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Abstract

Arabic is a morphologically rich language where many words share the same root.
This causes a well-documented problem when using automatic synonym extraction, where
standard methods based on embeddings and cosine similarity — the Baseline — consistently
return root-related word forms instead of true functional synonyms. This thesis addresses
this problem.

This thesis proposes a three-stage pipeline combining a pre-trained Arabic language
model (Bidirectional Encoder Representations from Transformers (BERT)), Singular
Value Decomposition (SVD), and the Self-Organising Map (SOM). BERT generates con-
textual word representations; SVD reduces the embedding dimensionality of any given
word to suppress noise; and the SOM reorganises the space so that functionally equiv-
alent words cluster together rather than root-related ones. The SVD-SOM pipeline was
trained on approximately 3,800 Arabic articles covering 157 target words from variety of
domains including education, economics, law, and media. A key limitation of the SVD-
SOM pipeline is the absence of a standard Arabic synonym evaluation benchmark, which
makes performance measurement inherently difficult. Evaluation was therefore conducted
by comparing the SVD-SOM pipeline output against the Microsoft Word Arabic The-
saurus and several established Arabic online dictionaries (Almaany, Al-Maajim, Arabic
Wiktionary), and the system was shown to retrieve true functional synonyms directly and
reliably. To make this comparison quantitative, a lexically-grounded weighted synonym
evaluation (the WSSQ@QL and wDCG@Fk measures, defined in Chapter 2) scores each re-
trieved candidate on a 0-1 closeness scale and rewards ranking true synonyms near the
top of the list.

The results are clear. For the word @.ta3 (Education), the Baseline ranked terms such



as 3wl (Professor) and 23 (Student-related) within its top-15 output — neither of
which is a functional synonym. The proposed SVD-SOM pipeline ranked o yu43 (Teach-
ing) and «aais (Enlightenment) in the top two positions, exactly matching the Microsoft
Word Arabic Thesaurus. This pattern was reproduced consistently across the case studies
presented in Chapter 5. A quantitative cross-validation using an architecturally indepen-
dent Sentence-BERT model across all 2,512 experimental scenarios showed a modest but
consistent improvement of the SVD-SOM pipeline over the Baseline.

Future work should prioritise building a publicly available Arabic synonym bench-

mark and extending the SVD-SOM pipeline to include Arabic dialects and downstream

applications such as information retrieval.

Keywords: Arabic, NLP, BERT, SVD, SOM, Synonyms.
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Chapter 1

Introduction

1.1 Background

A synonym is defined as a word that can be substituted for another in a sentence without
changing its meaning [1]. Two expressions are synonymous if the substitution of one
for the other does not alter the truth value of any sentence in which the substitution
is made [2]. This seemingly simple definition conceals a considerable computational
challenge, particularly when applied to Arabic, where the lexicon is organised around a
root-pattern morphology that produces large families of structurally related words from

a single triliteral root.

1.1.1 Linguistic Properties of Arabic

Arabic is a right-to-left (RTL) language whose writing system omits short vowels in
most digital contexts, typically representing them through (Jus&3 (diacritical marks)
placed above or below letters. This omission introduces lexical ambiguity: the same
written form may correspond to multiple distinct words depending on the context. For
example, the forms ‘q.\.c (flag) and ‘q:\.c (knew) are written identically when diacritics
are not used [3]. Beyond this orthographic challenge, Arabic derivational morphology
is exceptionally productive. From a single triliteral root, the language generates nouns,
verbs, adjectives, and adverbs following established patterns — a property that makes
Arabic semantically rich but computationally challenging. 8l y231 (synonymy) in Arabic

is correspondingly vast: a single concept may be expressed by dozens of words, each
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carrying subtle distinctions of register, intensity, or domain [1]. This richness is both an

asset and a source of difficulty for automated extraction systems.

1.1.2 From Statistical to Neural Representations

Traditional statistical approaches to text representation offer a starting point for syn-
onym extraction; However, these approaches. consistently fall short when the goal moves
beyond surface lexical matching toward capturing genuine functional equivalence [2].
The emergence of distributional semantics marks a turning point: Rather than treat-
ing words as discrete symbols, these distributional models encode them as dense vectors
in high-dimensional spaces, where geometric proximity is expected to reflect semantic
relatedness [4, 5]. Transformer-based architectures push this further by making represen-
tations context-sensitive, so that the same word receives a different vector depending on
the sentence that surrounds it. BERT, when trained on large Arabic corpora [6], brought
this capability to Arabic and demonstrated measurable improvements across a range of
Natural Language Processing (NLP) tasks.

Yet despite the representational sophistication provided by these models, synonym re-
trieval continues to rely on a fundamentally simple mechanism: linear distance in vector
space, most commonly cosine similarity. This reliance reveals an important gap. Linear
distance metrics capture statistical proximity between terms but are blind to the dis-
tinction between a word’s morphological derivatives and its true semantic equivalents [7].
The result is a synonym list populated not by functionally interchangeable terms, but
by inflected forms and derivational relatives that share a root yet serve entirely different

communicative purposes.

1.1.3 The Role of Singular Value Decomposition and Self-Organizing Maps

This research argues that the problem lies not in the quality of the embeddings themselves
— the dense numerical vectors that represent words in a high-dimensional space such that
semantically related words appear close to one another — but in what happens after

they are generated. This work propose that reorganising the vector space topologically,
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using the SOM, offers a principled solution [8]. To bridge the gap between the raw high-
dimensional BERT space and the SOM, SVD is employed to reduce dimensionality. SVD
compresses the embedding space by filtering out the low-variance noise that corresponds
to morphological surface similarity, thus retaining only the dominant semantic dimensions
[9]. This refined, latent representation is then passed to the SOM, which organises it
into a topology-preserving grid where functionally equivalent terms converge into shared
neighbourhoods, regardless of their morphological form [10]. This combined pipeline —

BERT, SVD, and SOM — is developed in this thesis.

1.2 Motivation

1.2.1 The Morphological Noise Problem

The practical gap that motivates this research is the morphological noise problem: when
standard cosine similarity is applied to Arabic embeddings, the top-ranked candidates are
dominated by words that share the same root as the target (such as inflected forms and
derivatives) rather than its true functional synonyms (different roots, same meaning).
This becomes clear when one examines the output of state-of-the-art Arabic embedding
models in synonym retrieval tasks. Consider the word p.:.hi (Education). Table 1.1
shows the words that a standard cosine similarity system retrieves, compared with the
words’ true functional synonyms.

Table 1.1: Same-Root Forms vs True Synonyms of M.\as (Education).

Same Root (.n -3- c) (’-I-m) — Not Synonyms | Different Roots — True Synonyms
Arabic | Meaning Arabic | Meaning

@l Knowledge / Science i J..\S Teaching

p.\.a.: Teacher ._a.“;a:d Enlightenment

p.\.a; He teaches 2\.“«.»)3 Upbringing

) 5;:\:» Teachers (plural) 4.3-33 Guidance

M Educational (adj.) u.ﬁ.\S Instruction

The words on the left are not synonyms of H.Lal (Education). They are morphological
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relatives — products of the same root (.n B c) (’-l-m) that the model has learned to
place in geometric proximity. The actual functional synonyms, shown on the right, come
from entirely different roots and are systematically displaced to lower positions in the

ranking. This is the core problem this thesis addresses.

1.2.2 The Richness of Arabic Synonymy

To appreciate why an intelligent synonym extraction tool is necessary, consider the verb

P

«le (to know, to perceive, to understand). As illustrated in Table 1.2, this single Arabic
verb has more than 60 documented synonyms in classical and modern usage, each carrying
a distinct shade of meaning depending on context and domain [1]. Manual dictionary

construction at this scale is time-consuming and expensive. Automated tools that can

identify these synonyms accurately and contextually are therefore of significant practical

value.

Table 1.2: Selected Synonyms of the Verb ole (to know).

Gyl | e | B,e oLy | e il
.~.‘ - Lﬁj .!‘E ».‘

P

- w - - P

(=
GBS | e JL o 93 A 9
Jae

P w - - “ - P

o> >l G @)

- “ - o0 o -0 P

ol e\.h:uu‘ ol ke

A - ;-

oeobe 443 S 2

) “ - w - -

1.2.3 Applications of Synonym Extraction

Improving Arabic synonym extraction has direct benefits for a wide range of NLP ap-

plications. In Machine Translation (MT), synonym-aware systems produce more natural
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and contextually appropriate target-language output. In Information Retrieval (IR) and
search engines, query expansion using synonyms significantly increases recall by match-
ing documents that use different but equivalent terminology. In dialogue and Question
Answering (QA) systems, synonym knowledge enables systems to recognise paraphrased
user inputs and generate more varied, natural responses. In text summarisation and data
augmentation, synonyms allow the generation of semantically equivalent alternatives that
reduce redundancy. Each of these applications depends on the ability to distinguish true
functional synonyms from morphological relatives — precisely the distinction that the

SVD-SOM pipeline proposed in this thesis is designed to make [11].

1.2.4 The Proposed Pipeline

The motivation behind the three-stage pipeline, illustrated in Figure 1.1 emerges directly
from the diagnosis outlined above. BERT provides rich contextual embeddings, which
SVD then refines by concentrating the semantic signal and suppressing morphological
noise. The SOM reorganises the refined space into a topological semantic grid where
functionally equivalent terms converge into shared neighbourhoods, illustrated by the

green regions in the figure, regardless of their morphological form [8, 15].

The SVD-SOM Pipeline

Pipeline core

: BERT
‘ Arabic ‘

SVD

Noise
suppression

SOM
Topological
mapping

Contextual
corpus

embedding (Top-15 list)

Functional
T— synonyms

A A _

Input Output

Pipeline = Embedding + SVD + SOM

Figure 1.1: The Proposed Pipeline.
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1.3 Problem Statement

Despite the significant progress that context-aware models like BERT [12] have brought to
Arabic NLP, a well-defined problem remains unresolved: the inability of linear distance
metrics to distinguish between functional synonyms and morphological neighbours in
high-dimensional Arabic embedding spaces.

The distinction matters because the two categories hold fundamentally different lin-
guistic roles. A functional synonym is a word that can replace the target term in a
sentence without altering its meaning [1]; a morphological neighbour shares structural
features with the target word, but serves a different grammatical or semantic function.
Current vector-based retrieval systems, including those built on Transformer architec-
tures [13], do not separate the two categories, because both tend to appear in similar
distributional contexts in training corpora. The outcome is a systematic degradation
of precision in synonym extraction, particularly in specialised domains where the exact
functional meaning of a term is critical.

The research gap addressed in this thesis therefore lies not in the generation of word
representations, but in the transition from those representations to meaningful semantic
ranking. Table 1.3 illustrates this gap across three representative domains.

Table 1.3: Semantic Gap Across Three Specialised Domains.

Domain Target Word Morphological Noise Functional Synonym

Education | gula3 (Education) | a3 (Educational, adj.) | g y45 (Teaching)

Finance o2 8 (Loan) o2 481 (Borrowing, action) | (ya (Debt)

Law 4e8>s (Court) AeSlms (Trial, action) slad (Judiciary)

In each case, the term ascribed to morphological noise shares a root or derivational
pattern with the target word and receives a high cosine similarity score accordingly. The
functional synonym, however, is the term a domain expert would actually endorse as a
semantic equivalent. Closing this gap requires a retrieval mechanism that is sensitive to
a word’s functional role rather than its structural proximity, which is precisely what the

SOM topological organisation is designed to provide [14].
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1.4 Research Objectives

The central aim of this research is to develop a robust pipeline that enhances Arabic
synonym extraction by reorganising the semantic vector space along functional rather

than morphological lines. The following specific objectives define the scope of this work:

« To analyse the limitations of cosine similarity and related linear distance metrics
when applied to Arabic embedding spaces, with particular attention to the mor-

phological bias they introduce in synonym ranking [7].

o To integrate BERT’s context-aware representations with SVD dimensionality re-
duction and SOM topological organisation, producing a structured semantic space

that prioritises functional relationships over derivational ones.

o To develop a filtering mechanism capable of separating functional synonyms from
morphological noise, thereby reducing the influence of shared root patterns on syn-

onym retrieval precision [14].

» To evaluate the proposed pipeline systematically across a diverse set of Arabic target
words — using both standard retrieval metrics and a lexically-grounded weighted
synonym measure (WSSQk and wDCGQF), defined in Chapter 2 — examining its

capacity to locate latent synonyms that linear retrieval methods fail to identify.

o To investigate the effect of the SVD dimensionality parameter as an intermediate
step between embedding generation and topological mapping, and to determine

how its choices influence synonym extraction quality.
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1.5

Scope of Research

The boundaries of this research are defined as follows:

1.6

Linguistic Scope: The study focuses exclusively on Modern Standard Arabic
(MSA), targeting specialised vocabulary in domains such as education, economics,
and law, where functional precision in synonym retrieval is most consequential.

