguate polysemous words, and provide rich, transferable embeddings suitable for a wide range of
downstream tasks. While these models require substantial computational resources and careful pre-
training, their ability to encode deep contextual information marks a major step forward in natural
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language understanding. This development sets the stage for Large Language Models, which extend
the principles of contextual embeddings to much larger architectures, enabling more powerful and
�exible language representations capable of complex reasoning and generation.

2.5 Large Language Models

Large Language Models (LLMs) represent the latest evolution of word and token embedding models,
building on the principles of contextual embeddings while signi�cantly extending their scale, capa-
bility, and applications. While models such as ELMo and BERT produce embeddings that vary with
context, LLMs are distinguished by their enormous number of parameters, deep Transformer-based
architectures, and ability to perform complex language understanding and generation tasks across
diverse domains.

It is meaningful to treat LLMs as a separate category within word embeddings because they are
not merely larger versions of previous models. Their scale enables emergent properties that go be-
yond token-level context modeling, such as few-shot learning, reasoning, and the generation of coher-
ent multi-sentence outputs. Furthermore, LLMs often incorporate additional training strategies, such
as causal language modeling or mixture-of-experts architectures, which enhance generalization and
adaptability.

Despite these advances, LLMs retain the core principle of contextual embeddings: each token
is represented as a vector that depends on its surrounding context. This connection allows LLMs to
inherit the advantages of contextualized representations—disambiguation of polysemy, deep seman-
tic understanding, and transferability—while extending them to more complex, large-scale tasks in
natural language processing. In the following sections, we describe the main architectural principles,
pretraining methods, and characteristics of contemporary LLMs, highlighting how they build upon
and surpass previous contextual models.

To illustrate the diversity and capabilities of Large Language Models, we next examine some of the
most prominent families of LLMs. For each family, we highlight key architectural choices, pretraining
strategies, and distinctive features that differentiate them from one another, while demonstrating how
they build upon the principles of contextual embeddings.

GPT (Generative Pre-trained Transformer). OpenAI developed the GPT family1 [25, 26] repre-
sents a groundbreaking line of LLMs. These models made use of Transformer-based decoders for
generative language modelling. The �rst GPT model, introduced in 2018, demonstrated that pretrain-
ing a unidirectional Transformer on large-scale text corpora, followed by �ne-tuning on speci�c tasks,
could achieve strong performance across multiple natural language processing applications. This ap-
proach leveraged the causal language modeling objective, where the model predicts the next token
given all previous tokens, enabling coherent text generation.

Over successive generations, GPT models have grown substantially in both scale and capability.
GPT-2, released in 2019, expanded the model size to 1.5 billion parameters and demonstrated un-
precedented text generation quality, capable of producing coherent multi-paragraph outputs. GPT-3,
introduced in 2020 with 175 billion parameters, showcased remarkable few-shot and zero-shot learn-
ing abilities, allowing the model to perform new tasks with minimal or no task-speci�c �ne-tuning.
GPT-4 further improved performance, incorporating multimodal inputs, enhanced reasoning capabili-
ties, and a more robust understanding of nuanced language.

Across all versions, the GPT models share key characteristics: they employ a deep stack of Trans-
former decoder layers with multi-head self-attention, use large-scale unsupervised pretraining on di-
verse corpora, and generate context-sensitive embeddings for each token. Their strengths lie in �uent
text generation, adaptability to new tasks via few-shot learning, and emergent reasoning capabilities

1https://openai.com/
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that appear at scale. The evolution of GPT has set a benchmark for generative LLMs, in�uencing the
design and development of many subsequent models in both research and industry.

LLaMA. LLaMA 2 (Large Language Model Meta AI) [27, 28], developed by Meta, represents a
family of Large Language Models designed to provide high performance while improving accessi-
bility and ef�ciency for the research community. Introduced in 2023, LLaMA models are based on
Transformer decoder architectures, similar to GPT, but optimized to achieve competitive performance
with fewer parameters. This design choice allows researchers to experiment with large-scale language
models without the extensive computational resources required by the largest GPT models.

The LLaMA family includes models of varying sizes, ranging from tens of billions to hundreds
of billions of parameters. Pretraining is performed on diverse, high-quality text corpora using causal
language modeling, enabling the models to generate coherent and contextually relevant text. Despite
their smaller scale compared to the largest GPT models, LLaMA models demonstrate strong few-shot
and zero-shot capabilities, effective reasoning, and the ability to produce �uent and accurate outputs
across a variety of NLP tasks.

Key characteristics of LLaMA include ef�cient parameter usage, a focus on accessibility for aca-
demic research, and adaptability across multiple downstream tasks. By balancing model size, train-
ing ef�ciency, and performance, LLaMA provides an important alternative to larger, more resource-
intensive LLMs, making it a widely adopted choice for both experimentation and practical applications
in natural language understanding and generation.

Mistral. The Mistral family3, developed by Mistral AI, represents a new generation of open-weight
Large Language Models designed to maximize ef�ciency and performance through architectural in-
novations and optimized training strategies. Introduced in late 2023, Mistral models are fully based
on the Transformer decoder architecture and are trained with causal language modeling objectives.
However, they incorporate several improvements over previous models, including sliding window at-
tention mechanisms and optimized positional encodings, which enhance their ability to process longer
contexts with lower computational costs.

The �rst release, Mistral 7B, demonstrated that a well-trained model with only seven billion pa-
rameters could outperform much larger models, such as LLaMA-2 13B, across multiple benchmarks.
This ef�ciency stems from re�ned data curation, high-quality pretraining corpora, and the use of
grouped-query attention (GQA), which reduces the memory footprint while maintaining strong per-
formance. Later variants, including Mixtral (a mixture-of-experts architecture), introduced sparse
activation strategies that allow only a subset of parameters to be used at inference time, signi�cantly
improving scalability and cost-ef�ciency.

Mistral models emphasize open availability, reproducibility, and ef�ciency, making them a strong
alternative to proprietary models. Their design philosophy focuses on providing state-of-the-art per-
formance while keeping models lightweight and accessible for research and commercial use. This
balance between compactness and capability positions the Mistral family as a major step toward de-
mocratizing access to powerful large language models.

DeepSeek. DeepSeek represents a recent and highly in�uential addition to the landscape of Large
Language Models, developed by the Chinese research organization DeepSeek AI4. Emerging in 2024,
the DeepSeek family of models is characterized by its exceptional ef�ciency and cost-effectiveness,
demonstrating that large-scale language modeling can achieve state-of-the-art performance without

2https://www.llama.com/
3https://mistral.ai/
4https://www.deepseek.com/en
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relying on massive computational resources. DeepSeek adopts a decoder-only Transformer architec-
ture, similar to GPT, but introduces a series of engineering and training optimizations that drastically
reduce training costs and energy consumption.

One of the key innovations of DeepSeek lies in its optimized training pipeline, which com-
bines a highly ef�cient distributed training framework with advanced quantization and sparsity tech-
niques. This enables DeepSeek models to maintain competitive accuracy and reasoning ability even
when trained with signi�cantly fewer GPU hours compared to Western counterparts such as GPT-4
or Claude. Furthermore, DeepSeek incorporates sophisticated �ne-tuning and instruction-following
mechanisms that improve its contextual understanding and alignment with user intent.

The release of DeepSeek also has strategic signi�cance for the global AI ecosystem. By open-
sourcing portions of its architecture and emphasizing ef�cient, scalable model development, DeepSeek
has contributed to the democratization of advanced language models, fostering broader participation
in LLM research. Its success underscores a shift in focus within the �eld—from scaling parameters to
optimizing training methodologies and deployment ef�ciency—paving the way for a new generation
of sustainable, high-performance LLMs.

Other Notable Families of LLMs. Beyond the major GPT, LLaMA, and Mistral families, several
other large language models have emerged, each contributing unique innovations and design philoso-
phies to the LLM landscape. Among these, Gemma, developed by Google DeepMind5, is a family of
lightweight, open-weight models built on the same research foundations as Gemini. Gemma is opti-
mized for ef�ciency and responsible AI deployment, focusing on transparency, reduced computational
costs, and strong performance in multilingual and reasoning tasks. Its compact architecture makes it
particularly suited for academic and edge applications where resource constraints are critical.

Gemini, also developed by Google DeepMind, represents a new generation of multimodal LLMs,
succeeding previous models such as LaMDA and PaLM. Gemini models natively support text, image,
and audio modalities, and leverage advanced techniques like Multi-Query Attention and Mixture-of-
Experts for ef�cient large-context processing. Certain variants, such as Gemini 1.5 Pro, can handle
contexts up to 1 million tokens, enabling complex document understanding and extended conversa-
tions. Gemini is designed for multilingual capabilities, supporting over 40 languages.

Claude, introduced by Anthropic6, is designed around the principle of constitutional AI, empha-
sizing safety, alignment, and controllability in large-scale language models. Instead of relying solely
on reinforcement learning from human feedback (RLHF), Claude models integrate a set of guiding
principles—“a constitution”—to steer behavior during �ne-tuning, thereby improving model inter-
pretability and ethical robustness. Claude has been particularly successful in dialogue-based applica-
tions, maintaining coherence and factual consistency across long conversational contexts.

Falcon, developed by the Technology Innovation Institute (TII)7, represents another major open-
weight initiative. Trained on massive, high-quality datasets with a strong emphasis on ef�ciency and
reproducibility, Falcon models achieve competitive performance while remaining openly accessible
for research and industry. Their design highlights the growing trend toward transparent, community-
driven LLM development.

Finally, the Phi family8, introduced by Microsoft, explores the idea that high-quality synthetic data
and compact architectures can yield models that perform comparably to much larger systems. The Phi
models, particularly Phi-2 and Phi-3, demonstrate impressive reasoning and language understanding
capabilities despite their relatively small parameter count, offering a proof of concept for scaling down
large language models without signi�cantly sacri�cing performance.

5https://deepmind.google/
6https://www.anthropic.com/
7https://www.tii.ae/
8https://azure.microsoft.com/en-us/products/phi
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Collectively, these families illustrate the diversi�cation of the LLM ecosystem. While early mod-
els like GPT and LLaMA focused on scaling and performance, newer approaches increasingly em-
phasize ef�ciency, openness, interpretability, and alignment—marking an evolution from sheer size
toward balanced, accessible, and ethically guided model design.

Table 2.1 provides a comprehensive overview of prominent LLMs discussed in this work, sum-
marizing their technical speci�cations, multilingual capabilities, and release timeline. The table high-
lights key differences in architecture, parameter scale, context length, and licensing, illustrating how
LLMs have evolved in terms of both performance and accessibility. Open-weight models such as
LLaMA, Mistral, Gemma, Phi, Falcon, and DeepSeek demonstrate the growing trend toward trans-
parency, ef�cient scaling, and multilingual support, whereas proprietary models like GPT, Gemini, and
Claude emphasize commercial deployment, multimodal reasoning, and advanced instruction-tuning.
By organizing the models chronologically and including key technical metrics, this table allows for a
clear comparison of design priorities and capabilities, providing a valuable reference for understanding
current trends and trade-offs in LLM development.

2.6 Summary of Word Embedding and LLM Evolution

The development of word embeddings and vector space models represents a progressive shift in how
language meaning is represented and computed. As shown in Table 2.2, this evolution can be viewed
as a continuum from early statistical representations to modern transformer-based architectures, re-
�ecting both conceptual and technological advances in natural language processing.

The �rst generation of models, such as Bag-of-Words and TF-IDF, relied on sparse, count-based
representations. These approaches were intuitive and interpretable but fundamentally limited by their
inability to capture semantic relationships or contextual information. Words were treated as indepen-
dent symbols, and meaning was inferred solely from frequency statistics, leading to high-dimensional
yet semantically shallow representations.

The advent of neural-based embeddings, initiated by models like Word2Vec, GloVe, and FastText,
marked a decisive breakthrough. These models introduced dense, distributed representations that
encoded semantic regularities in continuous vector spaces. For the �rst time, it became possible to
measure word similarity and perform vector arithmetic over meanings, capturing analogies such as
king – man + woman � queen. However, these embeddings remained static: a word was associated
with a single vector, regardless of its context, limiting their expressiveness in handling polysemy or
contextual nuances.