Dialectal Arabic and historical etymology fall outside the scope of this work.

Technical Components: The pipeline is built on three components: BERT [6]
for contextual embedding generation, SVD for dimensionality reduction, and SOM
for topological reorganisation. Other embedding models are referenced only for

comparative context.

Methodological Focus: This research is concerned specifically with the reorgan-
isation of the vector space and the suppression of morphological noise in synonym
ranking. It does not address MT, text generation, or full-scale lexical database

construction.

Data Domain: Experiments are conducted on a corpus of approximately 3,800
Arabic articles derived from the dataset of Al-Anzi and AbuZeina [17], covering

diverse domains.

Thesis Contributions

The contributions of this research can be summarised as follows:

o A pipeline combining BERT, SVD, and SOM for Arabic synonym ex-

traction: This thesis introduces a three-stage pipeline that moves from contextual
embedding, through dimensionality reduction, to topological organisation. This
combination is, to the best of the author’s knowledge, the first to apply SOM
topological mapping to BERT representations for the specific purpose of Arabic

synonym extraction [8].
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o A principled approach to morphological noise suppression: The pipeline
provides a replicable methodology for filtering derivational and inflectional relatives
from synonym candidate lists. In doing so, it addresses a well-documented bottle-
neck in Arabic NLP that affects downstream applications including MT, IR, and

dialogue systems [14].

o Empirical evidence for latent synonym discovery: Through systematic case
studies, this work demonstrates that topological organisation recovers conceptually

equivalent terms that cosine similarity consistently fails to rank highly [10].

o Analysis of the SVD tuning parameter: The thesis provides a detailed analysis
of how the choice of reduced dimensionality affects the granularity and domain-
specificity of the extracted synonyms, offering practical guidance for applying this

pipeline to other Arabic NLP tasks [16].

o Adaptation of an existing Arabic corpus for synonym extraction: In the
absence of a publicly available benchmark for Arabic synonym extraction, this re-
search adapts the Arabic text classification dataset of Al-Anzi and AbuZeina [17].
A subset of 3,800 articles spanning education, economics, law, media, and social af-
fairs was selected to serve as a testbed for synonym extraction. The adapted corpus
comprises 2,115,819 tokens and 140,825 unique word types after preprocessing, and
supports a set of 157 target words covering the principal semantic fields of Modern

Standard Arabic.
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1.7 Thesis Organisation

The remainder of this thesis is structured as follows:

Chapter 2 provides the theoretical background that situates this research. It outlines
the architecture of BERT and how it generates contextual representations, the mathe-
matical foundations of SVD and its role in dimensionality reduction, and the principles
of SOM competitive learning.

Chapter 3 reviews the existing literature on word embedding models, Arabic NLP,
and unsupervised clustering methods. It identifies the gap in the literature that this
thesis addresses.

Chapter 4 presents the proposed pipeline in full detail, describing the preprocess-
ing steps, the integration of the three stages, the SOM configuration, and the synonym
candidate selection criteria.

Chapter 5 reports the experimental results across 157 target words and 16 values
of the SVD tuning parameter. Results are presented through three analytical lenses:
rank elevation of known synonyms, discovery of latent synonyms, and displacement of
morphological noise.

Chapter 6 concludes the thesis by summarising the key findings, discussing their
implications for Arabic NLP research and lexical resource development, and proposing

directions for future work.



Chapter 2

Theoretical Background

2.1 Introduction

The development of a robust pipeline for Arabic synonym extraction requires a solid
understanding of three converging areas: neural language models and word embedding
architectures, unsupervised topological learning, and dimensionality reduction. As estab-
lished in Chapter 1, the structural complexity of Arabic presents unique challenges that
traditional linear retrieval models fail to address.

This chapter provides the theoretical foundation necessary to support an understand-
ing of the SVD-SOM proposed pipeline. It begins by examining the evolution of word
representations from static to contextualised embeddings, focusing on the BERT architec-
ture and its application to Arabic. It then discusses cosine similarity, the baseline retrieval
metric and Sentence-Bidirectional Encoder Representations from Transformers (S-BERT)
as an independent validation tool. The mathematical principles of the SOM are presented
next, followed by the role of SVD as a semantic refinement step. The chapter concludes
with the Farasa Stemmer, which provides the morphological deduplication mechanism

used throughout the pipeline.

2.2 From Static to Contextualised Word Embeddings

The idea of representing words as continuous vectors in a high-dimensional space rests on
the distributional hypothesis, first articulated by Harris [4] and popularly summarised by

Firth [5] as “you shall know a word by the company it keeps”. words that occur in similar

12
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linguistic contexts tend to share similar meanings. This hypothesis was operationalised in
neural language modelling by Bengio et al. [15], who showed that a neural network trained
to predict the next word in a sequence implicitly learns dense word representations that
capture semantic regularities.

Mikolov et al. [18, 19] extended this idea at scale with Word2Vec, introducing two
efficient architectures: the skip-gram model, which predicts context words from a pivot
word, and the continuous bag-of-words model, which predicts a pivot word from its
context. Word2Vec produces static embeddings, where each word type receives a single
fixed vector regardless of the sentence in which it appears. While efficient and widely
adopted, static embeddings cannot resolve lexical ambiguity or capture context-dependent
meaning shifts — a significant limitation for Arabic, where the same written form may

carry multiple distinct meanings depending on its syntactic environment.

2.2.1 Bidirectional Transformer Encoders

The Transformer architecture, introduced by Vaswani et al. [13], replaced the sequential
processing of recurrent networks with a fully attention-based mechanism. A multi-head
self-attention layer computes, for each token, a weighted sum of all other tokens in the
sequence, where weights are determined by learned compatibility functions. This allows
the model to capture long-range dependencies and contextual relationships without the
vanishing gradient problem of recurrent networks.

Devlin et al. [12] built on this architecture to introduce BERT. Unlike the unidirec-
tional language models that preceded it, BERT is pre-trained bidirectionally, reading the
entire input sequence at once, allowing each token’s representation to be conditioned on
both its left and right context simultaneously. Pre-training is performed on two tasks:
Masked Language Modelling, in which a random subset of tokens is masked and the model
must predict them from context, and Next Sentence Prediction. The resulting represen-
tations are then fine-tuned on downstream tasks. BERT’s contextualised embeddings —
where the same word receives a different vector depending on its surrounding context

— represent a fundamental advance over static embeddings for tasks requiring semantic
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precision [12].

In this research, the Arabic-specific variant of BERT is used [6]. It is pre-trained on
large Arabic text corpora and employs a specialised subword tokenisation pipeline (Farasa
[20] or WordPiece) that decomposes Arabic words into morphologically meaningful units,
mitigating the data sparsity caused by the language’s high vocabulary growth. Each word
in the corpus is encoded as the mean of the last hidden states of its constituent subword
tokens, producing a 768-dimensional embedding vector that serves as the input to the
subsequent pipeline stages.

Figure 2.1 illustrates the Transformer encoder architecture and the multi-head atten-

tion mechanism that underpins BERT’s contextual representations.
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Figure 2.1: Transformer Encoder and Multi-Head Attention [13, 12].

2.2.2 Morphological Bias of Arabic Embeddings

Despite the representational power of contextualised embeddings, the vector space they
produce for Arabic exhibits a systematic morphological bias. Because Arabic deriva-

tional morphology generates large families of words from a single triliteral root, models
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trained on co-occurrence statistics — including BERT-based models — place root-related
word forms in close geometric proximity regardless of their functional equivalence. Al-
Twairesh [7] documented this behaviour across multiple Arabic embedding models, show-
ing that standard cosine similarity retrieval consistently returns morphological relatives
before genuine synonyms. Figure 2.2 illustrates how these dense root-based clusters form

in the embedding space.
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Figure 2.2: Root-Based Clustering vs Functional Synonym Displacement [7].

2.3 Cosine Similarity as the Baseline Metric

Cosine similarity is the standard metric for measuring the relatedness of two word vectors
in embedding-based retrieval tasks [18, 21]. Given two vectors u and v in R"™, their cosine
similarity is defined as:

u-v

cos(u,v) = Tal VI (2.1)

The measure is insensitive to vector magnitude and focuses entirely on angular separa-
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tion, making it appropriate for comparing normalised dense embeddings. It ranges from
—1 to 1, where 1 indicates identical orientation. In this thesis, cosine similarity applied
directly to BERT embeddings constitutes the Baseline: for each target word, the Top-
15 candidates are those vocabulary words with the highest cosine similarity scores. As
established in Chapter 1 and demonstrated in Chapter 5, this baseline is systematically
biased toward morphological relatives rather than functional synonyms, constituting the

core limitation that the proposed pipeline addresses [7].

2.4 Cross-Validation Using Sentence Embeddings

S-BERT, introduced by Reimers and Gurevych [22], extends the BERT architecture by
fine-tuning it on sentence-pair similarity tasks using a Siamese network structure. The
result is a model that produces fixed-size sentence-level embeddings optimised directly for
semantic similarity comparison, without the computational overhead of pairwise BERT
inference.

In this thesis, S-BERT serves exclusively as an independent external evaluator, not
as a component of the synonym extraction pipeline itself. After the pipeline produces its
Top-15 candidate list, S-BERT computes the mean semantic similarity between the target
word and each candidate. Comparing this mean across the Baseline and the proposed
pipeline provides a model-agnostic, quantitative measure of improvement that avoids the

circularity of evaluating BERT-based outputs using BERT itself [22].

2.5 Weighted Synonym Evaluation

Beyond cosine similarity (the Baseline retrieval metric) and S-BERT cross-validation, this
thesis introduces a lexically-grounded measure of synonym quality that is used throughout
the results chapter. For each target word an independent reference set of true synonyms
is compiled from standard Arabic dictionaries, and every retrieved candidate is assigned
a closeness weight w € [0,1]: a weight of 1 denotes a fully substitutable synonym, in-
termediate values denote near- or partial synonyms, and 0 is assigned to non-synonyms

and to morphological derivatives of the target itself. Two complementary scores are then
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computed over the ranked candidate list:

Zk:w(c@-), WDCG@k:zk: w(c:)

WSS@k = _ T\
— log,(i+ 1)

el e

The Weighted Synonym Score WSS@F averages the closeness weights of the top-k can-
didates and is insensitive to their order, whereas the weighted Discounted Cumulative
Gain wDCGQF, adapted from the Discounted Cumulative Gain measure used in infor-
mation retrieval, rewards placing stronger synonyms nearer the top of the list. Because
the central claim of the pipeline is the elevation of true synonyms to higher ranks, the
rank-aware wDCG@QF is treated as the primary measure. This instrument complements
the standard retrieval metrics — Precision@k, Mean Reciprocal Rank (MRR), and Mean

Average Precision (MAP) — reported in the parameter and ablation studies of Chapter 5.
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2.6 Self-Organizing Maps

The SOM was introduced by Kohonen [23, 24] as an unsupervised neural network for
topology-preserving dimensionality reduction; a comprehensive treatment is provided in
his later monograph [8]. Unlike feed-forward networks that minimise a prediction error
through backpropagation, the SOM employs a competitive learning rule that projects
high-dimensional input data onto a low-dimensional — typically two-dimensional — discre-

tised lattice while preserving the topological structure of the input distribution.

2.6.1 Architecture

The SOM consists of an input layer and an output layer (the feature map). The input
layer receives the k-dimensional reduced word representations produced by the SVD stage.
The output layer is a grid of neurons, each holding a weight vector of dimension k. In

this research a 55 grid of 25 neurons is used.

2.6.2 Competitive Learning

The learning process is iterated across three stages for each input vector x:

1. Competition: The Best Matching Unit (BMU) is the neuron whose weight vector
w; is closest to x:

¢ = argmin{||x — w;||} (2.2)

2. Cooperation: A Gaussian neighbourhood function h.;(t) centred on the BMU
determines which neurons are updated and by how much, shrinking over training

time:

het) = exp<—2j;;t)) (2.3

3. Adaptation: The BMU and its neighbours move closer to the input vector:

wi(t+ 1) = w;(t) + a(t) ha(t) [(x(t) — wi(t)] (2.4)
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Figure 2.3: Self-Organizing Map Architecture and Best-Matching-Unit Update [23].

2.6.3 Topological Preservation

The key property of the SOM is topology preservation: words that are similar in the
input space are mapped to nearby neurons on the grid [23]. Vesanto and Alhoniemi
[10] showed that clustering the SOM output produces semantically coherent groups that
reflect genuine distributional similarity. In the context of this research, topology preser-
vation means that functional synonyms — which the SVD stage has brought into closer
proximity — converge into shared grid neighbourhoods, while morphological relatives that
dominated the original cosine similarity ranking are dispersed across the map. Table 2.1

contrasts the two retrieval paradigms.

Table 2.1: Cosine Similarity vs Topological Mapping.

Feature Cosine (Baseline) Topological (Proposed)
Primary driver Statistical co-occurrence | Functional / semantic role
Noise handling Sensitive to root patterns | Filters morphological noise
Relationship type | Direct / linear Global / non-linear
Output structure | Unstructured ranking Semantic neighbourhoods
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2.7 Dimensionality Reduction via Singular Value Decomposition

In spaces of hundreds of dimensions, such as the 768-dimensional BERT embedding space,
the distance between any two data points tends toward uniformity — a well-known effect
called the curse of dimensionality [25]. This severely impairs the convergence and dis-
criminative power of distance-based clustering algorithms such as a SOM. Dimensionality
reduction is therefore a necessary intermediate step as it concentrates the semantic signal
into a compact subspace and filters out the low-variance noise associated with morpho-
logical surface similarity.

SVD was first applied to language representation by Deerwester et al. [9] in Latent
Semantic Analysis, where it revealed that the dominant singular components of a term-
document matrix capture genuine semantic structures rather than surface co-occurrence
patterns. The same principle is applied here.

In this pipeline, SVD is applied not to the raw embedding matrix but to a local
cosine similarity matrix constructed from the BERT embeddings of the target word

R201201

and its Top-200 cosine similarity candidates. This local matrix C' € captures the

pairwise semantic structure of the candidate neighbourhood. Its SVD decomposition is:

C=Uxv" (2.5)

Where U contains the left singular vectors (mapping words to latent concept dimen-
sions), ¥ is the diagonal matrix of singular values in descending order (each representing
the variance explained by one latent dimension), and V7 contains the right singular
vectors [25]. A truncated projection is then formed by retaining the top k singular com-

ponents:

Xiea=Up -2 € R0tk (26)

This operation filters out the low-variance dimensions — which correspond to morpho-
logical noise — and produces a refined latent representation that the SOM can organise

more effectively [9, 25].
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Figures 2.4 and 2.5 illustrate the full decomposition and the truncation step respec-

tively.
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Figure 2.4: Singular Value Decomposition into Components U, 3, and V7 [25].
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Figure 2.5: Truncated SVD: Signal Concentration and Noise Suppression [9].

Algorithm 1 describes the SVD refinement step as implemented in this pipeline. It
begins from the corpus and follows the full data flow through preprocessing, embedding,

candidate selection, and dimensionality reduction.
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Algorithm 1 SVD-Based Semantic Refinement (From Corpus to Refined Vectors)

1:

2:

Input: Arabic corpus C, target word ¢, truncation rank k

Preprocessing: Clean C (remove non-Arabic characters), remove Arabic stopwords,
tokenise, and build vocabulary V (minimum word length 3; minimum document fre-
quency 2)

Contextual Encoding: For each w € V, compute the BERT embedding e,, € R

as the mean of the last-layer hidden states of the subword tokens of w

. Candidate Selection: W < Top-200 words in V ranked by cos(e;, e,,)

Build local matrix: X <« stack embeddings of {t} UW (X € R?01768)

Compute cosine similarity matrix: C « cosine similarity(X) (C' € R?01201)
Apply SVD: U, %, svd(C, full matrices=False)

Project to rank-k subspace: X,oq < U[:,:k] - diag(Z[:k]) (Xieq € R?1F)

Output: Reduced representation dictionary { w +— X,eq[i] }

The parameter k is the primary tuning variable of the pipeline, controlling the seman-

tic resolution of the reduced space. In this research, & was varied systematically across

16 values (k € {10,12,14,...,40}) to analyse its effect on synonym extraction quality, as

reported in Chapter 5.
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2.8 Farasa Stemmer for Morphological Deduplication

The Farasa toolkit, introduced by Abdelali et al. [20], provides fast and accurate mor-
phological analysis for Modern Standard Arabic, including stemming, part-of-speech tag-
ging, and segmentation. Unlike lightweight suffix-stripping stemmers, Farasa performs
full morphological decomposition, reducing each word to its stem by referencing a model
trained on large Arabic corpora [20].

In this pipeline, Farasa is used for root-based deduplication where, after any rank-
ing step produces a candidate list, each candidate is reduced to its Farasa stem. A
seen-stems set is maintained; when a candidate’s stem has already been seen, that can-
didate is skipped. Only the highest-ranked representative of each morphological family
is retained. This mechanism prevents root-related word forms from consuming multiple
positions in the Top-15 output, ensuring that each output position represents a distinct
morphological family rather than a variant of a word already included [11]. Deduplication
is applied at two points in the pipeline: after Stage 1 cosine ranking and after Stage 3

SOM neighbourhood expansion.



Chapter 3

Literature Review

3.1 Introduction

Arabic synonym extraction has been investigated through two main avenues: manual
approaches that depend on human-curated lexicographic resources, and computerised
approaches that infer synonymy from corpora. The computerised approach can be sub-
divided. The first subdivision contains traditional neural network and statistical models
that operate on sparse co-occurrence representations. The second subdivision contains
modern embedding-based models that represent words as dense vectors learned from large
corpora.

This chapter reviews the prior work into these manual and computerised approaches.
For each approach, or its subdivision, the discussion follows the same pattern: first a
short narrative description is given, the most important contributions are then listed,
and a summary table groups the works that share the same methodology. The chapter
closes with a consolidated performance comparison and a clear statement of the research
gap addressed by this thesis.

Two terms are used throughout this thesis and the following chapters. The Baseline
of this thesis refers to the configuration Embedding + Cosine, i.e. retrieving synonym
candidates from a pre-trained contextual embedding space using cosine similarity as the
ranking criterion. The Proposed Pipeline refers to the configuration Embedding + SVD
+ SOM, in which the embedding space is first refined by Singular Value Decomposition

and then reorganised topologically by the SOM. To the best of the author’s knowledge,

24
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this combination has not been applied to Arabic synonym extraction in any prior study

reviewed in this chapter.

3.2 Manual Approaches

The oldest and most authoritative source of Arabic synonyms is the human-curated lexi-
cographic record. Classical dictionaries such as Lisan al-‘Arab and modern thesauri such
as Alma‘any list synonyms as validated entries assembled by linguists, and they remain
the gold standard against which automatic systems are evaluated.

A substantial line of research has tried to convert this lexicographic knowledge into
a structured semantic resource modelled on the Princeton WordNet. Elkateb et al. [26]
initiated the Arabic WordNet project and produced its first version (AWN v1) by trans-
lating Common Base Concepts from Princeton WordNet into Modern Standard Arabic,
yielding 9,618 synsets. Regragui et al. [27] extended this resource semi-automatically
into AWN v2 with 11,269 synsets. AlMaayah et al. [28] addressed the same problem for
the Quranic vocabulary by combining traditional Arabic dictionaries with a vector space
model and cosine similarity computed over textual definitions, producing the Quranic
Arabic WordNet (QAWN). Habash [11] surveyed the broader Arabic NLP resources and
described how bilingual translation graphs can be used to project English synsets onto
Arabic.

The common limitation of all manual approaches is scale. Even AWN v2, the largest
semi-automatically constructed resource, covers only a small fraction of the vocabulary
observed in any modern corpus, and extending the resource requires expert linguistic

labour. Table 3.1 summarises the manual approaches reviewed in this section.
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Table 3.1: Summary of Manual Approaches to Arabic Synonym Resources.

References Approach Output
Elkateb et al. [26], Translation from Arabic WordNet
Regragui et al. [27] Princeton WordNet (AWN v1, v2)

(expand model)

AlMaayah et al. [28] Traditional Quranic Arabic
dictionaries + VSM WordNet (QAWN)

with cosine similarity

Habash [11] Bilingual translation ~ Arabic synsets via

graphs English pivot

3.3 Computerised Approaches: Traditional Models

Before the rise of dense word embeddings, automatic synonym extraction relied on sparse
statistical representations and on traditional neural networks operating on hand-crafted
features. The most influential contribution of this family is Latent Semantic Analysis
[9], which applies Singular Value Decomposition to a term—document matrix to expose
latent semantic dimensions and to map semantically related words to nearby points in
the reduced space. The mathematical machinery of SVD itself is treated in depth by
Golub and Van Loan [25], and it underpins every dimensionality-reduction step used in
this thesis.

Traditional neural networks have also been applied to Arabic semantic tasks, although
rarely to synonym extraction directly. Kohonen [8] introduced the Self-Organising Map
(SOM) as a competitive-learning architecture that reduces a high-dimensional input dis-
tribution to a low-dimensional topological map while preserving neighbourhood relations.
Vesanto and Alhoniemi [10] showed that the resulting map can be further partitioned by
classical clustering algorithms to produce interpretable groups. Aouadi and Kacem-Echi

[29] applied the SOM to Arabic word spotting in handwritten text. None of these works
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targets functional synonymy in Modern Standard Arabic, and the SOM has not previously
been combined with refined embedding spaces for this task.

Table 3.2 groups the works of this approach according to methodology. The contri-
bution of this approach, for the purposes of this thesis, is two-fold: SVD is validated as a
useful tool for semantic refinement of Arabic representations, and the SOM is validated

as a principled unsupervised architecture for topological reorganisation.

Table 3.2: Summary of Traditional Neural Network and Statistical Approaches.

References Method Domain

Deerwester et al. [9], Golub LSA / SVD on Latent semantic

and Van Loan [25] term—document representation
matrix

Kohonen [8], Vesanto and Self-Organising Map  General topology

Alhoniemi [10] + clustering learning

Aouadi and Kacem-Echi SOM for Arabic word Arabic handwritten

[29] segmentation text

3.4 Computerised Approaches: Modern Embedding-based Methods

Modern computerised approaches replace sparse representations with dense vectors learned
from large corpora. Within this family, two generations must be distinguished. The first
generation produces a single fixed vector per word (static embeddings). The second gener-
ation produces a different vector for each occurrence of a word in context (contextualised

embeddings).

3.4.1 Static embedding methods

Mikolov et al. [18] introduced Word2Vec (Skip-gram and CBOW) and established dense
distributed representations as the standard tool for semantic tasks, including synonym

retrieval. Bengio et al. [15] provided the broader theoretical framework for distributed
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representation learning. For Arabic specifically, Zahran et al. [30] trained Arabic word
embeddings on a large corpus and combined them with SVD-based dimensionality reduc-
tion, reporting competitive performance on Arabic similarity tasks. This is the closest
prior use of the SVD-refinement component, as it is features within the proposed pipeline.
Mu and Viswanath [31] proposed the All-but-the-Top post-processing technique, which re-
moves dominant SVD directions to render embedding spaces more isotropic and improves
cosine-based retrieval.

The most direct prior work on Arabic synonym extraction from static embeddings
is Al-Matham et al. [32], who introduced the SynoEztractor pipeline. Their system
trains Word2Vec on the KSUCCA and Gigaword corpora and then filters cosine-ranked
candidates with a sequence of linguistic rules. SynoExtractor reaches 60% precision on
KSUCCA and 74% precision on Gigaword, but its filters are language-specific heuristics

and cannot resolve morphological clustering in the underlying embedding space.

3.4.2 Contextualised embedding methods

The Transformer architecture [13] and BERT [12] introduced contextualised word rep-
resentations, in which each occurrence of a word receives its own vector conditioned on
the surrounding sentence. Antoun et al. [6] produced AraBERT, the Arabic-specific vari-
ant, and reported state-of-the-art results across Arabic understanding tasks. Applied to
synonym extraction, all current BERT-based systems retrieve candidates by ranking the
contextual embeddings of the vocabulary by cosine similarity to the target word. This
linear retrieval criterion is the same one used by static-embedding systems and inherits

the same morphological-clustering bias documented by Al-Matham et al. [32].

Baseline of this thesis. Arabic BERT embeddings combined with cosine similarity
constitute the Baseline against which the Proposed Pipeline is compared in Chapter 5.
The Baseline captures context but does not address the morphological-clustering problem
that the SVD and SOM stages are designed to correct.

Table 3.3 summarises the embedding-based approaches.
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Table 3.3: Summary of Modern Embedding-Based Approaches.