The introduction of contextual embeddings with ELMo and later BERT transformed this paradigm.
Instead of assigning one �xed representation per word, these models generated embeddings that var-
ied according to the surrounding linguistic context. BERT's transformer-based encoder architecture,
leveraging the self-attention mechanism, enabled deep bidirectional understanding of text and became
a foundational model for numerous downstream NLP tasks. This contextualization represented a ma-
jor leap toward capturing the dynamic and relational nature of meaning in language.

The subsequent rise of large language models (LLMs) such as GPT, LLaMA, Mistral, and other
contemporary families extended this approach even further. Built upon transformer decoder architec-
tures, these models combined massive pre-training on diverse corpora with �ne-tuning techniques that
enabled advanced reasoning, multilingual capabilities, and text generation. Recent families such as
Gemma, Claude, Falcon, Phi, and DeepSeek illustrate the growing diversity of LLM design philoso-
phies—some emphasizing ef�ciency and open access, others focusing on safety, alignment, or multi-
modal reasoning.

Overall, the trajectory outlined in Table 2.2 highlights a clear conceptual and technological pro-
gression: from symbolic and frequency-based models, to distributed and contextual embeddings, and
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�nally to large-scale generative systems. Each generation has built upon the limitations of its pre-
decessors, progressively bringing computational representations of language closer to capturing the
complexity and richness of human semantics. This continuous evolution underpins many of today's
advances in both academic research and applied domains such as �nance, labour market intelligence,
and beyond.

Table 2.2: Comparison of major word embedding and large language model (LLM) families. Mod-
els are listed in chronological order, illustrating the evolution from early statistical approaches to
transformer-based architectures.

Model / Fam-
ily

Architecture Representation Main Features / Limitations

TF-IDF Count-based statistical Static Simple and interpretable; ignores word order and se-
mantic similarity

Word2Vec Neural Network Static Captures semantic relations; limited context sensitivity
GloVe Matrix factorization Static Combines global and local context; context-independent
FastText Neural Network Static Handles morphology and rare words; limited context

modeling
ELMo BiLSTM-based deep Contextual Context-dependent embeddings; computationally heav-

ier
BERT Transformer (encoder) Contextual Deep bidirectional context; high resource requirements
GPT family Transformer (decoder) Contextual Strong generative capability; unidirectional context
LLaMA family Transformer (decoder) Contextual Open-weight, ef�cient, multilingual
Mistral family Transformer (decoder) Contextual Performance and ef�ciency; long context windows
Gemma family Transformer (decoder) Contextual Lightweight, open, ef�cient
Claude family Transformer (decoder) Contextual Safety, reasoning, conversational alignment
Phi family Transformer (decoder) Contextual Small, high-performing, reasoning optimized
Falcon family Transformer (decoder) Contextual Open-weight, multilingual, ef�cient
DeepSeek fam-
ily

Transformer (decoder) Contextual Large-scale ef�ciency, multilingual, reasoning
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Chapter 3

Financial Natural Language Processing

Natural Language Processing (NLP) in the �nancial domain has emerged as a pivotal tool for extract-
ing insights from the vast and continuously growing body of textual data. Financial texts include news
articles, earnings reports, regulatory �lings, analyst notes, social media posts, and forum discussions,
all of which contain valuable signals regarding market sentiment, company performance, and poten-
tial risks. The ability to systematically process and quantify such textual information has profound
implications for asset pricing, risk management, trading strategies, and regulatory compliance.

Financial NLP leverages computational techniques to transform unstructured text into structured,
machine-readable representations. By doing so, it enables the application of statistical and machine
learning models for predictive and descriptive tasks. These representations can capture semantic rela-
tionships, contextual nuances, and patterns that may not be readily apparent through traditional quan-
titative indicators. Importantly, the integration of textual data with numerical �nancial data enhances
the predictive power of models and supports a more holistic understanding of market dynamics.

Recent advancements in vector space models (VSMs), word embeddings, and large language mod-
els (LLMs) have signi�cantly expanded the capabilities of Financial NLP. Dense embeddings allow
for the quanti�cation of semantic similarity, sentiment intensity, and event relevance, providing richer
features than conventional bag-of-words approaches. Contextual embeddings and transformer-based
models enable the disambiguation of polysemous terms and a deeper understanding of complex �nan-
cial narratives, including forward-looking statements and nuanced market commentary.

From a practical perspective, Financial NLP is employed in several key applications: sentiment
analysis for news and social media monitoring, predictive modeling of stock prices or volatility, event
detection for mergers and acquisitions or corporate announcements, and the identi�cation of correla-
tions among �nancial instruments based on textual co-occurrences. These applications demonstrate
how the combination of advanced NLP techniques with domain-speci�c �nancial knowledge can yield
actionable insights for investors, analysts, and regulators.

A typical pipeline in Financial NLP is composed of different steps:

1. It begins with the collection of raw �nancial texts, which may include sources such as corporate
�lings, earnings reports, news articles, analyst commentaries, or social media posts. These
sources are rich in information but unstructured, requiring several preprocessing steps before
they can be analyzed computationally.

2. The preprocessing phase involves cleaning and normalizing the text, tokenizing sentences into
words or subwords, and applying linguistic tools such as part-of-speech tagging, named en-
tity recognition, or lemmatization. This step is crucial to ensure that subsequent models can
accurately capture �nancial entities and relationships.

3. In the text representation phase, preprocessed text is transformed into numerical vectors through
embedding models such as FatsText, BERT, or more LLMs. These embeddings encode seman-

25



tic and contextual information, allowing the system to recognize similarities between words,
phrases, and entire documents within a �nancial context.

4. The resulting embeddings serve as inputs for the �nancial modeling phase, where predictive
or descriptive algorithms are applied. Typical tasks include sentiment analysis, event detec-
tion, risk assessment, and forecasting of market movements. Advanced architectures, including
transformer-based and graph neural networks, are increasingly adopted to model temporal de-
pendencies and relationships among entities.

5. Finally, the system outputs structured information such as sentiment scores, trading signals,
volatility forecasts, or risk indicators. These outputs can support a variety of �nancial ap-
plications—from algorithmic trading and portfolio optimization to regulatory monitoring and
macroeconomic analysis.

This pipeline illustrates the progressive transformation of unstructured textual information into
actionable, data-driven insights that complement traditional numerical analysis in �nance.

3.1 Characteristics of Financial Language and Domain Challenges

Financial language presents a set of distinctive characteristics that make it fundamentally different
from general-purpose text corpora on which most NLP models are trained. Unlike everyday language,
�nancial text is dense, technical, and context-dependent, often combining formal reporting styles with
subjective interpretations of market trends. This creates unique challenges for language modeling and
semantic representation:

• One key aspect of �nancial language is its high domain speci�city. Financial documents, such
as earnings reports, analyst commentaries, and central bank statements, contain specialized ter-
minology (e.g., EBITDA, quantitative easing, yield curve inversion) and implicit economic rea-
soning that general models fail to capture. Moreover, many terms have polysemous meanings
depending on the context: for instance, bullish, long, or short may refer to sentiment, position,
or strategy, depending on the text source.

• Another challenge comes from the limited availability and proprietary nature of �nancial
data. While general NLP systems bene�t from large and diverse corpora, �nancial texts are
often restricted, specialized, and time-sensitive. This makes it challenging to train domain-
speci�c embeddings without over�tting or introducing bias from datasets covering only speci�c
periods or sources.

• Financial language also exhibits strong temporal and event dependence. The meaning and
relevance of terms evolve with market conditions and economic cycles. Models trained on static
corpora struggle to capture this dynamic semantic drift, emphasizing the need for temporal
adaptation and continual learning in �nancial NLP.

• A further complexity comes from the multimodal and heterogeneous nature of �nancial in-
formation. Textual data interacts closely with numerical indicators, graphs, and structured data
such as stock prices or macroeconomic variables. Understanding �nancial documents thus often
requires reasoning over multiple modalities, blending linguistic and quantitative representations.

• Finally, sentiment and pragmatics play a central role in �nancial communication. Subtle
linguistic cues such as hedging, tone, or framing can strongly in�uence market interpreta-
tions. Capturing these nuances requires embeddings capable of modeling �ne-grained con-
textual meaning and rhetorical intent, going beyond surface-level word co-occurrence.
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Together, these characteristics make �nancial NLP one of the most complex and high-stakes do-
mains for vector space modeling. They motivate the development of specialized architectures and
embeddings explicitly designed to encode �nancial semantics, adapt to temporal dynamics, and inte-
grate multimodal signals.

3.2 Financial Word Embeddings and Domain Adaptation

While general-purpose word embeddings and language models have demonstrated remarkable ca-
pabilities in natural language understanding, they often fall short when applied directly to �nancial
text. The domain-speci�c terminology, polysemy, temporal dependencies, and multimodal nature of
�nancial language require representations that capture the nuanced and dynamic characteristics of
this context. Models trained on generic corpora may fail to recognize subtle distinctions, interpret
specialized terms correctly, or adapt to rapidly evolving market events.

To address these limitations, several strategies have been proposed for domain adaptation in �-
nancial NLP. One approach is �ne-tuning pre-trained embeddings or language models on �nancial
corpora, allowing them to retain general linguistic knowledge while learning domain-speci�c pat-
terns. Another approach involves training embeddings from scratch on �nancial datasets, such as
earnings reports, analyst notes, regulatory �lings, or �nancial news articles. Hybrid methods have
also been explored, combining general-purpose embeddings with �nancial lexicons or co-occurrence
statistics to enhance semantic relevance and interpretability.

The introduction of transformer-based models marked a turning point in �nancial NLP. Among
the �rst dedicated models, FinBERT represents a �ne-tuned variant of BERT on large-scale �nancial
corpora, including analyst reports and �nancial news. FinBERT has shown strong performance in
sentiment analysis and text classi�cation, bene�ting from its contextual understanding of �nancial
terminology and idioms.

More recently, the emergence of large language models (LLMs) trained directly on �nancial data
has expanded the scope of �nancial NLP. BloombergGPT, developed by Bloomberg, constitutes one
of the most signi�cant efforts in this direction. It is a 50-billion-parameter model trained on a mix-
ture of public �nancial documents and proprietary Bloomberg data, enabling both general-purpose
reasoning and specialized �nancial analysis. Similarly, FinGPT proposes an open-source alternative
built on a modular and transparent architecture, aiming to democratize access to �nance-speci�c large
language models. FinGPT combines public �nancial text data, reinforcement learning, and continual
�ne-tuning strategies to adapt rapidly to new �nancial information.

Together, these models illustrate a broader trend: the evolution from static word embeddings
toward contextual and generative architectures capable of understanding, reasoning, and generating
domain-speci�c �nancial knowledge. While the availability of high-quality �nancial data remains a
limiting factor, such models mark an essential step toward bridging the gap between natural language
understanding and real-world �nancial decision-making.

Extracting informative signals from �nancial documents often involves a combination of contex-
tual representation learning and linguistic feature engineering. Many approaches rely on tone and
sentiment analysis, keyword extraction, and contextual embeddings derived from transformer-based
models such as FinBERT, which encode �nancial text into dense semantic vectors. These represen-
tations can be fused with other modalities—such as numerical or temporal data—through attention
mechanisms or vector concatenation, enabling richer multimodal inference. Alternatively, linguistic
feature engineering can be applied to extract interpretable information from text, such as domain-
speci�c keywords or topic distributions using techniques like Latent Dirichlet Allocation (LDA) [29].
These features offer compact, high-level summaries of the underlying text and can serve either as
direct input to the model or as a form of weak supervision [15].

Furthermore, sentiment analysis and emotion detection can provide additional signals by captur-
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ing subjective aspects of the text. These can be obtained using pre-trained models like FinBERT or
lexicon-based approaches such as those proposed by Loughran and McDonald [30], yielding senti-
ment polarity scores or emotion labels that enhance the model's ability to interpret market mood.

Overall, textual information can be represented through dense embeddings, symbolic features,
topic-based summaries, or affective scores, depending on the nature of the task and its interaction
with other data modalities.

3.3 Financial Textual Data Sources

The effectiveness of domain-speci�c embeddings and language models in �nance depends critically
on the choice and quality of the underlying textual corpora. Common sources can be categorized by
source and intent.A �rst category includes institutional and journalistic news, such as those pub-
lished by Bloomberg1, Reuters2, the Financial Times3, Yahoo Finance4, and MarketWatch5. These
articles typically report on earnings results, mergers and acquisitions, regulatory changes, and geopo-
litical developments. Both headlines and full texts can be processed using natural language process-
ing (NLP) techniques to estimate their relevance to �nancial markets or to extract sentiment polarity
scores. A second type of textual source is represented by regulatory and of�cial documents, such
as statements from central banks (e.g., SEC 10-K and 10-Q reports, and FOMC6 announcements)
or formal corporate disclosures. These texts tend to be highly structured and formalized, yet they
carry valuable information for �nancial analysis. A third relevant category includes social media
platforms, such as X7, reddit8, and stocktwits9. These platforms provide real-time access to retail
investor sentiment, rumors, and emergent narratives. Despite being noisy and informal, they have
shown predictive value, especially for assets driven by retail trading activity. The integration of such
domain-focused data with advanced modeling architectures enables the extraction of subtle semantic
nuances, temporal dependencies, and sentiment cues that general-purpose embeddings often fail to
capture.

Textual data used in �nancial tasks are typically obtained from either proprietary platforms or pub-
licly available datasets. These sources provide high-quality, time-sensitive, and domain-relevant con-
tent that plays a key role in capturing market sentiment and identifying event-driven signals. In some
cases, access to such corpora is granted through institutional collaborations or previously compiled
datasets. For instance, the dataset introduced by Duan et al. [31] aggregates Reuters and Bloomberg
articles published between October 2006 and December 2015, offering a rich resource for event-based
�nancial modeling.

To promote reproducibility and cross-study comparability, several publicly available datasets have
also been introduced. The CMIN-US dataset [32] combines large-scale �nancial texts with stock price
time series from both U.S. and Chinese markets, enabling cross-market analyses of textual and nu-
merical signals. Similarly, the widely used ACL18 dataset [33] integrates two modalities—social me-
dia data and historical price information—comprising 387,045 tweets related to 70 companies across
seven industries. Another valuable resource is the 2017 Earnings Conference Calls dataset [34], which
contains transcripts of corporate earnings calls collected from Seeking Alpha10. This dataset includes

1https://www.bloomberg.com
2https://www.reuters.com/
3https://www.ft.com/
4https://finance.yahoo.com/
5https://www.marketwatch.com/
6https://www.federalreserve.gov/monetarypolicy/fomc.htm
7https://x.com/
8https://www.reddit.com/
9https://stocktwits.com/

10https://seekingalpha.com/
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detailed metadata such as speaker identities and corresponding utterances, facilitating �ne-grained
analyses of managerial tone, sentiment, and communication patterns.

Overall, the diversity and structure of �nancial textual data—from formal regulatory documents to
informal social media content—provide complementary perspectives on market behavior. Selecting
and combining these heterogeneous sources is thus a key step in developing robust and generalizable
�nancial language models.

3.4 Financial NLP Tasks

In �nancial language processing, tasks can be broadly categorized into two complementary domains:
text understanding and predictive modelling. The former focuses on extracting semantic, syntactic, or
event-driven signals from �nancial texts, while the latter leverages such information—often in con-
junction with numerical or temporal data—to predict market variables or guide investment decisions.
The interplay between these two levels of analysis enables modern �nancial NLP systems to move
from mere text interpretation to actionable �nancial insight.

Sentiment and Tone Analysis. Sentiment analysis has long been a cornerstone of �nancial text min-
ing. Its goal is to assess the polarity or tone of �nancial discourse, identifying whether the expressed
attitude toward a �rm, market, or event is positive, negative, or neutral. Traditional approaches rely on
domain-speci�c lexicons such as the Loughran-McDonald dictionary [30], while modern systems em-
ploy pretrained language models �ne-tuned on �nancial corpora, such as FinBERT [35]. These models
are particularly effective in handling context-dependent expressions (e.g., “beat estimates” or “under-
perform guidance”) that standard sentiment models often misinterpret. Sentiment-derived indicators
are frequently used as explanatory variables for market movements, volatility, and risk perception.

Event and Entity Extraction. Beyond sentiment, �nancial texts encode complex event structures
involving entities such as �rms, sectors, and regulatory bodies. Event extraction aims to identify
and categorize such occurrences—e.g., earnings announcements, mergers and acquisitions, or policy
changes—along with their participants and temporal attributes. Early works used rule-based or se-
quence labeling methods (e.g., BiLSTM-CRF), while recent studies increasingly leverage transformer-
based encoders that can model long-range dependencies and domain-speci�c context [36, 37]. Event-
level representations are also essential for causal inference and cross-document reasoning.

Causal and Temporal Reasoning. Recent advances have introduced tasks focused on uncovering
causal or temporal dependencies between textual information and market outcomes. For instance, the
CMIN-US dataset [32] explicitly links �nancial news to stock price reactions in the U.S. and Chinese
markets, enabling models to learn directional cause–effect relations rather than simple correlations.
These tasks mark a shift toward explainable and reasoning-based �nancial NLP.

Predictive Modelling Tasks. Beyond textual understanding, word and language embeddings play
a crucial role in predictive �nancial modelling, where textual representations are integrated with nu-
merical and temporal features to forecast market behavior. In this context, predictive tasks leverage
embeddings to transform unstructured �nancial texts—such as news, reports, or social media mes-
sages—into quantitative signals that inform decision-making models.

A �rst class of problems, stock feature prediction, aims to estimate speci�c quantitative indica-
tors for individual assets. Among these, stock movement prediction is one of the most widely studied
and is typically cast as a classi�cation task that determines whether a stock price will rise, fall, or
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remain stable:

yt =

(
1 if Pt+1 > Pt

0 otherwise
: (3.1)

Other variants include stock return prediction, where models forecast the future return rt+Dt = Pt+Dt �P t
Pt

,
and tasks such as volatility or index prediction, which extend the same logic to aggregated or risk-
related measures.

A second family of problems, stock ranking, focuses instead on the relative ordering of assets
according to predicted performance. The model assigns a score ri = f q(si) to each stock, producing a
ranked list fs(1) ;s(2) ; : : : ;s(n)g satisfying r(1) � r (2) � � � � � r (n) . This formulation is particularly effec-
tive for portfolio optimization and long–short strategies [38], as it prioritizes comparative relationships
over absolute forecasts.

Overall, these predictive modelling tasks exemplify how textual embeddings—ranging from static
vectors to contextual representations—can be transformed into actionable �nancial signals, bridging
the gap between natural language understanding and quantitative forecasting.

3.5 Summary of Word Embeddings and Language Models for Finance

In summary, the evolution of word embeddings and language models has profoundly in�uenced �-
nancial natural language processing. From early static representations such as Word2Vec, GloVe, and
FastText to contextualized and generative models like BERT, FinBERT, and BloombergGPT, the �eld
has progressively shifted toward architectures capable of understanding domain-speci�c semantics
and reasoning over complex textual data. The introduction of �nance-oriented corpora—including
regulatory �lings, news articles, social media posts, and earnings call transcripts—has enabled the
construction of embeddings that capture temporal and contextual dependencies unique to �nancial
language.

These representations have been applied across a wide spectrum of predictive modelling tasks,
ranging from sentiment and event detection to stock movement forecasting and cross-market analysis.
The ability to extract latent signals from unstructured �nancial text has proven critical for understand-
ing market dynamics, assessing investor sentiment, and supporting decision-making processes.
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Chapter 4

Applications in Labour Market
Intelligence (LMI)

In recent years, the role of specialized web portals and services in intermediation has grown expo-
nentially. This surge has given rise to the concept of Labor Market Intelligence (LMI), which in-
volves leveraging AI algorithms and frameworks to analyze labor market data and support data-driven
decision-making (see, e.g., [39, 40, 41, 42, 4, 5, 43]). In this context, the ability to monitor, ana-
lyze, and understand labor market changes both (i) in a timely manner and (ii) at a highly granular
geographical level has become increasingly signi�cant. Online Job Advertisements (OJAs) possess
these features and have become increasingly important for academic research and the development of
innovative statistics in the last years. Academic research has exploited the granularity of OJAs to an-
alyze labor market concentration [44, 45, 46, 47], but most importantly has leveraged the information
contained in the text of the advertisement to analyze �rms' skill requirements [48, 49, 50, 51, 10].

Figure 4.1 shows how the labour market is strongly in�uenced by various factors: the political, so-
cial and technological context in which one lives, education, whether at school or from other contexts,
together with experience de�ne what are the soft and hard skills of an individual. These aspects affect
the evolution of the labour market and how it is analyzed through LMI tools, the changes in the labour
market also affect the aspects mentioned above, forming a cycle of continuous transformations.

This is relevant not only for research purposes but also for the production of statistical data sup-
porting skill-related policies. In the European context in 2016 the European Commission issued the
communication “A New Skills Agenda for Europe”1 highlighting a number of actions and initiatives
aimed at equipping the European labor force with the skills of the future. In support of this initiative,
the EU agency Cedefop subsequently teamed up with Eurostat to develop a system capable of col-
lecting and classifying online job vacancies for the entire EU, covering all 28 Member States and the
Union's 32 languages [53]. The result of this effort is the Web Intelligence Hub (WIH), which has col-
lected OJAs from more than 1000 sources in Europe since 2019. Several results from this effort have
been published in studies such as [8, 9, 10, 11, 12]. This study leverages this initiative by utilizing the
knowledge base compiled by the WIH to train and optimize word embeddings.

The importance of LMI has grown a lot in recent years, also driven by the rapid technological
evolution that produces more and more tools that can also be used in this scenario, such as all the
techniques for extracting and processing information from texts written in natural language, including
online job advertisements (OJAs), curriculum vitae (CV), and online professional pro�les.

Despite their potential, LMI applications face several challenges. The data are often noisy, domain-
speci�c, and vary signi�cantly in terminology and linguistic structure across sectors, regions, and
languages. Furthermore, labour market texts are characterized by high lexical variability and rapid

1COM(2016) 381/2, available at https://migrant-integration.ec.europa.eu/sites/default/files/
2020-07/SkillsAgenda.pdf
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Figure 4.1: Analytical framework for the in-depth analysis of the labour market relevance and out-
comes of higher education systems[52].

temporal evolution, re�ecting emerging technologies and occupational shifts. Embedding-based rep-
resentations help address these challenges by mapping words, skills, and occupations into continuous
vector spaces, where semantic similarity corresponds to geometric proximity. This representation
facilitates the measurement of conceptual similarity, supports clustering and matching tasks, and pro-
vides a foundation for multilingual and cross-country analysis.

The interest in this sector involves not only private companies, but also and increasingly, public
organizations and national governments that are investing heavily in the creation of tools with which
to analyze the labor market. An example of this are the on-line portals of Canada or some American
states; the European Union is also heavily involved in this sector, an example is the ESCO taxonomy
for the cataloging of occupations and skills present in the European labor market or EURES, a Euro-
pean cooperation network of employment services that has the purpose to facilitate the free movement
of workers and to provide equal opportunities for all European citizens.

4.1 Labour Market Intelligence Data Sources

The effectiveness of LMI systems depends critically on the quality and diversity of their data sources.
Modern pipelines typically integrate both unstructured textual data and structured knowledge bases to
capture complementary aspects of labour market dynamics. Textual sources, such as job advertise-
ments and curricula vitae, provide high-frequency, real-world evidence of skill demand and supply,
while structured taxonomies and ontologies, such as ESCO, offer standardized frameworks for classi-
�cation, interoperability, and cross-country comparison.

Data for LMI applications are collected from a variety of channels. The most common are on-
line job portals (e.g., LinkedIn, Indeed, Monster, EURES), national public employment services, and
corporate career pages. These platforms offer large-scale, continuously updated streams of job post-
ings that can be scraped, parsed, and analyzed. Complementary sources include CV repositories and
professional networking platforms, which provide insights into individual skills and career paths.
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4.1.1 Unstructured Textual Sources

Among the most valuable unstructured sources for LMI are job advertisements (OJAs) and curricula
vitae (CVs). These documents represent two complementary perspectives on the labour market: OJAs
re�ect the demand for skills, while CVs describe the supply side in terms of individual competencies
and experiences.