References Embedding Retrieval /
Refinement

Mikolov et al. [18], Bengio ~ Word2Vec (static) Cosine similarity

et al. [15]

Zahran et al. [30] Arabic Word2Vec +  Cosine similarity

SVD reduction

Mu and Viswanath [31] Word2Vec / GloVe SVD-based
(static) post-processing

(All-but-the-Top)

Al-Matham et al. [32] Word2Vec (KSUCCA, Cosine +
Gigaword) linguistic-rule filters
(SynoExtractor)

Vaswani et al. [13], Devlin ~ Transformer / BERT  Cosine similarity

et al. [12] (contextual)
Antoun et al. [6] AraBERT Cosine similarity
(contextual) (Baseline of this

thesis)

3.5 Performance Comparison

Table 3.4 consolidates the reported performance of representative Arabic synonym ex-
traction systems. As Sebastiani [33] notes for text classification, cross-paper comparisons
of this kind are not by themselves judgemental, because the corpora, gold standards and
evaluation protocols differ. The table is therefore presented as a reference for the reader

rather than as a ranking.
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Table 3.4: Performance of Representative Arabic Synonym Extraction Systems.

Reference Approach

Best Corpus

result

AlMaayah et al. [28]  Dictionary + VSM +

cosine

Zahran et al. [30] Arabic Word2Vec +
SVD

Al-Matham et al. [32] Word2Vec + linguistic

filters

Antoun et al. [6] AraBERT + cosine
(Baseline)

This thesis Embedding + SVD

+ SOM (Proposed)

34.1% R Quran

Competitive Arabic
Wikipedia +
news

0.605 / KSUCCA /

0.748 Gigaword
MAP

See Ch. 5 Arabic

corpora

See Ch. 5 See Ch. 4

3.6 Summary and Research Gap

The literature reviewed in this chapter can be divided into three groups, each with its

own limitation. Manual approaches produce high-quality synsets but do not scale and

cannot cover the open vocabulary of any modern corpus. Traditional neural network

and statistical approaches established SVD and the SOM as useful tools for semantic

representation and topological reorganisation respectively, but they were never combined

or applied to functional synonymy in Arabic. Modern embedding-based approaches,

including the state-of-the-art AraBERT, retrieve candidates through cosine similarity

over the raw embedding space and therefore inherit the morphological-clustering bias

documented by Al-Matham et al. [32].

Table 3.5 summarises the five dimensions along which the proposed pipeline differs
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from prior work.

Table 3.5: Coverage of Key Requirements Across Approach Families.

Approach family

Manual (WordNet, dictio- v/

naries)

Traditional NN / statistical ~— ~ ~ v v
Static embeddings + cosine v v v
Contextual embeddings + v v v v

cosine (Baseline)

Embedding + SVD Vv v v v v
+ SOM  (Proposed

Pipeline)

Legend: v = addressed, = not addressed, ~ = partially addressed.

The research gap addressed by this thesis is therefore specific and well-defined. No
prior study reviewed in this chapter has applied the combination Embedding + SVD
+ SOM to Arabic synonym extraction. The Baseline against which improvements are
measured in Chapter 5 is Embedding + Cosine, the direct application of cosine similarity

to the contextual embeddings produced by AraBERT.



Chapter 4

The Proposed Pipeline

4.1 Introduction

This chapter presents the proposed Pipeline for automated Arabic synonym extraction.
The Pipeline is built around the central finding of Chapter 3: That cosine similarity
over the raw embedding space of any current Arabic language model conflates functional
synonymy with morphological proximity. The proposed solution refines the embedding
space before retrieval across two stages — SVD-based linear refinement and SOM-based
topological reorganisation — and uses cosine similarity only as a final ranking step inside
this refined space.

Two systems are studied throughout this thesis. The first is the Baseline, defined as

the direct application of cosine similarity to Arabic BERT embeddings:

Baseline = Embedding + Cosine (4.1)

The second is the Proposed Pipeline, defined as:

Pipeline = Embedding + SVD + SOM (4.2)

All improvements reported in Chapter 5 are measured as differences between the
Baseline output and the Pipeline output for the same target word and the same corpus.
The remainder of this chapter is organised as follows. Section 4.2 formalises the

Baseline and the Pipeline. Section 4.3 describes the corpus and the preprocessing steps.

32



4.2. Baseline System and the Proposed Pipeline 33

Section 4.4 presents the rationale behind the selection of the pre-trained Arabic embed-
ding model and compares it with available alternatives. Sections 4.5 to 4.7 describe
the three Pipeline stages. Section 4.8 presents the S-BERT cross-validation procedure.

Section 4.9 summarises all Pipeline parameters in a single reference table.

4.2 Baseline System and the Proposed Pipeline

4.2.1 Baseline

For each target word ¢, the Baseline computes the cosine similarity between the embedding
e; and the embedding e,, of every other word in the vocabulary:
€t - €y

im(t - — 4.3
st ) = e Teal (4.3)

The vocabulary is sorted by this score in descending order and the Top-15 entries are
returned. No morphological deduplication is applied at the Baseline level, so multiple

inflected forms of the same root may co-occur in the output.

4.2.2 Proposed Pipeline

The Pipeline reuses the same embedding e,, but inserts two intermediate stages. After
the Top-200 candidate pool is generated, the first intermediate stage applies truncated
SVD to a local cosine similarity matrix across those 200 words and produces a reduced
representation f, € R¥. The second intermediate stage then trains the SOM on the
reduced vectors and uses the topological neighbourhood of the target’s BMU as the
candidate set, which is then re-ranked by cosine similarity in the original embedding
space. Both the Baseline and the Pipeline return lists of size 15 to make the comparison

direct.

4.3 Corpus and Data Preprocessing

The experimental corpus is derived from the Arabic text classification dataset originally

compiled by Al-Anzi and AbuZeina [17] from the Kuwaiti newspaper Algabas. For the
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purposes of this thesis, a subset of 3,800 articles was selected to cover diverse domains —
education, economics, law, media, and social affairs — to ensure broad lexical coverage of
the 157 target words used for evaluation. Each article occupies one line in the input file
train _c.txt.

Preprocessing is applied sequentially:

1. Character filtering. All non-Arabic characters are removed using the Unicode
range filter [\u0600-\uO6FF|, which discards numbers, punctuation, Latin charac-

ters, and diacritical marks.

2. Stop word removal. Arabic stop words are removed using the NLTK stop word
list (stopwords.words("arabic")). The list is loaded as AR_STOPWORDS and ap-
plied as a token-level filter so that high-frequency function words do not dominate

the embedding vocabulary or the subsequent rankings.

3. Vocabulary construction. A vocabulary is built from the remaining tokens using
two thresholds: a minimum word length of three characters and a minimum doc-
ument frequency of two. The length threshold removes single-letter and two-letter
tokens that carry little semantic content, and the document frequency threshold

removes rare forms that would produce unreliable embeddings.

Algorithm 2 summarises the preprocessing pipeline as implemented.
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Algorithm 2 Corpus Preprocessing Pipeline

1:

2:

3:

4:

10:

11:

Input: Raw Arabic corpus
Output: Vocabulary V, term frequency tf, document frequency df
AR_STOPWORDS <— set(nltk.stopwords.words("arabic"))
for each line in corpus do
Remove non-Arabic characters
Tokenise into words
Keep t only if ¢ ¢ AR_STOPWORDS
end for
Compute tf[w] and df[w] for all w
V + {w | len(w) > 2 and df[w]| > 2}

return V

Table 4.1: Corpus Statistics After Preprocessing.

Property Value

Number of articles 3,800
Minimum word length 3 characters

Minimum document frequency 2

Number of target words 157
SVD rank values tested 16 values (k = 10,12,...,40)
Total experimental scenarios 2,512

4.4 Selection and Justification of the Embedding Model

The choice of the pre-trained Arabic BERT model affects the quality of the initial rep-

resentation from which the subsequent SVD and SOM stages operate. Four publicly

available Arabic models were considered as candidates for this work, all of which produce

768- or 1024-dimensional contextual embeddings and have been evaluated using standard

Arabic NLP benchmarks. The comparison criteria are: the size and domain of the pre-

training corpus, the tokenisation strategy, the number of parameters, and the published
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performance on Modern Standard Arabic (MSA) tasks.

Table 4.2 summarises the comparison.

Table 4.2: Comparison of Pre-Trained Arabic BERT Models.

Model Pre-training corpus Tokenisation MSA focus

AraBERT v0.2  77GB news, Farasa  seg- Primary tar-
Wikipedia, web text mentation + get
(MSA) WordPiece

CAMeLBERT-  Mixed Classical / MSA  WordPiece Shared  with

MSA / Dialect other variants

MARBERT ~ 1B tweets (mostly WordPiece Limited
dialect)

Arabic BERT Arabic Wikipedia WordPiece Moderate

(small corpus)

The four models were assessed against the requirements of this thesis. AraBERT v0.2

(aubmindlab/bert-base-arabertv02) was selected for three reasons:

(i) It is pre-trained on the largest MSA corpus among the candidates, covering the same
textual domains (news, Wikipedia, web text) from which the experimental corpus
is drawn. Consequently, the embedding space is well-matched to the vocabulary

observed at the time of evaluation.

(ii) It uses Farasa-based subword segmentation, which is designed for Arabic morpho-
logical structures and produces more linguistically meaningful token splits than
generic WordPiece. This is directly relevant to the morphological-clustering prob-

lem that the Pipeline is designed to address.

(iii) On the published Arabic Natural Language Understanding (NLU) benchmarks (sen-

timent analysis, named entity recognition, question answering), AraBERT v0.2 re-
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ports the best results for MSA among the four models [6]. MARBERT outperforms

it on dialectal tasks but is not aligned with the MSA target of this thesis.

An empirical comparison of the four models on the synonym extraction task itself, using
the same 157 target words and the same evaluation protocol, is reported in Chapter 5.
The present section outlines the rationale for choosing AraBERT v0.2 over the other
models on the basis of design and published benchmarks.

For each word w in the vocabulary, the embedding is computed as the mean of the

last hidden states across all subword tokens produced by the selected model:

1T

e |T n (4.4)

where T}, is the subword token set and hEL) is the hidden state of token ¢ at the final
encoder layer. The resulting embedding e,, € R™® is precomputed for the full vocabulary

before any retrieval operation begins.

4.5 Stage 1: Embedding and Morphological Deduplication

Stage 1 produces two outputs: the Baseline list and the Top-200 candidate pool that

feeds Stage 2.

4.5.1 Cosine Similarity Ranking

For each target word ¢, cosine similarity is computed between e, and every vocabulary
word. The ranked list is produced in descending order. The Top-200 entries are retained

as the input pool for Stage 2.

4.5.2 Output Size

The output list is fixed at 15 candidates. This cut-off is an arbitrary choice aligned
with the standard Top-K evaluation convention used in synonym extraction and lexical

substitution research. It is not the result of a hyperparameter search, and the Pipeline is
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not optimised to this value. The same cut-off is applied to the Baseline and to all three

Pipeline stages to make the comparison direct and unbiased.

4.5.3 Morphological Deduplication via Farasa

Raw cosine ranking frequently returns multiple inflected or derived forms of the same
root, which consumes output positions with redundant information. The Farasa Stem-
mer is applied to every candidate to obtain its morphological stem. A seen-roots set
is maintained: the first time a root is encountered, the corresponding word is retained;
subsequent candidates mapping to the same root are skipped. This guarantees that each

output position represents a distinct morphological family.

Algorithm 3 Stage 1 — Embedding and Morphological Deduplication

1: Input: Target ¢, embeddings £, vocabulary V

2: Output: S; (Top-15, deduplicated), Top-200 pool
3: Compute sim(t,w) for all w € V, w #t

4: Sort descending — list R

5. Sy <[], seen + {}

6: for each (w,s) in R do

7 root < Farasa.stem(w)

8: if root ¢ seen then

9: Append (root, s) to Si; add root to seen
10: end if

11: if |S;| = 15 then break
12: end if
13: end for

14: return Sy, R[: 200]
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4.6 Stage 2: SVD-Based Semantic Refinement

4.6.1 Local Cosine Similarity Matrix

Stage 2 operates on the Top-200 candidates together with the target word, giving the local
set W= {t} U{wi,...,wag} of 201 words. A local cosine similarity matrix C' € R?91201
is constructed, where Cj; is the cosine similarity between the embeddings of w; and w;.
Restricting the decomposition to this local matrix focuses the SVD on the region of the

embedding space that is actually relevant to the target.

4.6.2 Truncated SVD Projection

SVD is applied to C:

C=UxV" (4.5)

A truncated projection retains the top k singular components:

Xiea=Up -2 € R201F (46)

Each row is the reduced representation f, € R* of the corresponding word. The
parameter k is the primary tuning variable of the Pipeline and is varied across sixteen

values {10,12,14,...,40}, producing 15716 = 2,512 experimental scenarios.

4.6.3 Re-Ranking in the Reduced Space

Cosine similarity is recomputed between f; and all f, and sorted in descending order.
Farasa deduplication is applied to the Top-15 results, producing the Stage 2 output list
Ss.
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4.7 Stage 3: SOM Topological Reorganisation

4.7.1 SOM Configuration

The SOM is trained on the reduced representations {f,} using a 55 grid of 25 neurons,
each holding a weight vector of dimension k. The configuration parameters are fixed

across all runs and summarised in Table 4.3.

Table 4.3: SOM Configuration Parameters.

Parameter Value
Grid dimensions 55
Input dimensionality kE (SVD rank)

Neighbourhood radius (o) 1.5

Learning rate («) 0.5

Training iterations 2,000

Weight initialisation Random from data
Random seed 42

4.7.2 BMU Assignment and Neighbourhood Expansion

After training, each word is assigned to its Best-Matching Unit (BMU):

BMU(w) = arg I(Illr)l || — my;|| (4.7)
Z?]
Synonym candidates are collected by expanding a neighbourhood window of radius r
around the target’s BMU (x, y;):
Ne={(,5) | |i —z¢| <7 and [j — | < 7} (4.8)

r starts at zero and increments by one until at least 15 morphologically distinct

candidates have been collected.
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4.7.3 Final Re-Ranking and Output

Final ranking is produced by recomputing cosine similarity in the original 768-dimensional
embedding space, using e; and e,,. Farasa deduplication is applied to the Top-15 result,

producing the final Pipeline output S;.

Algorithm 4 Stage 3 — SOM Topological Reorganisation
1: Input: {f,}, {e,}, target t

2: Output: S; (Top-15)

3: Initialise and train SOM (55, 0=1.5, a=0.5, 2000 iter.)
4: Assign BMU(w) for all w € W

5. r < 0; candidates < [ ]

6: while |dedup. candidates| < 15 and r < 5 do
7 Collect all w with BMU(w) € N,

8: Apply Farasa deduplication

9: r<r+1

10: end while

11: Re-rank by cos(ey, e,)

12: Apply Farasa deduplication to Top-15

13: return Sz

4.8 Cross-Validation via Sentence-BERT

The internal cosine similarity used inside the Pipeline is computed in the same embedding
space that generated the candidates, so a candidate that is ranked highly by the Pipeline
will also be ranked highly when re-scored in that space. To avoid this circularity at the
time of evaluation for a smoother read, a second, independent semantic model — Sentence-
BERT (paraphrase-multilingual-MinilM-L12-v2) — is used as an external evaluator.
S-BERT is not part of the Pipeline; it is only used in Chapter 5 to compare the quality
of the Baseline output and the Pipeline output.

For each candidate list, the mean semantic similarity between the target and the

candidates is computed as:
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5= 1525: cos(S-BERT(t), S-BERT (w;)) (4.9)

A higher s for the Pipeline output relative to the Baseline confirms that the SVD and
SOM stages produced a semantically tighter synonym list, as judged by a model that is

independent of the one used to generate the candidates.

4.9 Weighted Synonym Evaluation

Alongside the S-BERT cross-validation, the Pipeline and Baseline outputs are also scored
with the lexically-grounded weighted synonym measure defined in Chapter 2. For ev-
ery target word an independent reference set of true synonyms is compiled from stan-
dard Arabic dictionaries, and each candidate receives a closeness weight w € [0,1] (a
weight of 1 for a fully substitutable synonym, intermediate values for near synonyms,
and 0 for non-synonyms and morphological derivatives of the target). The top-k list
is then summarised by the position-blind WSSQk = - LS™* w(c;) and the rank-aware
wDCGQ@Qk = 3% w(c;)/logy(i + 1). These two measures are applied per target word in
Chapter 5, together with the standard Precision@k, Mean Reciprocal Rank, and Mean

Average Precision metrics used in the parameter and ablation studies.

4.10 Complete Pipeline Summary

Table 4.4 consolidates the parameters of the complete Pipeline in a single reference table.
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Table 4.4: Summary of Pipeline Parameters.

Stage Parameter Value

Embedding Model AraBERT v0.2
Embedding Vector dimensionality 768

Stage 1 Initial candidate pool Top-200 by cosine

Stage 1 Output size Top-15 (deduplicated)
Stage 2 SVD input Local cosine similarity matrix
Stage 2 SVD rank k {10,12,...,40} (16 values)
Stage 3 SOM grid 55

Stage 3 Neighbourhood radius (o) 1.5

Stage 3 Learning rate () 0.5

Stage 3 Training iterations 2,000

Stage 3 Random seed 42

Validation ~ S-BERT model MiniLM-L12-v2
Evaluation Target words 157

Evaluation Total scenarios 2,512




Chapter 5

Results and Analysis

5.1 Introduction

This chapter evaluates the Proposed Pipeline against the Baseline defined in Chapter 4.
The Baseline applies cosine similarity directly to the AraBERT embeddings; the Pipeline
applies the same final similarity score but only after the embedding space has been
refined by SVD and reorganised topologically by the SOM. The comparison is the same
in every case study: for a given target word and a given value of k, the Top-15 candidates
produced by the Baseline are placed side-by-side with the Top-15 candidates produced
by the Pipeline, and the differences are analysed.

The results are presented through three analytical pathways, which build upon each

other:

e Section 5.2 examines rank elevation, where the Pipeline keeps a synonym that

was already present in the Baseline but promotes it to a higher position.

e Section 5.3 examines latent discovery, where the Pipeline surfaces a synonym

that was absent from the Baseline Top-15 entirely.

o Section 5.4 examines rank displacement, where the Pipeline correctly removes a

Baseline candidate that is not a functional synonym.

Section 5.5 goes on to synthesise the effect of the tuning parameter £ across the full grid
of 15716 = 2,512 experimental scenarios, before Section 5.6 closes with a quantitative

summary of the findings.
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In all tables that follow, highlighted cells () mark real synonyms of the target
word. A Pipeline synonym that is newly discovered relative to the Baseline is marked
+, a non-synonymous Baseline term that the Pipeline later removes is marked —, and a
rank elevation of a shared synonym is marked 1. Every Arabic table is followed by an
English translation table that preserves the same ordering and the same highlighting, so

that a reader who does not read Arabic can still follow the quantitative argument.

Quantitative weighting of the results. In addition to the qualitative side-by-side
comparison, each case study below is accompanied by a quantitative weighted synonym
score. Every candidate word is assigned a closeness weight w € [0, 1] with respect to the
target word, judged by an expert in Arabic lexical semantics and grounded in standard
Arabic dictionaries (Almaany, Al-Maajim, and the Reverso Arabic thesaurus): a weight
of 1.0 denotes a fully substitutable synonym, intermediate values denote near- or partial
synonyms, and a weight of 0 is assigned to non-synonyms and to morphological derivations
of the target itself. From these weights, two measures are computed over the top five

candidates of each list. The first is a weighted precision,

1 5
WSSsa@hs = 52@0(02-),

=1

which averages the closeness weights regardless of position. The second is a rank-aware

measure adapted from the Discounted Cumulative Gain,

5

w(c;)
wDCGQ5 = —_—
2 Toggli + 1)

)l

which rewards placing stronger synonyms nearer the top of the list. Because the central
claim of the Pipeline is the elevation of true synonyms to higher ranks, the rank-aware
wDCG@5 is treated as the primary measure. Both scores are reported in the boxed

evaluation beneath each table and are consolidated in Section 5.6.
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5.2 Rank Elevation

The first analytical path concerns synonyms that the Baseline already retrieves but ranks
too low to be useful in practice. The Pipeline re-orders these candidates so that func-
tional synonyms occupy the top positions and morphological derivatives are pushed down.
Section 5.2.1 documents this behaviour in detail for the target m.dad (Education) and
cross-validates the result against the Microsoft Word Arabic Thesaurus and S-BERT.
Section 5.2.2 reports four additional cases that confirm the same pattern across different

domains and different values of k.
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5.2.1 @i (Education) at & = 40

Table 5.1: Top-15 synonyms for ela3 (Education) at k = 40.

# Baseline Proposed Pipeline

Word Score ‘Word Score

1 ewdad 0922 Lusyad  0.912 1

2 sl 0.916 Ik 0.890 1
3 Aels 0.913 O g 0.887

4 umyad 0912 s g3 0.882 1

5 aa,s 0906  sai3  0.880 1

6 cooud 0897 rleie 0.875
7 olae 0894 sl 0.874
8 cawais  0.890  Aa s 0.872
9 $g,5 0888  dasls 0.868
10 Osa 0887 eSS 0.868
11 aoglal  0.884  Ogajali  0.868
12 acgss  0.882 L 0.867
13 o 0881  dlb 0.867
14 sl 0881  ugae 0.866

15 & (sl 0.881 e 0.866
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wDCGQ@5 = Y w(c;)/logy(i + 1).

wDCG@5 = 1.984.

Weighted synonym evaluation for a3 (top 5).
Baseline top 5: edad, palad, duedi, (o o3, 4o 3

Proposed top 5: (w33, Caulil, O g, di> 93, & o

Rank-aware verdict (wWDCG@5): Proposed > Baseline.

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference

(0 for non-synonyms and morphological forms of the target); WSS@5 = %Zw(ci) and

Baseline matched: (ua yo31.00, 4w ,50.65 = WSSQ5 = 0.330, wDCG@Q5 = 0.682.

Proposed matched: gug 3231.00, 235 0.85, aua 950.50, 245 0.60 = WSSQ@5 = 0.590,

Table 5.2: Table 5.1 in English.

# Baseline Proposed Pipeline
Word Score  Word Score
1 Educational 0.922 Teaching 0.912 1
2 Education 0.916 Enlightenment 0.890 1
3  Pupil 0.913 Sons 0.887
4 Teaching 0.912  Guidance 0.882 1
5 Upbringing 0.906 Nurturing 0.880 1
6 Training 0.897 Curriculum 0.875
7  Teacher 0.894 Education 0.874
8 Enmlightenment 0.890  Upbringing 0.872
9  Pedagogical 0.888 University 0.868
10 Sons 0.887 Formation 0.868
11 Adaptation 0.884 Television 0.868
12 Guidance 0.882  Clothing 0.867
13 Student-related 0.881 Student 0.867
14  Professor 0.881 Institute 0.866
15 Nurturing 0.881 Syllabus 0.866




5.2. Rank Elevation 49

A. Comparative Validation (MS Word Arabic Thesaurus)

A first external validation comes from the Microsoft Word Arabic Thesaurus. Querying
@lad (Education) in MS Word returns s y45 (Teaching) and i (Enlightenment)
as the top synonyms — exactly the two terms that the Pipeline promoted to rank 1 and

rank 2. Figure 5.1 reproduces the thesaurus output for direct comparison.

[ Paste Options:
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A Font.
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Define

Synonyms 3 ety 2F
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5%{ Search with Bing ouils
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[} New Comment ).J.A.\..._l
?Jlm o

* Times New Rc~- 36 ~| A an

B I Qa‘h"ﬁ'fz L))

El Thesaurus...

Figure 5.1: MS Word thesaurus for eula3 (Education).

B. Cross-Model Validation (S-BERT)

A second, independent validation uses the multilingual Sentence-Bidirectional Encoder
Representations from Transformers (S-BERT) model defined in Section 4.8. The mean

S-BERT similarity between the target and each promoted candidate is:
o a3 (Enlightenment): S-BERT similarity = 0.956
o uyd (Teaching): S-BERT similarity = 0.825

Both values are substantially higher than the scores of the Baseline’s top candidates,

providing model-agnostic evidence that the Pipeline ranking reflects genuine semantic
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equivalence and is not an artefact of the AraBERT embedding space.

C. Rank Elevation Analysis

.o

o o3 (Teaching) advanced from rank 4 to rank 1, and a5 (Enlightenment) from
rank 8 to rank 2. The Pipeline suppressed morphological derivatives such as eslas (Ed-
ucational — an adjective, not a synonym) and elevated terms representing the functional
domain of education. 4u> ¢35 (Guidance) and ¢ &5 (Nurturing) entered the top five,
forming a pedagogical cluster that reflects the classical Arabic conception of education

as a process of character formation, not merely information transfer.

D. The Self-Occurrence Phenomenon

The target word @la3 (Education) itself appears in both output lists. This is an expected
mathematical property: in a high-dimensional space, a word is its own nearest neighbour
with similarity ~ 1.0. Within the Pipeline, the target serves as the centroid of its own
cluster and its presence confirms embedding stability. It is treated as a reference point

and not counted as a synonym in any of the analyses that follow.

5.2.2 Additional Rank Elevation Cases

The pattern documented for @.da3 (Education) is reproduced in the four cases below.