Job advertisements are semi-structured texts typically containing information on job titles, re-
quired skills, education levels, professional experience, and sometimes salary ranges or contract types.
They provide real-time, �ne-grained indicators of occupational demand and emerging trends in the
labour market. Because they are written in natural language, OJAs exhibit substantial linguistic vari-
ability, including synonymy (e.g., “data scientist” vs. “machine learning engineer”), ambiguity, and
cross-country or sectoral differences in terminology. Natural language processing and word embed-
ding models are therefore essential to extract relevant information, normalize job titles, and link job
postings to standardized occupational categories.

Curricula vitae and professional pro�les, on the other hand, offer insights into the skills and ex-
periences of the labour force. These documents often vary widely in format and level of detail, but
they contain structured elements such as education history, previous employment, and self-declared
skills. Aggregated CV data can be used to estimate skill availability, identify emerging competencies,
or detect mismatches between skill supply and demand. However, privacy constraints and access lim-
itations mean that CV-based analyses are typically restricted to anonymized or aggregated datasets.
When available, their integration with OJAs provides a comprehensive view of labour market imbal-
ances and transitions.

4.1.2 Occupational Taxonomies

A taxonomy is a structured classi�cation system that organizes concepts into a hierarchical framework
based on their relationships and levels of generality [54, 55, 56, 6]. According to [57], a taxonomy
can be de�ned as:

De�nition 4.1.1 (Taxonomy). A taxonomy is de�ned as a couple T = (C;HC), where:

• C is the set of concepts c 2C belonging to the domain of interest (i.e., the nodes of the taxonomy).

• HC is a directed taxonomic binary relation between concepts, such that HC � f(c i ;c j ) j (c i ;c j ) 2
C2; i 6= jg. This relation, denoted as HC(c1;c2), indicates that c1 is a sub-concept of c2, also known
as the IS-A relation.

Taxonomies play a crucial role in various domains where they are used to structure knowledge
in ontologies and controlled vocabularies. In Natural Language Processing (NLP) and labor market
analysis, taxonomies such as ESCO2 (European Skills, Competences, and Occupations) provide a
structured representation of skills and occupations, facilitating semantic interoperability across lan-
guages and regions. ESCO can be de�ned as follows:

De�nition 4.1.2 (ESCO Taxonomy). ESCO works as a dictionary, describing, identifying and classi-
fying professional occupations and skills relevant for the EU labour market and education and train-
ing. Those concepts and the relationships between them can be understood by electronic systems,
which allows different online platforms to use ESCO for services like matching jobseekers to jobs on
the basis of their skills, suggesting trainings to people who want to reskill or upskill.

ESCO is translated into 27 languages (all of�cial EU languages plus Icelandic, Norwegian and
Arabic) and describes 2942 occupations and 13,890 skills required for these occupations. ESCO

2https://esco.ec.europa.eu/en/classification
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de�nes a common foundation on jobs and skills and supports labour mobility across the European
community and a more integrated and ef�cient labor market. ESCO can be used by all those actors
interested in issues related to employment, education and training.

The �rst version of ESCO was published on 28 July 2017 and it is available on an online portal
and can be consulted free of charge. It is constantly updated to better represent all the news from the
world of work. ESCO is organized into three pillars, which are strongly connected to each other as
shown in �gure 4.2:

• The occupations pillar: the pillar of occupations has a hierarchical structure, descending the
hierarchy you �nd more speci�c professions than their fathers.

• The knowledge, skills and competences pillar: knowledge is de�ned as facts, principles, theories
and practices to which it is linked a �eld of work or study. Skills mean the ability to complete
tasks and solve problems apply knowledge and competence is the proven ability to use personal,
social and methodological skills.

• The quali�cations pillar: The quali�cations pillar aims to collect existing information on quali-
�cations come from national quali�cations databases of Member States.

Figure 4.2: Linking quali�cations with the occupations and skills pillars[58].

In a taxonomic structure, concepts are typically arranged in a parent-child relationship, where
broader categories encompass more speci�c subcategories. For example, in ESCO, the occupation
2512 - Software Developer is a sub-concept of the broader concept 251 - Software and applications
developers and analysts, which in turn belongs to the more general concept of 2 - Professionals. These
hierarchical relationships can be leveraged to compute concept similarity, which is fundamental for
tasks such as job matching, skills inference, and occupational classi�cation.

Several measures are available to evaluate the similarity between concepts in a taxonomy. These
measures can be broadly classi�ed into two main categories: path-based and Information Content
(IC)-based approaches. Path-based measures estimate similarity by analyzing the structure of the
taxonomy, typically using the shortest path between two concepts or considering the depth of their
lowest common ancestor, as proposed in [59]. IC-based measures de�ne similarity based on the
probability of encountering a concept, assuming that more speci�c concepts carry higher information
content. Approaches of this kind have been presented by [60, 61, 62].
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4.1.3 The Hierarchical Semantic Similarity at a glance

For our studies, we use the Hierarchical Semantic Similarity (HSS) developed by [55] as a similarity
measure. The measure has then been implemented as a tool to perform taxonomy re�nement [63].
The HSS has been designed to measure the degree to which two concepts are related within a given
taxonomy.

Intuitively, the metric is based on the concept of information content, which states that the lower
the rank of a concept c 2 C that contains two entities, the higher the information content (IC) the two
entities share. According to information theory, the IC of a concept c can be approximated by its
negative log-likelihood: IC(c) = � log p(c) where p(c) is the probability of encountering the concept
c. Following [64], one can supplement the taxonomy with a probability measure p : C ! [0;1] such
that for every concept c 2 C , p(c) is the probability of encountering an instance of the concept c.
It follows that p (i) is monotonic and (ii) decreases with the rank of the taxonomy, i.e., if c1 is a
sub-concept of c2, then p(c1) � p(c 2). This means the probability decreases as we move to more
speci�c (deeper) concepts in the taxonomy. To estimate the values of p, [64] employs the frequency
of concepts within a large text corpus. However, we aim to infer the similarity values inherent to
the semantic hierarchy to extend a taxonomy constructed by human experts. In this context, the
Hierarchical Semantic Similarity measure is particularly useful, as it leverages the frequencies of
concepts and entities within the taxonomy to compute the value of p. Speci�cally, it estimates p as:
p̂(c) = Nc

N where N is the cardinality, i.e., the number of entities (words), of the taxonomy and Nc the
sum of the cardinality of the concept c with the cardinality of all its hyponyms.

Note that p̂(c) is monotonic and increases with the size and generality of the concept c (i.e., Nc is
larger for more general concepts), thus correctly re�ecting the de�ned properties of p.

Given two words w1 and w2, [64] de�nes c1 2 s(w1) and c2 2 s(w2) all the concepts containing w1
and w2 respectively, i.e. the senses of w1 and w2. Therefore, there are Sw1 �S w2 possible combinations
of their word senses, where Sw1 and Sw2 are the cardinality of s(w1) and s(w2) respectively. Given
that, [55] de�ne L as the set of all the lowest common ancestor (LCA) for all the combinations of
c1 2 s(w1);c2 2 s(w2). The hierarchical semantic similarity between the words w1 and w2 can be
de�ned as:

De�nition 4.1.3 (Hierarchical Semantic Similarity (HSS)). The semantic similarity between two
words w1 and w2 is computed as:

HSS(w1;w2) = å
`2L

p̂ (` = L j w 1;w2) � IC(L) (4.1)

where p̂ (` = L j w1;w2) is the probability of ` being the Least Common Ancestor (LCA) of w1

and w2, computed using Bayes' theorem as:

p̂ (` = L j w 1;w2) =
p̂ (w1;w2 j ` = L) p̂ (L)

p̂ (w1;w2)
(4.2)

Then, we de�ne Ǹas the cardinality of ` and all its descendants. The numerator can be rewritten as:

p̂ (w1;w2 j ` = L) p̂ (L) =
S<w 1;w2>2`

jdescend(`)j2
�

N`

N
(4.3)

where the �rst leg of the rhs is the class conditional probability of the pair < w1;w2 > and the
second one is the marginal probability of class `. The term jdescend(`)j represents the number of
subconcepts of `. Since they could have at most one word sense wi for each concept c, jdescend(`)j2

represents the maximum number of combinations of word senses < w1;w2 > which have ` as LCA.
S<w 1;w2>2L is the number of pairs of senses of word w1 and w2 which have L as LCA and

S<w1;w2>2`

jdescend(`)j2 is
the proportion of this maximum that is actually realized by the senses of w1 and w2. The denominator
can be written as:
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p̂ (w1;w2) = å
k2L

S<w 1;w2>2k

jdescend(k)j2
(4.4)

Bene�ts of using HSS. Unlike traditional measures that rely solely on lexical similarity or corpus-
based co-occurrence, HSS explicitly considers the taxonomic distance between concepts, taking into
account both their hierarchical depth and common ancestors. Given two occupations in a taxonomy,
their HSS score re�ects the degree to which they share commonalities: occupations that are direct
siblings (i.e., sharing the same parent node) or have a close ancestor will exhibit a higher similarity
than those that belong to distant branches of the hierarchy. By leveraging HSS, we can assess how
well a word embedding model preserves the relationships de�ned in a taxonomy, providing an intrin-
sic evaluation of its effectiveness in capturing domain-speci�c knowledge. The following sections
describe how we utilize this metric to compare different embedding models and identify those that
best preserve the ESCO taxonomy relationships.

Structured taxonomies and ontologies play a central role in interpreting and organizing informa-
tion extracted from unstructured sources. They provide a shared conceptual framework for describing
occupations, skills, and quali�cations, enabling semantic interoperability across datasets, systems, and
countries. Integrating unstructured data with these structured frameworks is a key challenge in LMI
research. Vector-based semantic models, such as word or sentence embeddings, are increasingly used
to align textual content (e.g., job descriptions or extracted skills) with taxonomy concepts. This align-
ment enables tasks such as occupation classi�cation, skill standardization, and cross-country skill
matching. By bridging the gap between unstructured text and structured ontologies, such methods
enhance the interpretability and analytical depth of modern Labour Market Intelligence systems.

4.2 Vector Space Model & Labour Market Intelligence

Word embeddings and contextual language models have become central to LMI systems; these meth-
ods provide dense vector representations of textual elements such as occupations, skills, and qual-
i�cations, capturing latent relationships that traditional symbolic or keyword-based approaches fail
to detect. By mapping job-related terms into a continuous semantic space, embeddings allow for
similarity-based reasoning, clustering, and alignment across countries and languages.

In the context of LMI, unstructured textual sources such as OJAs and CVs are particularly chal-
lenging due to their informal style, domain-speci�c terminology, and multilingual nature. Word em-
beddings trained on large collections of OJAs can model the semantic proximity between occupational
titles and skill expressions, allowing systems to infer relationships that are not explicitly stated in the
text. For instance, embeddings can capture that data scientist is semantically close to machine learn-
ing engineer, or that Python and TensorFlow often co-occur in similar professional contexts. This
ability is crucial for skill matching, job recommendation, and occupational analysis.

Beyond static representations such as FastText, which remain valuable for their ef�ciency and
robustness to rare or unseen terms, transformer-based models have signi�cantly advanced NLP appli-
cations in the �nancial and labour market domains. Adaptations of the BERT architecture �ne-tuned
for tasks such as skill extraction and occupation classi�cationnto employment-related text enable the
learning of contextual embeddings that capture the semantics of occupations and skills.