Each case draws from a different semantic domain, using a different value of k.
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1Y, (Signification) at k = 32

Table 5.3: Top-15 synonyms for a3% s (Signification).

#* Baseline Proposed Pipeline

Word Score Word Score

1 a¥s 0.963 Jalie  0.948 1

2 Jedus  0.948  Liae 0.907 1
3 Jha 0.943 (5 jae 0.904 1
4 Girey 0927 was 0.901
5 was 0916 e 0.901
6 JI¥iiwl 0915 5 ae 0.898
T aseae 0912 wed 0.895
8 e 0.911 4 gaae 0.890
9 J¥s 0.909 b, 0.888
10 ,age 0905 33 ae 0.888
11 G3ae  0.904  ,laisl 0888
12 @Mt 0.904  jiae 0.886
13 yuwds 0901 0.884
14 e 0901 yugas 0.883

15 s, 0901  Zhwo 0.882
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Weighted synonym evaluation for 3%, (top 5).

Baseline top 5: A3¥s, J g¥ae, J13, § 34, (s

Proposed top 5: J g3ie, (man, (§ 348, jucudl, puiiia
Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference

(0 for non-synonyms and morphological forms of the target); WSS@5 = %Zw(ci) and
wDCGQ5 = Y w(c¢;)/logy(i + 1).

Baseline matched: J ¢3420.90, 2e1.00 = WSSQ5 = 0.380, wDCGQ5 = 0.955.
Proposed matched: J §3400.90, 2e1.00, ¢ 3200.85 = WSS@Q5 = 0.550, wDCG@Q5 =

1.956.

Rank-aware verdict (wWDCG@5): Proposed > Baseline.

Table 5.4: Table 5.3 in English.

# Baseline Proposed Pipeline
Word Score  Word Score
1  Signification 0.963 Signified 0.948 1
2  Signified 0.948 Meaning 0.907 1
3 Signifier 0.943 Significance 0.904 1
4 Symbolic 0.927 Interpretation  0.901
5 Meaning 0.916  Variable 0.901
6 Inference 0.915 Single 0.898
7  Concept 0.912 Value 0.895
8 To mean 0.911 Saying 0.890
9  Connotation 0.909 Letter 0.888
10 Indicator 0.905 Vocabulary 0.888

11 Significance 0.904  Abbreviation 0.888

12 Inception 0.904 Expressive 0.886
13 Interpretation 0.901 Symbol 0.884
14 Variable 0.901 Expression 0.883

15 Sign 0.901 Form 0.882
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dadas’ (Planning) at £ = 26

Table 5.5: Top-15 synonyms for dadasi (Planning).

#* Baseline Proposed Pipeline
Word Score  Word Score
1 dalase  0.924 O] 0.908 1
2 Jadasxi 0924 Ags 0.889 1
3 Bwdd 0.908 @il 0.886
4 Ui 0.901 das 0.886
5 Eueald 0.897 s 0.885 1
6 A 0.889  ,oul 0.885 1
T yusald 0.888 NP1 0.883
8 e 0.887 A gus 0.881
9  Esas 0.886 gl 0.879
10 oy 0.886 s 0.879
11 o 0.885 dacd 0.879
12 adais 0.885  a.dad 0.878
13 s 0.885 el 0.878
14 gwais  0.884 B peciical 0.878
15 Lwais 0.883 ! 0.876
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Weighted synonym evaluation for Jaass (top 5).
Baseline top 5: dalasms, daidasni, 3w, das, aieal

Proposed top 5: Guwl, Wgs, padnial, day y, ada's

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); WSS@5 = %Zw(cl-) and
wDCGQ5 = Y w(c¢;)/logy(i + 1).

Baseline matched: 34w 0.65, puea’ 0.55 = WSSQ5 = 0.240, wDCG@5 = 0.538.
Proposed matched: 34w 0.65, 2g50.55, @utai50.75 = WSSQ5 = 0.390, wDCG@QS5 =
1.287.

Rank-aware verdict (wWDCG@5): Proposed > Baseline.

Table 5.6: Table 5.5 in English.

# Baseline Proposed Pipeline
Word Score  Word Score

1 Plan (n.) 0.924  Coordination 0.908 1

2 Planning 0.924 Preparation 0.889 1

3 Coordination 0.908  Amplification 0.886
4 Plan 0.901 Linking 0.886
5 Design 0.897 Organization 0.885 1
6 Preparation 0.889 Management 0.885 1
7  Thinking 0.888 Execution 0.883
8  Designed 0.887 Scheduling 0.881

9  Amplification 0.886 Visualization 0.879

10 Linking 0.886 Plan 0.879
11 Pattern 0.885 Simplification 0.879
12  Organization 0.885  Reduction 0.878
13 Management 0.885  Operation 0.878
14 Engineering 0.884 Foresight 0.878

15 Execution 0.883 Deduction 0.876
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4340 (Charity) at £ =18

Table 5.7: Top-15 synonyms for 48w (Charity) at k& = 18.

# Baseline Proposed Pipeline

Word Score Word Score

1 LBuw 0.941 =) 0.911 1

2 sy 0911 Jao 0.874 1
3 aolws)  0.880 Aes 0.868
4 g, 0880 3 0.867
5 ele  0.879 s 0.863
6 ows  0.879 s 0.862
7T Zws 0877  dusd 0.862
8  Jiu 0.874  slea 0.859
9 Biae 0873 ol 0.854
10 aclws 0873  3umd 0.846
11 3, 0870 @Ml 0.840
12 Ze>, 0868 g5l 0.840
13 a>d 0867 il 0.839
14 3, 0867 3l 0.838

15 el 0.867 PRV 0.838
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Weighted synonym evaluation for 43.» (top 5).

Baseline top 5: d8uus, 5152 ), Lolud|, ¢ ,d, slac
Proposed top 5: 3l&a y, Jia, da 3, 3 g, j>

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); WSS@5 = %Zw(ci) and
wDCGQ5 = Y w(c¢;)/logy(i + 1).

Baseline matched: 32 30.75, ¢ »50.90, slkaec 0.85 = WSSQ@5 = 0.500, wDCG@5 =
1.190.

Proposed matched: 3l 30.75, Juu0.70 = WSSQ@5 = 0.290, wDCG@Q5 = 1.192.

Rank-aware verdict (wWDCG@5): Proposed > Baseline.

Table 5.8: Table 5.7 in English.

# Baseline Proposed Pipeline
Word Score  Word Score
1 Charity 0.941 Zakat 0.911 ¢t
2  Zakat 0.911 Giving 0.874 1
3 Humanity 0.880 Mercy 0.868

4 Donation 0.880 Benevolence 0.867

5 Bestowal 0.879 Goodness 0.863
6 Good (adj.) 0.879  Love 0.862
7  Good deed 0.877 Greeting 0.862
8 Giving 0.874 Supplication 0.859
9  Worship 0.873 Sacrifice 0.854
10  Assistance 0.873 Rescue 0.846
11  Gesture 0.870 Ethics 0.840
12 Mercy 0.868 Brotherhood  0.840
13 Greeting 0.867 Lights 0.839
14 Benevolence 0.867 Excellence 0.838

15 Obedience 0.867 Gift 0.838




5.2. Rank Elevation

57

Al , (Trip) at k = 10

Table 5.9: Top-15 synonyms for al~ , (Trip) at k£ = 10.

# Baseline Proposed Pipeline
Word Score  Word Score
1 s, 0.918 ALASTw 0.884
2 5 yelae 0.895 g 0.874 1
3 lgdee 0.892 PPN 0.864 1
4 yaw 0.890 Aiaw 0.845
5 Axsblew 0.889 U~ 0.840
6 a3 0.888 dlew 0.839 1
7 Qlashwt  0.884 3349 0.838
8 W 0.877  a,L) 0.838
9 =5 0.862 3yt 0.838
10 @b 0.859 ¢ Lkas! 0.833
11 asls 0.855 J g 0.827
12 sl 0.855 > 0.827
13 8 jin 0.853 Jlg> 0.820
14 alss 0.850 RSt 0.817
15 olws 0.849 Seuro 0.815




5.2. Rank Elevation

Weighted synonym evaluation for at~ , (top 5).
Baseline top 5: dd~ y, 3 polaa, )l gdin, yaw, dnlw
Proposed top 5: aliSiw!, ypow, I g, ddw, Jl>

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); WSS@5 = %Zw(ci) and
wDCGQ5 = 3" w(c;)/logy(i + 1).

Baseline matched: ) g 0.65, ;2w 0.85, 4>l 0.55 = WSSQ5 = 0.410, wDCG@5 =
0.904.

Proposed matched: yaw0.85, a3 9> 0.70 = WSSQ5 = 0.310, wDCG@5 = 0.886.

Rank-aware verdict (wWDCG@5): Baseline > Proposed.

Table 5.10: Table 5.9 in English.

# Baseline Proposed Pipeline
Word Score  Word Score
1 Trip 0.918 Exploration 0.884
2 Adventure 0.895 Travel 0.874 1
3 Journey 0.892 Tour 0.864 1
4 Travel 0.890 Ship 0.845
5 Tourism 0.889  Nomad 0.840
6 Outing 0.888 Tourism 0.839 1
7 Exploration 0.884 Return 0.838
8 Tour 0.877  Visit 0.838
9  Ticket 0.862 Migration 0.838
10 Road 0.859 Impression 0.833
11 Caravan 0.855 Roaming 0.827
12 Excursion 0.855 Trip 0.827
13 March 0.853 Wanderer 0.820
14 Story 0.850 Exploratory  0.817

15 Traveller 0.849 Camp 0.815
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Cross-Domain Analysis of Rank Elevation

The four additional cases confirm that rank elevation is a domain-independent property

of the Pipeline:

 Signification: The Pipeline elevated J ¢3us (Denotation), as (Meaning) and
& »e (Significance) to the top positions, whereas the Baseline placed these same

synonyms lower down, among unrelated terms such as jaiae (Variable).

o Planning: Organisational terms such as @S (Coordination), diugs (Prepara-
tion), audas (Organization) and was (Management) were elevated to the top-six
positions in the Pipeline output, compared to ranks 3, 6, 12 and 13 in the Base-
line — demonstrating a shift from generic design terminology to specific managerial

functions.

o Charity: The genuine synonyms sl j (Almsgiving) and Jiu (Giving) were ele-
vated above morphological derivatives and topically-related but non-synonymous

terms, capturing the core sense of the concept.

o Trip: The travel synonyms ,aw (Travel), dsbLew (Tourism), and 4t g> (Tour)
were moved into the top positions, above the topically-related but non-synonymous

term 3 yolae (Adventure).

Rank elevation, however, only addresses candidates the Baseline already retrieves. The
next section turns to the more substantial effect: synonyms that the Pipeline recovers

but the Baseline misses entirely.

5.3 Latent Discovery

Latent discovery refers to cases where the Pipeline surfaces synonyms that are not present
in the Baseline Top-15 at all. These are terms that lie deeper in the embedding space
and that cosine similarity across the raw embeddings cannot reach. The topological
reorganisation performed by the SOM brings them into the neighbourhood of the target

through their relationships with the intermediate candidates.
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Section 5.3.1 documents the detailed case of aMe! (Media), where three central domain

terms were recovered. Section 5.3.2 reports four additional cases that confirm the pattern.

5.3.1 adMel (Media) at k = 34

Table 5.11: Top-15 synonyms for aMe! (Media) at k = 34.

# Baseline Proposed Pipeline
Word Score  Word Score
I ede) 0.937 wle glaa 0.916
2 ple 0.919 plgw) 0.913
3 wlegly 0916 iy 0.910
4 adel 0.916 S ! 0.907
5 algw) 0.913 Al 0.904 +
6 M| 0.911 BIB) 0.903
7T Al 0.910 Al po 0.903
8 sl 0.909 eLai 0.903 +
9  Qlual 0.908 &AL 0.902
10 g ,a! 0.907 Jilase 0.901
11 Clkawst  0.906 oded 0.901
12 9S> 0.905 O 0.901
13 =i 0.905 otlal 0.901
14 &,k 0.905 PYSKY) 0.901 +
15 (oo 0.905  rl>u) 0.901
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Weighted synonym evaluation for »Me! (all 15 candidates).
Baseline top 5: ede|, ple, wbe glia, adel, algw!
Proposed top 5: uwle sas, plguw), A 9, ($H13), Blo

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); the scores are computed
over all 15 candidates: WSS@15 = 1= 3" w(c;) and wDCG@15 = 3~ w(c;)/ logy(i + 1).
Baseline matched: ams0.60 = WSSQ15 = 0.040, wDCG@15 = 0.150.

Proposed matched: — S8lmus 0.60, £Lai0.55, 4e310.50 = WSS5Q@15 = 0.110,

wDCG@15 = 0.534.

Rank-aware verdict (wWDCG@15): Proposed > Baseline.

Table 5.12: Table 5.11 in English.

# Baseline Proposed Pipeline
Word Score  Word Score
1 Media (adj.) 0.937  Diplomat 0.916
2 Knowledge/Flag 0.919 Contribution 0.913
3 Diplomat 0.916 Medium 0.910
4  Media 0.916 Administrative 0.907
5  Contribution 0.913 Journalist 0.904 +
6 Evacuation 0.911 Highlighting 0.903
7  Medium 0.910 Guide 0.903
8  Trustees 0.909 News 0.903 +
9 Goals 0.908 Club 0.902
10 Administrative 0.907 Fighter 0.901
11 Accompanying 0.906 Announced 0.901
12 Governmental 0.905 Announcer 0.901
13 Mentioning 0.905 Educational 0.901
14 Patriarch 0.905 Broadcasting 0.901 +

15 Journalist 0.905  Success-making 0.901
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(+ = newly discovered; not present in the Baseline Top-15.)

The Pipeline recovered three terms that are central to the media domain yet absent
from the Baseline: alewo (Journalist), sLoi (News), and aet3) (Broadcasting). S-BERT

cross-validation confirms the quantitative improvement:
» Baseline mean similarity: 0.717
o Pipeline mean similarity: 0.738

The Pipeline therefore captured the ecosystem of the media domain — linking the con-
cept to its actors, its products and its channels — rather than returning the root-based

derivations eMe| (Media, adj.) and @le (Knowledge/Flag).
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5.3.2 Additional Latent Discovery Cases

Joc (Work) at k=38

Table 5.13: Top-15 synonyms for Jee (Work) at k = 38.

# Baseline Proposed Pipeline

Word Score Word Score

1 0.937  Jukdiis 0.887
2 0.916 Jale 0.878
3 0.900 i3 0.877

0.895 o > 0.876

0.891  3s¢>e  0.873 +
0.887 0.872

0.885 0.872

FEFEEEEE

S
5 e
0.880 adsgs  0.869
Ja
Jom
BET

9 cou 0878 0.867
10 Ga,a 0878 0.866
11 Jole  0.878 0.866
12 Jlesi 0878  awiual 0.863
13 ,a1 0878  gLof 0.863
14 Gas=i 0877  ag 0.863

15 abge 0.876 ol 0.863 +
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Weighted synonym evaluation for J<c (all 15 candidates).
Baseline top 5: Jee, Jad, Jaidl, Jeoel, 2l
Proposed top 5: Juadl, Jale, Gaa3, 7 9 »>, 3 9g>0

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); the scores are computed
over all 15 candidates: WSS@15 = 1= >~ w(c;) and wDCG@15 = 3~ w(c;)/ logy(i + 1).
Baseline matched: J2&0.90, Jaa10.50, J250.60 = WSS@15 = 0.133, wDCGQ15 =
1.018.

Proposed matched: s gg=e0.50, 4ads 90.60 = WSSQ@15 = 0.073, wDCG@Q15 = 0.343.

Rank-aware verdict (wWDCG@15): Baseline > Proposed.

Table 5.14: Table 5.13 in English.

# Baseline Proposed Pipeline
Word Score  Word Score
1 Work 0.937 Operating 0.887
2 Job 0.916  Worker 0.878
3  Worked 0.900  Achievement 0.877
4  Operate 0.895 Exit 0.876
5 Employed 0.891 Effort 0.873 +
6 Operating 0.887 Assignment 0.872
7 Action 0.885  Salary 0.872
8 Place 0.880 Employment 0.869
9  Search 0.878 Transfer 0.867
10 Team 0.878 Staying-up 0.866
11 Worker 0.878 Attendance 0.866
12 Business 0.878 Manufacturing 0.863
13 Wage 0.878 Production 0.863
14 Achievement 0.877 Sleep 0.863

15  Employee 0.876 Position 0.863 +
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Jies (Acting) at k=24

Table 5.15: Top-15 synonyms for Juied (Acting) at k = 24.

# Baseline Proposed Pipeline
Word Score  Word Score
1 Jdas 0.940 el 0.940
2 Sies 0.925 p TS 0.886
3 s 0.890 7 jws 0.883
4 de> puwn  0.886 z) > 0.872
5 s 0.883 > it 0.867
6 das 0.877 7 5 0.865
7wt 0.876 Fiano 0.861
8 sl 0.873 Lot ya 0.853
9 gl 0.872 92yl 0.853
10 zi,5! 0.871 S 0.850
11 Jediwo 0.869 oD e 0.847
12 o> jus 0.867 = 0.845
13 Slssl>s 0.866 5 9lie 0.844
14 =8 0.865 o8l y 0.841

15 Y] 0.865 43,3 0.838
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Weighted synonym evaluation for Jisi (all 15 candidates).
Baseline top 5: Jdad, Fan, ot Ao i, (=
Proposed top 5: Juiad, du yss, 7 s, 71 330, (o> pian

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); the scores are computed
over all 15 candidates: WSS@15 = = 3" w(c;) and wDCG@15 = 3~ w(c;)/ logy(i + 1).
Baseline matched: auww>30.75, wdad30.55, slssl=e 0.60 = WSSQl5 = 0.127,
wDCGQ@15 = 0.729.

Proposed matched: — = WSS@Q15 = 0.000, wDCG@15 = 0.000.

Rank-aware verdict (wWDCG@15): Baseline > Proposed.

Table 5.16: Table 5.15 in English.

# Baseline Proposed Pipeline
Word Score  Word Score
1 Acting 0.940 Acting 0.940
2 Actor 0.925 Play 0.886
3 Embodiment 0.890  Theatre 0.883
4 Play 0.886 Directing 0.872
5 Theatre 0.883 Theatrical 0.867
6 Imitation 0.877  Director 0.865
7 Playing 0.876 Actor 0.861
8  Singing 0.873 Drama 0.853
9  Directing 0.872 Scenario 0.853
10 Direction 0.871 Indian 0.850
11 TV series 0.869 Show 0.847
12 Theatrical 0.867 Clip 0.845

13 Simulation 0.866 Manoeuvre  0.844
14  Action 0.865 Dancer 0.841

15 Acting (adj.) 0.865  Troupe 0.838
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40,3 (Upbringing) at k = 16

Table 5.17: Top-15 synonyms for 4w ,3 (Upbringing) at k = 16.

# Baseline Proposed Pipeline

Word Score Word Score

1 oy 0.947 oS 0.927
2 aw,h 0927 S ,d 0.909
3 sods 0924 il 0.906
4 g5 0913 G 0.898

5 eelai  0.906  ui,ai 0.898

6 ewlad 0904 eulsd 0.890

7T Osm 0898 wai 0.890
8  Lumyad 0898 eLd i 0.888
9 e 0.893  iuels 0.878
10 wai 0890  wawais  0.877 +
11 2aas  0.890  a¥ i 0.877
12 a5 0890 dus sl 0.873
13 cLdoi 0888  (poped 0.871

14 Leds 0.888 2 9lad 0.871

15 (e 0.886 lase 0.870

Weighted synonym evaluation for 4w ,5 (all 15 candidates).
Baseline top 5: (o351, 4 53, ¢ oid, (§ 93 3, @ulad

Proposed top 5: aw )3, & 92 )5, pdad, O g%, (u yo3

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); the scores are computed
over all 15 candidates: WSS@15 = <= 3" w(c;) and wDCG@15 = 3~ w(c;)/ logy(i + 1).
Baseline matched: ¢ 5 0.85, a3 0.65 = WSS5@15 = 0.100, wDCG@Q15 = 0.676.
Proposed matched: ada30.65, 25350.55 = WSSQ15 = 0.080, wDCG@Q15 = 0.484.

Rank-aware verdict (wWDCG@15): Baseline > Proposed.
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Table 5.18: Table 5.17 in English.

# Baseline Proposed Pipeline
Word Score  Word Score
1 Raised 0.947 Upbringing 0.927
2 Upbringing 0.927 Educational 0.909
3 Nurturing 0.924  Education 0.906
4  Educational 0.913 Sons 0.898
5 Education 0.906  Teaching 0.898
6 Educational (adj.) 0.904  Educational (adj.)  0.890
7 Sons 0.898 Manners 0.890
8  Teaching 0.898 Guardians 0.888
9  Womb/Mercy 0.893  Pupil 0.878
10 Manners 0.890 Enlightenment 0.877 +
11 Nutrition 0.890 Children 0.877
12 Was raised 0.890 Guidance 0.873
13  Guardians 0.888 Training 0.871
14 Pupil 0.888 Cooperative 0.871
15 School (adj.) 0.886  Teacher 0.870
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32L& (Leadership) at k£ = 12

Table 5.19: Top-15 synonyms for 3sL& (Leadership) at k = 12.

# Baseline Proposed Pipeline

Word Score Word Score

1 sakd 0943 Zwls, 0.920
2 gakd 0928 s 0.916
3 Awli, 0.920 iiie 0.915
4 . 0.920  3aLad 0.914
5w 0.916 5l 0.911
6 Asude 0915 el 0.908
7 sykel  0.911  sdae 0.908
8 wliy 0910  Auwl,» 0.907
9 melud 0908  alej 0.905
10 sMae 0908 (sl 0.905

11wl > 0907  $iwaws 0.904
12 a3 0.906 3 0.903
13 Lawwd 0905  Zsle)  0.903 +

14 ale} 0.905  eulais  0.903

15 o3 0.904 Jb e 0.903
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Weighted synonym evaluation for 3:L3 (all 15 candidates).
Baseline top 5: 83L&, a8, awli y, W18, s

Proposed top 5: duwld y, e, ddnidia, 32L3, 3 yla)

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); the scores are computed
over all 15 candidates: WSS@15 = = >~ w(¢;) and wDCGQ15 = 3" w(c;)/ logy (i + 1).
Baseline matched: dw\s y0.70, ;i 0.60, 3 4le10.60 = WSSQ15 = 0.127, wDCGQ15 =
0.782.

Proposed matched: awls y0.70, ;ewd 0.60, 3 yle)0.60, dsle 30.80 = WSS@Q15 = 0.180,

wDCG@15 = 1.521.

Rank-aware verdict (wWDCG@15): Proposed > Baseline.
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Table 5.20: Table 5.19 in English.

# Baseline Proposed Pipeline
Word Score  Word Score
1 Leadership 0.943 Presidency 0.920
2 Leading 0.928 Management 0.916
3 Presidency 0.920  Sheikhdom 0.915
4  Leader 0.920 Leadership 0.914
5 Management 0.916 Emirate 0.911
6  Sheikhdom 0.915 Arming 0.908
7 Emirate 0.911  Reins 0.908
8  Presidential 0.910 Guarding 0.907
9 Arming 0.908 Helm 0.905
10 Reins 0.908 Leading 0.905
11  Guarding 0.907 Executive 0.904
12 Led 0.906 Refining 0.903
13  Coordinating 0.905 Leadership-role 0.903 +
14 Helm 0.905 Organisational 0.903
15 Gradation 0.904 Qualified 0.903
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Cross-Domain Analysis of Latent Discovery

Across the four additional cases the Pipeline surfaced domain-specific synonyms that
cosine similarity across the raw embedding space had ranked below position 15 (in three

of the four cases; the acting case is discussed below):

« Work: the Pipeline recovered » ggaws (Effort) and aads ¢ (Position).

« Acting: the Pipeline surfaced only stage-related terms such as ksl ya (Drama) and
92 )liew (Scenario); none of these is a true synonym of the target, so this case yields

no genuine latent discovery.
« Upbringing: the Pipeline recovered «aais (Enlightenment).

« Leadership: the Pipeline recovered dwsle y (Leadership-role).

Rank elevation and latent discovery together account for what enters the top of the

Pipeline list. The next section turns to what is removed from it.

5.4 Rank Displacement

Rank displacement refers to cases where the Pipeline removes Baseline candidates from
the Top-15 because they are not functional synonyms. The removals are not errors: they
are the consequence of replacing co-occurrence neighbours with functionally equivalent
terms inside the reorganised topology. Section 5.4.1 presents the detailed case of Coma

(Research) and Section 5.4.2 reports four additional cases.
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5.4.1 <o (Research) at k= 36

Table 5.21: Top-15 synonyms for G (Research) at k = 36.