These embedding-based frameworks thus provide the foundation for linking textual and structured
data within LMI ecosystems. They enable tasks such as automatic skill tagging, occupation–skill
matching, labour market trend detection, and cross-country comparison. In this way, representation
learning acts as a bridge between raw textual evidence and high-level policy insights, supporting a
data-driven understanding of workforce evolution and skill transformation in an increasingly multilin-
gual European labour market.
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Motivating Example of Word Embeddings for Labor Market

A graphical representation of a word embedding model is shown in Fig. 4.3, trained on mil-
lions of online job advertisement titles. The map highlights existing concepts from the ESCO
taxonomy (represented by empty shapes) and alternative labels (terms that emerge from online
data and are strongly related to ESCO concepts but are not yet included in ESCO).
The embedding model effectively “encodes” words with similar meanings within the context
of the labor market. For example, while a data engineer and a data scientist are both catego-
rized as sub-concepts under the 2511: System Analyst ISCO group in ESCO, their real-world
roles differ signi�cantly—something any computer scientist would recognize. In practice, a
data engineer often aligns more closely with 2521: Database Designers and Administrators
than with its theoretical ISCO group. Conversely, there are instances where the taxonomy
accurately re�ects real labor market demands. A clear example is 3521: Broadcasting and
Audio-Visual Technicians, which forms a tight cluster on the map, indicating a strong alignment
between de-facto and de-jure labor market occupations. Similarly, 3513: Computer Network
and Systems Technicians also demonstrate this consistency, albeit to a slightly lesser extent.
Notably, representing words as semantic vectors in vector space enables the use of algebra to
perform operations over concepts. This means one can perform the following vector operation:
~vit_security_manager�~v security+~vdata =~vdata_quality_manager

This highlights the capability to reason mathematically over words and their semantic relation-
ships using vector algebra. Consequently, it underscores the importance of generating high-
quality embeddings to ensure the inference process remains accurate and free from unintended
biases. Poorly constructed embeddings can distort semantic relationships, leading to mislead-
ing conclusions and reinforcing existing biases within the data.
On the other side, the UMAP plot in Fig.4.3 illustrates the embedding that best aligns with the
ESCO taxonomy, as evaluated by the HSS metric introduced by [55]. To emphasize the effect
of using a non-optimized word embedding model—trained with default parameters—Fig. 4.4
presents an alternative embedding generated from the same dataset, without validation against
the ESCO taxonomy or the application of grid search optimization.

Natural Language Processing and representation learning techniques have enabled a wide range of
applications in Labour Market Intelligence (LMI), supporting both micro-level analyses (e.g. skill ex-
traction from job descriptions) and macro-level insights (e.g. monitoring skill trends across countries).
By leveraging word and sentence embeddings trained on large textual corpora such as job advertise-
ments and curricula, these systems are able to capture semantic relationships between occupations,
skills, and quali�cations, bridging unstructured text and structured taxonomies such as ESCO.

Skill Extraction and Normalisation A fundamental task in LMI is the automated identi�cation and
normalisation of skill mentions from unstructured text (e.g., job postings, CVs) to a standardised tax-
onomy. The process typically follows a two-stage pipeline: (1) Named Entity Recognition (NER) for
detecting skill phrases, and (2) Skill Linking for mapping these phrases to canonical entities within a
reference ontology. The �eld has been advanced by deep contextual language models, which leverage
contextualised embeddings to disambiguate complex, multi-word, or overlapping skill expressions
with high precision.

Occupational Classi�cation Occupational classi�cation involves assigning standardised codes to
job descriptions or CVs, a process vital for ensuring data comparability, statistical analysis, and ap-
plications like job matching. Early approaches relied on traditional classi�ers using bag-of-words
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Figure 4.3: UMAP plot of the best word embedding model, according to HSS metric [55]. The
plot illustrates the ESCO concepts, and words belonging to each group are displayed, distinguishing
between narrower occupations (empty shapes) and alternative labels (�lled shapes). Trained over 2
million ICT-related jobs in the UK. Taken from [55]

Figure 4.4: UMAP plot of the worst word embedding model, according to HSS metric [55]. The
plot shows the ESCO concepts and words belonging to each group are shown distinguishing between
narrower occupations (shallow shape) and alternative labels (�lled shape). Trained over 2 million
ICT-related jobs in UK
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representations, which required signi�cant feature engineering. Contemporary methods utilise neural
architectures built on contextual embeddings, which better capture semantic nuances and facilitate
cross-lingual classi�cation. This allows for consistent categorisation across different labour markets,
even for lower-resource languages.

Job–Skill Matching and Recommendation A direct application of these techniques is job–skill
matching, which aims to align job vacancies with candidate pro�les or skill sets. This task primarily
relies on computing semantic similarity within a shared embedding space, often after a normalisa-
tion step. Methodologies range from graph-based models, framing the problem as link prediction, to
modern zero-shot approaches leveraging Large Language Models (LLMs). These latter systems can
generate recommendations based on semantic similarity and ranking, potentially bypassing the need
for extensive labelled training data.

4.3 Summary of Word Embeddings and Language Models in LMI

Word embeddings and large language models have become essential tools in labour market intel-
ligence, enabling structured analysis of unstructured textual sources such as job advertisements and
CVs, and facilitating semantic integration with structured taxonomies like ESCO. The adoption of dis-
tributional and contextual representations allows systems to capture subtle relationships between oc-
cupations, skills, and quali�cations, overcoming the limitations of keyword-based approaches. Static
embeddings such as FastText remain valuable for their ef�ciency and robustness in multilingual and
low-resource contexts, while transformer-based architectures like JobBERT and ESCOXLM-R in-
troduce contextualized understanding and �ne-grained alignment between languages and taxonomic
concepts. These representations support a wide range of downstream applications, including skill
extraction, job–skill matching, and cross-country labour market comparison. Overall, embedding-
based approaches provide a semantic backbone for modern LMI systems, promoting interoperability,
scalability, and deeper insights into evolving skill dynamics across global labour markets.
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Chapter 5

Related work in VSM & eXplainable AI

The remarkable progress in Vector Space Models, from static word embeddings to sophisticated Large
Language Models, has revolutionized how machines understand and process human language. How-
ever, this increasing complexity has created a signi�cant challenge: as these models become more
powerful, they also become less interpretable. The transformation of discrete linguistic symbols into
high-dimensional vector representations, while effective for capturing semantic relationships, often
operates as a "black box," making it dif�cult to understand the reasoning behind their outputs.

This opacity poses particular problems in high-stakes domains such as �nance and labour market
intelligence, where understanding why a model associates certain terms or makes speci�c predictions
is as crucial as the predictions themselves. For instance, when a �nancial model identi�es emerging
market trends or when a labour market system detects skill correlations, stakeholders need to trust and
comprehend these insights before acting upon them.

Explainable AI (XAI) addresses this challenge by developing methods and techniques that make
the decision-making processes of AI systems transparent, interpretable, and understandable to human
users. This chapter explores the intersection of XAI and VSMs, examining how explainability tech-
niques can illuminate the semantic relationships learned by embedding models and provide insights
into their internal reasoning mechanisms.

Rather than conducting a traditional paper-by-paper literature review, this chapter adopts a meta-
survey approach, analyzing and synthesizing �ndings from major comprehensive surveys in the XAI
�eld. This methodology is particularly appropriate given the maturity of XAI research and the ex-
istence of numerous high-quality surveys that collectively provide extensive coverage of the �eld's
principles, taxonomies, and applications.

5.1 Foundational XAI Methodologies and Frameworks

In their comprehensive survey, Adadi et al. [65] offer a foundational entry point into the �eld of XAI,
aiming to provide a thorough understanding of the key aspects, principles, and methodologies that
underpin XAI. The survey is meticulously structured to cover a wide array of dimensions, including
the motivations behind the adoption of explainability methods, the diverse applications of XAI across
various domains, the methodologies for evaluating approaches, and the strategies employed to imple-
ment explainability in machine learning models. While the survey provides a thorough and accessible
introduction to the �eld, its comprehensive scope is slightly marred by the absence of a discussion on
the explainability needs of word embeddings and other NLP sub-�elds.

Arrieta et al.[66] undertakes a thorough examination of numerous papers, through which they
derive a taxonomy grounded in the methodologies employed within these studies. This classi�cation
system is developed by considering a variety of dimensions, speci�cally: the objectives pursued by the
research (goal), the intended bene�ciaries or audience of the research outcomes (audience they target),
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the underlying reasons or necessity for undertaking the research (motivation), the speci�c methods
or approaches utilised in conducting the research (methodology), and how the research �ndings are
conveyed or presented (presentation form). While this survey is comprehensive and the taxonomy
provides a structured and nuanced understanding of the existing literature, there is a lack of attention
to the vital need for explainable or interpretable models, used to generate word embeddings.

In their seminal work, Burkart et al. [67] present one of the most comprehensive surveys to date
on XAI within the context of supervised machine learning. This survey stands out for its depth and
breadth, meticulously cataloguing the methodologies, applications, and theoretical concepts of XAI.
Through a careful examination of existing literature, similar to Schwalbe et al. [68] the authors provide
a curated list of essential de�nitions and concepts that are central to the discourse on explainable
and interpretable AI. However, one area where this survey could be expanded is in addressing the
importance of explainability within word embeddings and other sub-�elds of NLP.

In Ding et al. [69], the authors develop a multi-dimensional taxonomy designed to facilitate an
insightful categorisation of studies within the XAI �eld. By dissecting the �eld into distinct cate-
gories, the authors aim to provide a granular understanding of the diverse methodologies, application
domains, and theoretical concepts, demonstrating the complexity of the �eld and highlighting the mul-
tifaceted nature of explainability in machine learning. Additionally, the paper explores the evaluation
metrics for XAI-generated explanations, discussing and categorising these metrics to offer a coher-
ent framework for assessing the quality and effectiveness of explanations. Despite these substantial
contributions, the paper does not address the speci�c need for explainability in the context of word
embeddings or other -NLP sub-�elds.

Dwivedi et al.[70] primarily concentrates on the technical dimensions of XAI, focusing on the
construction of machine learning pipelines that are inherently explainable. It delineates the stakehold-
ers involved in the process and outlines best practices for the creation of such pipelines. Through
an in-depth analysis, the authors offer a comprehensive taxonomy of XAI techniques, systematically
categorising them based on their functionalities, applications, and intended outcomes. This structured
approach facilitates a clearer understanding of the landscape of XAI methodologies, highlighting their
diversity and applicability across various domains. Moreover, the paper extends its focus to include
XAI software and tools, providing insights into the digital instruments that support the implementa-
tion of explainability in machine learning processes. A notable instance of this application-oriented
discussion is the mention of TensorBoard, a tool renowned for its capability to project word em-
beddings, thereby offering a visual interpretation of these complex data structures. Additionally, the
authors touch upon dimensionality reduction methods such as t-SNE, which serve as powerful tech-
niques for visualising dense embeddings. Despite these references, it is observed that the discourse
on word embeddings and their explicability within the paper is relatively brief. This cursory treatment
of word embeddings and the methods for their visualisation and interpretation, such as the singular
mentions of TensorBoard and t-SNE, represents a limited exploration of an otherwise crucial aspect
of explainability in NLP. In essence, while the paper provides a robust framework for understanding
and implementing explainable AI, its engagement with the speci�cs of word embeddings and their
interpretability is somewhat peripheral.

Saeed et al.[71] present a meta-survey on XAI, synthesising �ndings from a broad array of surveys
in the �eld, offering a panoramic view of the current research landscape. Central to this work is
a detailed examination of the challenges and research directions that are pivotal to advancing the
domain of XAI. By adopting this meta-analytical approach, the authors aim to distil key insights and
identify overarching themes that emerge across multiple studies, thereby providing a comprehensive
framework for understanding the complexities and frontiers of XAI research. A notable aspect of
this meta-survey is its attention to the machine learning life cycle, echoing the focus seen in similar
surveys such as the one conducted by Dwivedi et al. [70]. However, despite the breadth of topics
covered, their meta-survey does not address the speci�c needs for explainability within the domain of
NLP, including the critical area of word embeddings.
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Similarly, in their meta-study,Schwalbe et al. [68] synthesise the outputs of prior surveys on XAI,
to construct a uni�ed taxonomy of XAI methodologies. This endeavour is rooted in the recognition of
the fragmented nature of existing classi�cations and de�nitions within the �eld of XAI, which has led
to confusion and a lack of cohesion in research efforts. By systematically reviewing and integrating
the �ndings from a wide range of surveys, the authors strive to offer a comprehensive and coherent
framework that encapsulates the full spectrum of XAI methodologies. The proposed taxonomy is
structured around three primary components: Metrics, Explanators, and Problem De�nition, each of
which is further delineated into a variety of sub-categories. This hierarchical arrangement ensures
that the taxonomy is both detailed and expansive, covering the diverse aspects of XAI research from
the measurement of explainability (Metrics) to the agents that generate explanations (Explanators),
and the fundamental questions that guide the pursuit of explainability (Problem De�nition). Signi�-
cantly, this meta-study stands out for its acknowledgement of the need for explainability in the domain
of word embeddings, an area that has often been overlooked in similar surveys. Within the section
dedicated to the "Object of Explanation," the authors highlight three works that have attempted to
introduce interpretability into the latent spaces of word embeddings. This mention, albeit brief, sig-
ni�es an important step towards recognising the complexity and critical importance of making word
embeddings and other NLP technologies transparent and understandable.

Very recently, Van et al. [72] present a tertiary review on XAI, synthesising �ndings from 40
systematic literature reviews between 1992 and 2023. This research systematically categorises the
XAI methods and offers insights into which combinations of characteristics and categories have been
researched, providing a road-map for future research directions. A notable feature of this review is
its systematic documentation of the presence or absence of research in key areas, highlighting gaps in
the current landscape. This tertiary review complements earlier works, such as the scoping review by
Saeed et al.[71], which focuses more broadly on challenges and research directions in XAI rather than
the speci�c technical characteristics of the methods themselves.
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Chapter 6

Related work in Finance domain

Natural language processing has become an increasingly relevant tool in �nancial research, where
text sources such as news, analyst reports, and social media posts carry valuable signals about market
behavior. VSM, including both static embeddings such as Word2Vec and FastText and contextual
models like BERT, have been widely adopted to represent the semantics of �nancial language in a
numerical form suitable for predictive modeling. These representations capture latent relationships
between �nancial entities, sentiment cues, and economic concepts, enabling the integration of textual
information with quantitative market indicators.

In this context, VSMs have been employed for two main purposes. First, they serve as a foundation
for �nancial forecasting, where embeddings extracted from textual data are combined with numerical
and temporal features to predict outcomes such as stock price movements, volatility, or trading vol-
ume. This multimodal perspective, linking textual and numerical signals, has signi�cantly expanded
the modeling capacity of �nancial prediction systems.

Second, embeddings are increasingly used to study social and behavioral dynamics within online
�nancial communities. The rise of platforms like Reddit and Twitter has produced a rich stream of
user-generated content that re�ects investors' opinions, collective sentiment, and emerging trends.
By representing this text in a shared embedding space, researchers can analyze correlations between
sentiment shifts and market �uctuations, providing new insights into retail-driven market phenomena
such as the GameStop short squeeze.

The following sections review the main contributions along these two dimensions: (i) VSM-based
approaches to �nancial prediction, emphasizing multimodal and temporal architectures, and (ii) appli-
cations of embeddings in social trend analysis and Financial Sentiment Analysis (FSA), particularly
focusing on Reddit-based studies.

6.1 Vector Space Models in Financial Prediction

Financial forecasting has long been a core challenge in both academic and industrial research, aiming
to predict market trends, asset returns, and risk dynamics to guide trading and investment strate-
gies. Traditionally, forecasting models have relied predominantly on historical market data, such as
time series of price and volume, to capture patterns and generate future predictions [73, 74]. How-
ever, �nancial markets are in�uenced by various exogenous factors, including macroeconomic signals,
geopolitical events, investor sentiment, and corporate disclosures, which cannot be fully captured by
quantitative indicators alone [75, 76].

The growing availability of heterogeneous �nancial data sources, encompassing both structured
inputs (e.g., �nancial statements, technical indicators) and unstructured content (e.g., news articles,
regulatory �lings, social media posts), has fueled interest in multimodal approaches. These models
integrate complementary data streams to better re�ect the complex informational ecosystem of �nan-
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cial markets. Recent studies con�rm the effectiveness of multimodal fusion in stock prediction across
different sectors [77, 78, 79]. Advanced approaches also incorporate causal reasoning and saliency-
aware augmentation to improve prediction robustness and exploit macroeconomic signals [80, 81].
By combining multiple modalities, such models can uncover complementary signals, capture latent
dependencies, and enhance robustness to market shocks and behavioral dynamics.

Within this multimodal paradigm, Word Embeddings and contextualized language representations
play a central role in extracting semantic information from unstructured text. Early works employed
static embeddings such as Word2Vec and FastText to encode �nancial terminology and sentiment
features that correlate with market behavior. More recently, transformer-based architectures like Fin-
BERT [82] and Fin-GPT [83] have been applied to �nancial corpora, providing richer contextual
embeddings that capture domain-speci�c semantics and linguistic nuances. These textual represen-
tations are frequently integrated with temporal encoders such as LSTMs [84], or relational modules
such as GNNs [85], within end-to-end multimodal frameworks.

Recent literature emphasizes the importance of integrating multiple sources of information to im-
prove predictive performance and model robustness [86]. Hierarchical fusion strategies and large-scale
neural architectures have been shown to enhance both accuracy and interpretability [87, 88]. By incor-
porating embeddings that re�ect investor tone, event relevance, or company-speci�c narratives, these
multimodal systems can better anticipate price movements and volatility shifts.

Despite the growing body of work in this area, the literature remains fragmented in terms of
architectural choices, data modalities, fusion strategies, and evaluation settings [89, 90, 91].

6.2 Vector Space Models in Financial Social Trend

Stock market forecasting has garnered increasing interest from the research community, leading to
the design of various approaches [92, 93], although several methodological and practical challenges
remain unresolved [94, 95]. The inherently dynamic and highly non-linear nature of stock prices
is driven by different factors, including corporate earnings reports, government policies, actions of
in�uential stakeholders, and expert interpretations of current events [13, 14], as further underlined in
recent studies [96, 97].

Despite the rapid advancement of Arti�cial Intelligence methodologies in �nancial analysis [98,
99, 100], their predictive accuracy remains constrained in the presence of unexpected or anomalous
events [101, 102]. To address these limitations, both academic and industry communities have in-
creasingly explored unstructured textual content, such as news articles and social media posts [103].
Indeed, the increasing availability of unstructured textual data, coupled with the evolution of NLP
approaches, led to the development of novel methodologies for capturing investor sentiment in social
media. It, however, adds further complexity to stock prediction tasks, which now require the inte-
gration and interpretation of high-volume, heterogeneous content to infer user opinions and market-
relevant emotions [97]. While traditional news media tend to provide more technical and structured
insights, content from social media has demonstrated a stronger in�uence on public opinion [104, 16].
Dong et al. [105] have demonstrated that news content yields higher predictive reliability on short-
term (one-day) horizons, whereas social media exhibits greater utility in capturing market signals over
extended periods ranging from two to �ve days.

Most of the existing approaches to �nancial market analysis have mainly focused on the process-
ing of news articles [106]. Although Xie et al. [107] provide an extensive open-source evaluation
benchmark — including 42 datasets spanning 24 �nancial tasks and covering eight critical dimen-
sions, namely information extraction (IE), textual analysis, question answering (QA), text generation,
risk management, forecasting, decision-making, and bilingual tasks — their focus remains largely
constrained to news-based data. This limitation overlooks the variability and complementary perspec-
tives introduced by social media platforms, which have increasingly attracted attention in �nancial
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contexts, as exempli�ed by the GameStop case [16].
For this reason, the analysis of user sentiment inferred from social textual content has garnered

increasing attention in recent years, falling under the umbrella of Financial Sentiment Analysis
(FSA) [108]. FSA primarily pursues two research objectives: the �rst focuses on enhancing method-
ological effectiveness through the design of advanced techniques and the utilization or curation of
high-quality human-annotated datasets; the second, which has attracted greater research attention,
emphasizes the integration of �nancial sentiment—either explicitly or implicitly—into downstream
applications within �nancial market prediction and analysis.

The need to explore the relationship between investor sentiment and informed investment de-
cisions, particularly through the integration of sentiment signals, has been emphasized by Qin et
al. [109], who incorporate this information into a machine learning framework to rank stocks and
generate investment recommendations. However, their approach relies on pre-labeled data sourced
from �nance-oriented social platforms (e.g., StockTwits), without addressing the inherent challenges
of identifying and classifying relevant posts within noisy and unstructured textual environments. In
a different vein, Zhuang et al. [110] propose a two-stage method for enabling sentiment-informed
decision-making in real-world �nancial contexts. Initially, a LLaMA-2-13b model is �ne-tuned on a
manually annotated binary sentiment dataset. The resulting labeled outputs are then used to construct
sentiment indices, which serve as input features in a subsequent quantitative investment analysis.
While the methodology illustrates the feasibility of leveraging large language models for sentiment
extraction, it is constrained by the limited size of the annotated dataset (approximately 200 samples)
the reliance on a single large language model for analysis, and the narrow scope of the data source,
which is derived from a single investment-focused discussion forum.

Despite recent efforts to build �nancial-domain LLMs—e.g., FinMA [111] and Fin-GPT [83]—the
available models remain relatively small in terms of number of parameters and their performance
degrades when applied outside of the speci�c tasks for which they were optimized. Large founda-
tion models such as BloombergGPT [112], trained with 50 billion parameters on internal Bloomberg
datasets, show promising performance, although they are withheld from public release, limiting re-
searchers in assessing domain-speci�c LLMs at scale in �nancial applications [113].

As highlighted in the literature, the analysis of opinions expressed in posts is predominantly ad-
dressed using FSA techniques, also focusing on a speci�c use case [16]. This approach is reasonable
in the context of news analysis, where positive sentiment is typically associated with good news about
companies—encouraging investors to buy shares—while negative sentiment re�ects bad news that
may prompt investors to sell. However, FSA is not applicable in the context of individual investors'
opinions because, as discussed in the introduction, the sentiment of a post is orthogonal to the author's
trading intentions. The only work that recognizes the need to measure trading intentions rather than
sentiment is Zuang et al. [110], but it essentially employs standard FSA techniques.

Furthermore, the majority of existing approaches focuses on the analysis of news articles, whose
content is typically written in a formal language, while other studies investigate sentiment analysis
on social media. Although social media content are often characterized by informal and non-standard
language, state-of-the-art approaches generally rely on pre-cleaned datasets, as for instance BigData22
1, ACL182, and CIKM183.

Recent studies examining users' activity on social media platforms like Twitter, StockTwits, and
Reddit have explored the possible impact of these communities on �nancial market dynamics. These
platforms have become powerful mediums for opinion exchange, in�uencing investment decisions
and market trends [114, 115, 116]. Research has shown that �nancial discussions taking place during
periods of increased user activity strongly correlate with stock price movements [117], indicating
that social media can in�uence market volatility through collective sentiment [118, 119] and herding

1https://github.com/deeptrade-public/slot
2https://github.com/yumoxu/stocknet-dataset
3https://github.com/wuhuizhe/CHRNN

49



behavior [120, 121].
Analyzing the impact of community engagement through the prism of social network metrics

gives a better understanding of users' in�uence on �nancial market behaviors [122, 123, 116]. Tra-
ditional centrality measures, such as degree centrality, betweenness centrality, and PageRank, have
been widely used to identify prominent users in social networks. However, not all of these metrics
are well-suited for capturing the in�uential roles on social media platforms due to the inherent struc-
ture of the network, which often exhibits non-linear information �ows and hierarchical discussion
structure [124].

Buntain et al. [123] analyzed network structures of several subreddits to identify distinct social
roles within Reddit communities by analyzing users' degree distributions. The study demonstrated
that an "answer-person" may exert different levels of in�uence depending on their activity patterns.
However, in the framework of �nancial discussions on Reddit, conventional degree centrality metrics
may not capture the full complexity of user in�uence, as they do not consider the variability of user
behavior across different communities. To better capture the dynamic nature of users activity in their
study Phang et al. [122] combined degree centralization with other network metrics such as in-degree
and out-degree centrality, betweenness, and reciprocity to measure the impact of participation and
interaction patterns on user engagement. Their results indicate that a higher level of engagement,
manifested by higher scores of inclusiveness and betweenness centrality, allows a user to have a more
signi�cant impact on the intentions of others regarding consumption, while a high level of out-degree
centrality and a core-periphery structure limit user interaction and lead to the disappearance of this
effect.

Recent studies have increasingly focused on integrating content-based analysis, particularly senti-
ment analysis of textual posts, to de�ne user in�uence in social network communities. Li et al. [125]
focused on user moods and social in�uence, captured through sentiment analysis on StockTwits to ex-
plore the relationship with stock price �uctuations. They demonstrated that sentiment and engagement
patterns effectively predict stock trends. Machavarapu et al. [126] have further emphasized the pre-
dictive power of sentiment-based measures in �nancial subreddits, revealing that increased sentiment-
driven engagement often correlates with stock price movements, underscoring the need to incorporate
engagement metrics into �nancial market analyses. Long et al. [119] investigated the role of sentiment
extracted from Reddit discussions in in�uencing GameStop's price dynamics during the early 2021
rally. The study focused solely on the predictive power of content extracted from over 10.8 million
comments. It evaluated the impact of the sentiments on intraday stock price movements and trading
volumes to demonstrate that user discussions play a signi�cant role in market dynamics. The analysis
of the reviewed literature reveals that most studies either focus on content-based features alone or
utilize network topology measures, overlooking the combined effects of user position within the net-
work and the nature of their contributions. Addressing this gap, Hu et al. [116] integrated the use of
PageRank centrality as a proxy for in�uence with sentiment-driven content features to investigate the
impact of Reddit communities like r/wallstreetbets on retail investor behavior, showing that collective
actions, such as the GameStop (GME) short squeeze, can create substantial market volatility.
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Chapter 7

Related work in Labour Market
Intelligence

Machine learning techniques and word embeddings have been extensively applied in Labor Market
Intelligence (LMI) for tasks such as job classi�cation, skill extraction, and the generation of synthetic
datasets. Online job advertisements represent a rich and dynamic data source, offering valuable in-
sights for real-time labor market analysis and enabling data-driven decision-making [11]. Research
has shown that models trained on job vacancy corpora can effectively address a wide range of analyt-
ical challenges in this �eld.

Boselli et al. [11] classify OJAs through Machine Learning (ML) and leverage AI to identify
and analyse the unique set of skills required for each profession in the labour market. Colombo et
al. [10] develop a set of innovative tools for LMI by applying ML techniques to web vacancies in the
IT labour market, allowing them to uncover the nuanced variations in skill demands across various
occupations, which may indicate a fragmented job market where speci�c skills are prioritized for
particular roles. They leverage an AI-powered platform to comprehensively analyze the unique blend
of skills and quali�cations required across various occupations within the dynamic labour market,
taking into consideration regional variations, industry trends, educational attainment, and levels of
professional experience. Fettach et al. [127] developed a system that reveals the dynamic changes in
skill sets and job roles across industries amidst ongoing labor market disruptions from technological
advancements and changing societal demands. Malandri et al. [128] develop a Web-based tool for
automatically enriching the standard occupation and skill taxonomy (ESCO) with new occupation
terms extracted from OJAs. The ability of a profession to be interpreted differently across various
markets highlights the importance of understanding the unique characteristics of each market. For
instance, Malandri et al. [128] were able to understand that while the ICT labour market in Northern
Europe has reached a higher level of maturity compared to the South, it in�uences how the term ICT
specialist is perceived and used within those regions. This discrepancy underscores the need for a
nuanced approach when interpreting professional titles across markets.

A key application is job classi�cation, where embeddings are leveraged to map job postings onto
standardized occupational taxonomies such as ESCO. For instance, JobBERT [129] adapts the BERT
architecture to job-related text, �ne-tuned on occupational corpora to capture semantic nuances in
employment contexts and enhance classi�cation performance. Similarly, multilingual models such
as the ESCOXLM-R model [130] extend XLM-RoBERTa for multilingual job and skill classi�ca-
tion aligned with ESCO concepts, enabling better cross-lingual generalization and occupation–skill
linking.

Beyond classi�cation, embeddings also play a crucial role in skill extraction and data augmen-
tation. [131] propose a deep learning framework to retrieve relevant skills from job descriptions,
addressing the extreme multi-label nature of the task. Similarly, [132] introduce a training strategy
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for skill extraction that demonstrates how large language models (LLMs) can improve the coverage
and quality of structured labor market data. In a complementary direction, [133] explore the potential
of LLMs for zero-shot skill matching, using generative models to align job descriptions and skills
without the need for manual annotation.

7.1 Annotated Job Postings Datasets

The development of robust LMI systems is critically dependent on the availability of high-quality,
annotated datasets for training and evaluation. The methodologies discussed in the previous sec-
tions—such as skill extraction and occupation classi�cation—rely on supervised learning, which in
turn requires large-scale, accurately labelled corpora. The landscape of these datasets is diverse, vary-
ing signi�cantly in their annotation methodology, granularity, and the types of skills they capture.

Recently, LLMs have demonstrated exceptional pro�ciency in data generation. Despite this, their
generation process is primarily driven by the modelling of statistical correlations between subword
tokens. This fact restricts their ability to produce factually accurate text, often leading to halluci-
nations [134]. To alleviate this issue, several recent approaches propose techniques for knowledge-
enhanced synthetic data generation with LLMs, where the contextual information about entities rel-
evant to a text-generation task is converted from a knowledge-based resource into textual form to
be included in an LLM prompt[135, 136, 137, 138]. Those approaches, when grounded with trust-
worthy knowledge related to the domain under consideration, such as the one coming from domain-
speci�c taxonomies or knowledge bases, has proven to enhance the faithfulness to real-world data and
the intra-dataset diversity of the generated data, improving the performances of classi�ers trained on
them [139, 140, 141].

Previous datasets of job postings can be manually annotated, automatically annotated, or syn-
thetic. In some cases, the annotation is inferred directly from the source from which it is extracted.
Another difference is that annotation can be on the sentence level or the span level, meaning that each
sentence is annotated with the skills it contains instead of the whole job post. Finally, most datasets
are annotated only with either soft or hard skills.

Manually annotated Datasets. On the span-level, in [142], 4,863 sentences are annotated with soft
skill through crowdsourcing, while [143] and [144] propose respectively 100 and around 200 OJAs
manually labelled with hard skills. The dataset presented in [145] comprises around 3,000 OJAs
annotated on the sentence level by domain experts with both hard and soft skills. In [146], the authors
introduce SKILLSPAN, a dataset containing 14,500 sentences and more than 12,500 annotated spans.
They provide construction guidelines developed from three sources and annotated for hard and soft
skills by domain experts.

Automatically Annotated Datasets. In [131], Bolha et al. make available a dataset of 20,298 job
posts collected from the website mycareersfuture.sg, where the labels come directly from those spec-
i�ed in the job posts as required.

Synthetic Datasets. Both [132] and [133] utilise GPT for the creation of synthetic training data
labelled for skill matching. Speci�cally, in DECORTE [132], the authors prompt GPT-3.5-turbo to
generate ten examples for each ESCO skill, whereas in [133], GPT-3.5 is used to produce 40 exam-
ples for each ESCO skill. They both generate sentences containing a single skill. An ID �eld can also
be used to reconstruct the job descriptions from the sentences. In SKILLSKAPE [147], the authors
propose a generation pipeline ensuring that the skill number varies across job postings, that the skills
in the same job posting are correlated, and there is a minimum representation of each skill within the
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Figure 7.1: An image from [148] depicting unaligned monolingual word embeddings (left) and word
embeddings projected into a joint cross-lingual embedding space (right). Embeddings are visualized
with t-SNE.

dataset. They employ GPT-2 for generating sentences with more than one skill.

However, a signi�cant limitation persists across these synthetic data generation efforts: they typ-
ically produce brief job descriptions containing only one or a few isolated skills. This lack of com-
plexity and the absence of the rich, multi-skill context characteristic of real-world job advertisements
represent a substantial discrepancy. This realism gap can consequently hinder the performance and
generalisability of models trained solely on such synthetic data for complex downstream tasks like
comprehensive skill extraction and job-skill matching.

7.2 Word Embedding Alignment

When word embeddings are trained independently on different corpora, their vector spaces are not
directly comparable, even when derived from the same language. This misalignment is exacerbated in
multilingual contexts, where embeddings are trained on corpora from different languages, making di-
rect comparisons challenging, as exempli�ed in Fig. 7.1 from [148]. Without alignment, embeddings
from different models cannot be meaningfully compared, limiting their applicability in cross-lingual
and cross-domain tasks. Aligning embedding spaces enables meaningful comparisons by mapping
different vector spaces into a shared coordinate system. However, this process presents several chal-
lenges. First, structural differences arise due to variations in training data, corpus size, and linguistic
properties, leading to inconsistencies between vector spaces. Second, selecting appropriate anchor
points—words or concepts that serve as reference points for alignment—is critical, as an unsuitable
choice can introduce distortions. Finally, the alignment method must balance computational ef�-
ciency and accuracy, ensuring that the transformed embeddings preserve semantic relationships while
adapting effectively to the target space. Understanding the key challenges in cross-lingual language
models is essential for evaluating how state-of-the-art methods address them. Word vectors trained
on monolingual data exhibit comparable topological structures across different languages [149]. This
observation laid the foundation for early alignment methods, which assumed that embedding spaces
could be mapped through a simple linear transformation [149]. However, this assumption has signif-
icant limitations. Linguistic variations in morphology, syntax, and semantics introduce complexities
that challenge the validity of this hypothesis, making alignment more dif�cult in practice.

A key challenge in our study arises from our embeddings being trained separately on OJAs' cor-
pora from different countries. Each dataset re�ects unique linguistic and contextual nuances, leading
to inherently non-comparable vector spaces. Even when the same concept appears across multiple
countries, differences in terminology, language use, and data distributions cause variations in learned
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embeddings. Consequently, direct comparison of embeddings across countries is infeasible without
an alignment mechanism. Various methods have been proposed to achieve this alignment, ranging
from of�ine linear transformations, like [149], to online multilingual embedding adjustments as [150].
These approaches seek to enhance comparability while preserving the integrity of the original vec-
tor spaces. A common strategy for cross-lingual alignment involves constructing a seed lexicon—a
collection of words with equivalent meanings in both corpora—serving as a reference for mapping
embeddings. Within this research domain, several intuitive approaches have emerged. [151] intro-
duced an unsupervised method that exploits the structural similarity of embedding spaces. Instead of
relying on bilingual data, they use numerals as anchor points, assuming their meanings remain stable
across languages. However, this approach can be sensitive to contextual variations in numeral usage
across different corpora. Another notable contribution is the Hierarchical Cross-lingual Embedding
Generation (HCEG) method by [152], which eliminates pivot language bias by leveraging linguistic
hierarchies. Their approach enhances vocabulary induction, particularly for low-resource languages,
though its computational complexity scales with the number of languages involved. A particularly
in�uential method was proposed by [153], who developed an unsupervised alignment technique that
does not require parallel data. They learn a linear mapping between embedding spaces by combining
adversarial training with Procrustean optimisation. Their method also introduces a novel validation
metric and the CSLS similarity measure, achieving results comparable to supervised approaches, even
for distant and low-resource language pairs. Among these approaches, SeNSe by [154] offers a dis-
tinct perspective. It de�nes a source model, representing the space to be aligned, and a target model,
onto which the source model is mapped. Instead of relying on prede�ned seed lexicons, SeNSe selects
optimal anchors dynamically by identifying words with stable meanings across corpora. It �rst builds
a vocabulary of common words by translating terms and matching them across languages. A semantic
similarity score (SNDCG) is then computed to assess alignment quality, retaining only high-scoring
anchor pairs while removing duplicates. To ensure a balanced distribution, overly close anchors are
�ltered out. Finally, these selected anchors are used to learn an orthogonal transformation via Or-
thogonal Procrustes, preserving semantic relationships while mapping one vector space onto another.
Alignment quality is then evaluated through tasks such as Bilingual Lexicon Induction (BLI).

Summary and Limitations of the Background

This background chapter has reviewed the theoretical foundations, methodological paradigms, and
application-driven challenges that underpin the research developed in this thesis. Speci�cally, it has
introduced core concepts related to representation learning, word embeddings, graph-based models,
sentiment analysis, and multimodal learning, with a focus on their adoption in Labour Market Intelli-
gence and �nancial applications.

The material presented in this chapter provides the conceptual basis for multiple parts of the the-
sis. The discussion on distributional semantics, word embeddings, and similarity measures directly
supports the methodologies developed in Chapters 9, 10, and 11, where embedding-based representa-
tions are employed for keyphrase extraction, synthetic job advertisement generation, and cross-country
labour market analysis. The background on social media analysis, sentiment modeling, and network
centrality informs the research presented in Chapters 12 and 13, which focus on social trading signals
and in�uence modeling in �nancial communities. Finally, the overview of multimodal learning and
heterogeneous data fusion motivates the systematic survey and taxonomy presented in Chapter 14.

Despite providing a comprehensive overview of existing approaches, the background also high-
lights several limitations in the current literature. First, many methods rely on static or context-
independent representations, which struggle to capture evolving semantics across domains, languages,
and time. Second, existing datasets are often limited in size, coverage, or accessibility, constraining
reproducibility and large-scale experimentation. Third, most approaches treat textual, numerical, and
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relational data in isolation, while real-world economic and �nancial systems are inherently multimodal
and interconnected. Finally, in�uence modeling in social and �nancial networks frequently depends
on purely structural metrics, overlooking the semantic content and intent expressed by users.

The contributions of this thesis are explicitly designed to address these limitations. By proposing
embedding-based, unsupervised methods that adapt to different domains and languages, releasing
curated and synthetic datasets, introducing novel tasks and evaluation benchmarks, and advancing
multimodal and content-aware modeling strategies, this work moves beyond the constraints identi�ed
in the background. As such, the background chapter not only contextualizes the research landscape
but also motivates the methodological and empirical innovations developed throughout the thesis.
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Part IV

Vector Space Model & eXplainable AI
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Chapter 8

eXplainable AI for Word Embeddings: A
Survey

In recent years, word embeddings have become integral to Natural Language Processing (NLP), offer-
ing sophisticated machine understanding and manipulation of human language. Yet, the complexity
of these models often obscures their inner workings, posing signi�cant challenges in scenarios re-
quiring transparency and explainability. This survey conducts a comprehensive review of eXplainable
Arti�cial Intelligence (XAI) strategies focused on enhancing the interpretability of word embeddings.
By classifying the existing body of work into six broad categories based on their methodological
approaches—a classi�cation that, to our knowledge, does not exist in the literature—we provide a
structured overview of current techniques and their characteristics. Additionally, we uncover a note-
worthy oversight: a predominant emphasis on interpreting model outputs at the expense of exploring
the models' internal mechanics. This �nding underscores the necessity of shifting research efforts
toward not only clarifying the results these models produce but also demystifying the models them-
selves. Such a shift is crucial for uncovering and addressing biases inherent in word embeddings,
thus ensuring the development of fair and trustworthy AI systems. Through this analysis, we identify
key research questions for future studies and advocate for a holistic approach to transparency in word
embeddings, encouraging the research community to explore both the outcomes and the underlying
algorithms of these models.

This chapter provides a survey presented in [20] that examines the intersection between Explain-
able Arti�cial Intelligence (XAI) and word embeddings, aiming to clarify how explainability tech-
niques can be applied to vector space models. We begin by exploring foundational XAI surveys and
their relevance to vector space representations, establishing the core principles and motivations behind
explainable AI. Subsequently, we analyze comprehensive taxonomies and classi�cation frameworks
that have been proposed to organize the diverse range of XAI methodologies. The discussion then
shifts to technical implementations and available software tools that facilitate explainability in prac-
tice. Furthermore, we consider insights from meta-surveys and tertiary reviews that synthesize the
broader XAI landscape, offering a high-level perspective on the �eld's evolution and current state.
Finally, the chapter identi�es critical gaps in contemporary XAI research, with a particular focus on
the underexplored challenge of word embedding interpretability, and suggests promising directions
for future inquiry.

Through this analysis, we aim to provide a comprehensive understanding of how explainability
techniques can be applied to vector space models, while highlighting the speci�c challenges and op-
portunities in making semantic representations transparent and interpretable.
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8.1 Introduction

In the fast-paced world of Arti�cial Intelligence (AI), the need for models that are not only high-
performing but also interpretable and explainable has taken centre stage. As AI technologies are
increasingly being integrated into essential areas such as healthcare, �nance, and legal systems, the
necessity for word embeddings, which transform textual information into numerical formats to re-
veal semantic relationships, becomes crucial, positioning them at the forefront of NLP techniques.
However, the complexity and widespread adoption of these models have rendered their workings in-
creasingly opaque, underscoring the critical need for XAI approaches tailored to this area.

XAI aims to enhance the transparency of AI systems, fostering trust and ensuring accountability in
their applications. Within the domain of word embeddings, the quest for explainability is particularly
challenging and multifaceted. It involves not only technical efforts to unravel the complexities of the
embedding space but also addresses socio-technical issues like bias and fairness in AI outcomes. The
role of XAI in word embeddings is critical due to the inherent complexity of human language, making
the interpretation and processing of textual data a nuanced task.

This survey aims to provide a thorough analysis of XAI methods in the domain of word embed-
dings. It outlines the theoretical foundations of word embedding categorises and scrutinises a wide
range of XAI techniques for word embeddings, evaluates their practical effectiveness, and discusses
ongoing challenges and future research directions. Our goal is to offer a comprehensive overview
that will serve as a valuable resource for researchers, practitioners, and policymakers engaged in the
development and oversight of transparent and fair AI systems.

8.1.1 Motivation and Contribution

The inception of this survey is propelled by an identi�ed void in the existing literature on XAI within
the speci�c context of word embeddings. Despite the proliferation of XAI research, a focused exami-
nation of its application to word embeddings—a cornerstone of NLP technologies—remains conspic-
uously absent. This gap is not trivial; word embeddings play a pivotal role in interpreting and process-
ing the complexities of human language, a task that is as crucial as it is challenging. The absence of
a comprehensive survey in this area hinders the progress toward fully transparent, interpretable, and
equitable AI systems.

Our motivation is further fuelled by the increasing reliance on word embeddings in diverse AI
applications that affect daily life and critical decision-making processes. As these models become
more ingrained in societal functions, the demand for their transparency and explainability escalates.
The interpretability of word embeddings presents unique challenges and has a substantial impact on
AI outcomes, highlighting the immediate necessity for a dedicated survey. Such a survey is essential to
address a signi�cant gap in the literature and to serve as a foundational reference for future research., as
we believe this effort will aid in the creation of AI systems that are more transparent, understandable,
and fair.

Moreover, this survey is motivated by the belief that advancements in XAI within the domain
of word embeddings can drive broader improvements across the AI �eld. By analysing the com-
plexities of making word embeddings explainable, we aim to uncover new insights into generalisable
methods for enhancing model transparency. This effort is not merely academic; it has signi�cant im-
plications for the ethical deployment of AI technologies, ensuring they meet humanity's diverse needs
in a fair and responsible manner. Therefore, this survey aims to explore a critically important yet
under-explored area, contributing to the development of AI technologies that are both interpretable
and innovative.

Fig. 8.1 provides a motivating example that encapsulates the core of our motivation: the necessity
of explainable AI for the embedding generation process is as critical as XAI for machine learning
tasks. We argue that although NLP tasks have garnered signi�cant attention from the XAI community,
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Figure 8.1: Motivating Example: The goal is to classify four news articles into three prede�ned
categories. To achieve this, an embedding model transforms the initial articles into a 2(N)-dimensional
space, which is then used as input for the classi�er. We argue that the user, developer, or decision
maker should be able to question not only the classi�er regarding its output but also the embedding
model to investigate its inner workings.

explaining embeddings, which serve as the input for nearly all contemporary NLP techniques, have
received comparatively less focus. In our survey, we analyse the few studies that offer explainable
embeddings or explainers applicable to current embedding methods.

Contributions. Our contribution is two-fold:

• Classi�cation of the current state of the art in word embedding explanation into six distinct
groups and discussing their characteristics. To our knowledge, our survey is one of the �rst
works that aims at bridging the gap between XAI and word embeddings.

• Identi�cation of research questions for future studies based on the outcomes of this survey.

8.1.2 Scope

Considering that we encountered a relatively sparse landscape of literature directly addressing this
topic, we employed an inclusive methodology to capture a broad spectrum of scholarly contributions
in this survey. Consequently, we considered all peer-reviewed works encountered on the topic, without
discrimination based on the rank or prestige of the publication venues. This approach resulted in
the identi�cation and analysis of 75 papers. By better analysing, we discarded 34 papers which did
not have addressed both XAI and word embeddings, resulting in 41 papers. The search terms were
identi�ed as combinations of XAI and Word embedding keywords and were further extended, through
identi�cation of new keywords from the corresponding papers. The �nal term sets are XAI (XAI,
Explainable Arti�cial Intelligence, Interpretable AI, Interpretable Arti�cial Intelligence, Interpretable
Machine Learning, IML) and word embedding (Word Vectors, Distributed Representations, Neural
Embeddings, Semantic Vectors, Vector Space Models).

We aimed to construct a comprehensive overview that re�ects the current state of research, high-
lighting key methodologies, �ndings, and insights that collectively advance the discourse on explain-
ability in word embeddings. To maintain a focus on veri�ed and vetted contributions, despite identify-
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ing 18 such pre-print articles, we opted not to include them in our analysis. This decision was guided
by the desire to ensure that our survey is grounded in peer-reviewed evidence, thus providing a more
reliable and rigorous examination of the subject matter.

By delineating our scope in this manner, we seek to offer a solid foundation for understanding the
intersection of XAI and word embeddings, while acknowledging the evolving nature of this research
domain. Our inclusive yet discerning approach re�ects the balance between the breadth of perspectives
and the depth of validated knowledge, setting the stage for future explorations to build upon a robust
base of peer-reviewed scholarship.

8.2 Word Embeddings & XAI

The NLP �eld has experienced transformative advancements with the development of word embed-
dings, pivotal for a wide array of applications. Despite their ubiquity, there remains a signi�cant
gap in the literature concerning the interpretability and explainability of these models. Addressing
this, our review organises existing research into six categories based on a methodological analysis,
focusing on the strategies employed to introduce interpretability. Our classi�cation aims at both high-
lighting diverse approaches within the domain and also shedding light on potential avenues for future
research. To the best of our knowledge, the only survey offering a comparable classi�cation is found
in [155]. Unlike our work, however, that study concentrates on Deep NLP models rather than on word
embeddings.

8.2.1 Adaptive Embedding Transformation

Description. This group encompasses a range of methodologies aimed at enhancing the interpretabil-
ity and semantic coherence of word and phrase embeddings. These approaches address the inherent
opaqueness of traditional Vector Space Models (VSMs) by introducing novel techniques to uncover
and emphasise latent semantic structures within embedding spaces. The methodologies include the
development of statistical methods to analyse and quantify the semantic concepts embedded within
dense vectors, the application of non-negative and sparsity constraints to maintain interpretability,
and the incorporation of compositional semantics to align embeddings more closely with human lan-
guage intuition. Additionally, visualisation tools are proposed to project embeddings into semantically
meaningful sub-spaces, facilitating in-depth analysis and comparison. By transforming pre-trained
embeddings through various means—such as denoising auto-encoders, projected gradient descent,
and algebraic projection de�nitions—these methodologies strive to produce embeddings that are in-
terpretable and at the same time, retain or enhance their utility in downstream tasks. Collectively,
these approaches contribute to the broader effort of making machine-learned representations more ac-
cessible and meaningful to humans, thereby bridging the gap between complex computational models
and intuitive human understanding. An example of such methodology is depicted in Fig. 8.2

State-of-the-art. Luo et al. [157] discusses the development of Online Interpretable Word Embed-
dings (OIWE), focusing on applying non-negative constraints to the Skip-Gram model for learning
word embeddings directly from streaming text data. This approach seeks to address the interpretabil-
ity limitations of traditional word embeddings by ensuring that the learned word vectors maintain
non-negativity, making them more interpretable and meaningful. The authors employ projected gra-
dient descent for optimisation, aiming to enhance both the ef�ciency and interpretability of word
embeddings.

Fyshe et al. [158] proposes Compositional Non-negative Sparse Embedding (CNNSE), aiming
to overcome the opaqueness of traditional VSMs by introducing interpretability through sparsity and
non-negativity constraints. By incorporating the notion of compositionality directly into the learning
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