# Baseline Proposed Pipeline

Word Score Word Score

1 o 0928  xadle  0.893
2 aadlie  0.893 i, 0.884
3 Awlys  0.884 o 0.878
4 alas 0.881 e 0.868
5 Jes 0878  ode! 0.867
6 same 0874 — ainge 0.865
7 saaie 0874 — @l 0.862

8 (Gua=i 0873 ¢ abge  0.861
9 dad,e 0872 — Lo 0.859

10 alasvil 0871 —  Jeads 0.855

11 Jas 0.870 —  Jlais 0.852
12 ¢ gbge 0870  haslis 0.852
13 cae 0.868  alex 0.851
14 Jslae  0.868 — o ,as 0.851

15 I 0.868 Ol g 0.849
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Weighted synonym evaluation for cws (all 15 candidates).

Baseline top 5: Goma, addlice, dwl ya, (ul33, Jas
Proposed top 5: addlia, duwl s, G, e, OMe|

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); the scores are computed
over all 15 candidates: WSS@15 = <= 3" w(c;) and wDCG@15 = 3~ w(c;)/ logy(i + 1).
Baseline matched: 443Liwe0.60, 24w 50.85, (ulas0.55 = WSSQ15 = 0.133,
wDCG@15 = 1.040.

Proposed matched: addlis (.60, 4wl 320.85 = WSSQ15 = 0.097, wDCGQ15 = 1.136.

Rank-aware verdict (wWDCG@15): Proposed > Baseline.

Table 5.22: Table 5.21 in English.

# Baseline Proposed Pipeline
Word Score Word Score
1 Research 0.928 Discussion 0.893
2  Discussion 0.893 Study 0.884
3  Study 0.884 Research 0.878
4 Debate 0.881 Following 0.868
5 Work 0.878 Announcement, 0.867
6  Specific 0.874 —  Position 0.865
7  Multiple 0.874 —  Research papers 0.862
8 Investigation  0.873 Topic 0.861
9 Linked 0.872 —  Published 0.859
10 Use 0.871 —  Detail 0.855
11 Job 0.870 —  Follow-up 0.852
12 Topic 0.870 Follow-up 0.852
13 Following 0.868 Sentence 0.851
14 Opposite 0.868 —  Report 0.851

15 Student 0.868 Title 0.849
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Six Baseline terms were displaced: sass (Specific), sanaie (Multiple), dai e (Linked),
alasiw! (Use), Jad (Job), and Jslawe (Opposite). None of these is a synonym for re-
search; they are generic adjectives, verbs, or prepositions that share no semantic content
with the target. In their place the Pipeline promoted genuine synonyms of the target,

448l (Discussion) and 4wl ya (Study), to the top of its ranked list.

5.4.2 Additional Displacement Cases

2w (Travel) at k=28

Table 5.23: Top-15 synonyms for yaw (Travel) at k = 28.

# Baseline Proposed Pipeline

‘Word Score Word Score

1 ol 0.929  ,hw 0.922
2 hw 0922  ,3lus 0.891
3 syale 0911 Juo 0.876
4 alwe 0891 3 ,ma 0.870
5 Jusy 0.885 sl 0.870
6 Jas 0881 Ol pubo 0.870
7T o 0.875  alaal 0.869
8 alakiwl 0.875  Als, 0.867
9 dola, 0875 —  Jlal 0.867
10 4l 0.874 s 0.863
11 aadl,e 0874  aile 0.862
12 gz, 0872  ,las 0.861
13 Jes 0871 —  jign 0.860
14 s 0871  yeue 0.860

15 5 yoa 0.870  Jlwasl  0.858
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Weighted synonym evaluation for ,a. (all 15 candidates).
Baseline top 5: jalw, jaw, 3 y3las, ;8lws, b

Proposed top 5: yaw, yoluwe, Juo g, 3 pmd, dnbiw
Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference

(0 for non-synonyms and morphological forms of the target); the scores are computed
over all 15 candidates: WSS@15 = = >~ w(c;) and wDCG@15 = 3~ w(c;)/ logy(i + 1).
Baseline matched: 3 yalas 0.60, Ju> ,0.70, ad> ,0.85, 3 p=a 0.55 = WSSQ@15 = 0.180,
wDCG@15 = 0.954.

Proposed matched: 3 y=a0.55, ad> ,0.85 = WSS@15 = 0.093, wDCG@15 = 0.505.

Rank-aware verdict (wWDCG@15): Baseline > Proposed.

Table 5.24: Table 5.23 in English.

# Baseline Proposed Pipeline

Word Score Word Score
1 Travelled 0.929 Travel 0.922
2 Travel 0.922 Traveller 0.891
3 Departure 0.911 Arrived 0.876
4 Traveller 0.891 Migration 0.870
5 Leaving 0.885 Tourism 0.870
6  Transport 0.881 Aviation 0.870
7  Arrived 0.875 Distancing 0.869
8  Exploration 0.875 Trip 0.867
9  Connection 0.875 —  Transition 0.867
10 Trip 0.874 Waiting 0.863

11  Accompanying  0.874 Returning 0.862

12 Exit 0.872 Airport 0.861
13 Work 0.871 — Passport 0.860
14 Going 0.871 Crossing 0.860

15 Migration 0.870 Separation  0.858
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@>a3 (Inflation) at k = 22

Table 5.25: Top-15 synonyms for @3wai (Inflation) at & = 22.

#* Baseline Proposed Pipeline
Word Score Word Score
I sl 0.912 g 0.882
2 sl 0.900 93 0.876
3 J=0 0.898 295 0.871
4 e, 0.897 o 0.863
5 sl 0894 — Jdars 0.862
6 Euai o 0.893 s 0.859
7 aelad 0.892 pdlas 0.859
8 alas 0.891 ¢ Las ) 0.857
9 sl S 0.889 eMe 0.856
10 olais 0.889 pls 0.855
11 =sa 0887 — wlals 0.854
12 b g 0.887 YY) 0.851
13 awss 0.885 @i 0.851
14 Jga 0.884 &3 0.851

15 i3 0.810 QB il 0.851
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Weighted synonym evaluation for @33 (all 15 candidates).
Baseline top 5: pswal, sba ), JSB, aal )3, aai

Proposed top 5: jlegdl, 93, 395 5, M2, Jars
Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference

(0 for non-synonyms and morphological forms of the target); the scores are computed
over all 15 candidates: WSS@15 = 1= 3" w(¢;) and wDCGQ15 = 3 w(c;)/ logy (i + 1).
Baseline matched: slbs30.40 = WSSQ@15 = 0.027, wDCG@Q15 = 0.252.

Proposed matched: §430.30, £¢M& 0.70 = WSSQ15 = 0.067, wDCG@15 = 0.400.

Rank-aware verdict (wWDCG@15): Proposed > Baseline.

Table 5.26: Table 5.25 in English.

# Baseline Proposed Pipeline

Word Score Word Score
1 Inflation 0.912 Collapse 0.882
2 Increase 0.900 Growth 0.876
3  Erosion 0.898 Recession 0.871
4 Decline 0.897 Bankruptcy 0.863
5 Saturated 0.894 —  Pressure 0.862

6 Magnification  0.893 Depression 0.859
7  Escalation 0.892 Aggravation  0.859
8  Shrinkage 0.891 Rise 0.857

9 Accumulation  0.889 High-prices 0.856

10 Congestion 0.889 Rubble 0.855
11  Doubted 0.887 —  Fluctuation 0.854
12 Drop 0.887 Grease 0.851
13  Expansion 0.885 Inflation 0.851
14 Descent 0.884 Anxiety 0.851

15 Growth 0.810 Depletion 0.851
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o2 8 (Loan) at k=20

Table 5.27: Top-15 synonyms for & ,8 (Loan) at k = 20.

# Baseline Proposed Pipeline
Word Score Word Score
1 o8 0.930 O3 0.832
2 Joaged 0.922 Aasd g 0.814
3 ol B8 0.877 tud 0.813
4 ol B8 0.864 [ =y 0.810
5 Ao 0.857 S 0.807
6 2o gald 0.856 Dles 0.801
7T o8 0.851 A _piioca! 0.799
8 Qo 0.844 —  ,lae 0.797
9 S 0.843 beiw! 0.796
10 =xu 0.842 JI gl 0.794
11 woud 0.839 bl 0.791
12 s 0.838 Ol 0.787
13 Jes 0.836 Joc 0.787
14 (Swe 0.836 W g 0.786
15 o) 0.834 g laal 0.785

Weighted synonym evaluation for & ,3 (all 15 candidates).
Baseline top 5: (o 8, Jagad, 21,31, 4ol y8(, e
Proposed top 5: (s, daas 9, @uwd, OGS, (Su

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); the scores are computed
over all 15 candidates: WSS@15 = <= 3" w(c;) and wDCG@15 = 3~ w(c;)/ logy(i + 1).
Baseline matched: Ja 9230.50, a1 ,310.70 = WSSQ15 = 0.080, wDCG@15 = 0.549.

Proposed matched: 230.80 = WSSQ15 = 0.053, wDCG@15 = 0.800.

Rank-aware verdict (wWDCG@15): Proposed > Baseline.
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Table 5.28: Table 5.27 in English.

# Baseline Proposed Pipeline

Word Score Word Score
1 Loan 0.930 Debt 0.832
2 Financing 0.922 Deposit-fund  0.814
3 Lending 0.877 Coupon 0.813
4  Lending (alt.)  0.864 Subscription  0.810
5 Grant 0.857 Housing 0.807
6 Compensation  0.856 Guarantee 0.801
7 Borrowing 0.851 Import 0.799
8 Disbursement 0.844 —  Real estate 0.797
9 Housing 0.843 Investment 0.796
10 Bank 0.842 Funds 0.794
11 Repayment 0.839 Renting 0.791
12 Bail 0.838 Acre 0.787
13 Guaranteed 0.836 Client 0.787
14 Residence 0.836 Liquidity 0.786
15 Mortgage 0.834 Deposit 0.785
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Jls (Money) at k = 14

Table 5.29: Top-15 synonyms for JLe (Money) at k = 14.

# Baseline Proposed Pipeline
Word Score Word Score
1 JLe 0.934 I gwi 0.909
2 Jlgal 0.909 @2luse 0.898
3 Qiae 0901 =Jle 0.885
4 polwe 0.898 ) 0.885
5 U= 0.890 — (&gt 0.883
6 gab 0.888 —  _«la 0.883
7 Sl 0.886 — colo 0.880
8 usla 0.886 — ¢l 0.880
9 =Ibe 0.885 393 ye 0.877
10 el 0.885 $ Hleiiiu! 0.877
11 oy 0.884 ¢ lae 0.876
12 et 0.884 =0 0.876
13 slo 0.884 —  (laad 0.875
14 WUss 0.883 —  @gw 0.875
15 Ae 0.883 beiliw! 0.874

Weighted synonym evaluation for JLe (all 15 candidates).
Baseline top 5: Jle, J1 g0i, @ pas, maluw, Jo
Proposed top 5: J) gai, paluws, SIle, wdd, 3 gt

Each candidate is given a closeness weight w € [0, 1] from an independent lexical reference
(0 for non-synonyms and morphological forms of the target); the scores are computed
over all 15 candidates: WSS@15 = <= 3" w(c;) and wDCG@15 = 3~ w(c;)/ logy(i + 1).
Baseline matched: wws 30.50 = WSSQ@15 = 0.033, wDCG@15 = 0.139.

Proposed matched: — = WSS@Q15 = 0.000, wDCG@15 = 0.000.

Rank-aware verdict (wWDCG@15): Baseline > Proposed.
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Table 5.30: Table 5.29 in English.

# Baseline Proposed Pipeline
Word Score Word Score
1 Money 0.934 Funds 0.909
2 Funds 0.909 Shareholder 0.898
3 Bank 0.901 Owner 0.885
4 Shareholder  0.898 Gold 0.885
5 Bored 0.890 —  Fund 0.883
6 Club 0.888 —  Penny 0.883
7 Liquid 0.886 —  Owner (alt.) 0.880
8  Missing 0.886 —  Deposit 0.880
9  Owner 0.885 Return 0.877
10 Gold 0.885 Investment (adj.) 0.877
11 Balance 0.884 Real-estate (adj.) 0.876
12 Invested 0.884 Profit 0.876
13 Got lost 0.884 —  Loss 0.875
14 Locality 0.883 —  Share 0.875
15 Financial 0.883 Investment 0.874
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Cross-Domain Analysis of Displacement

« Travel: generic non-synonyms such as dbLd I (Connection) and Jee (Work) were
removed from the list; in their place the Pipeline promoted the genuine synonyms

s>, (Journey) and 3 y=a (Migration).

« Inflation: unrelated terms such as arai (Saturated) and &S& (Doubted) were
removed; in their place the Pipeline promoted the genuine synonyms g3 ( Growth)

and ¢ M& (High prices).

o Loan: the generic verb (& yw (Disbursement) was removed; in its place the Pipeline

promoted the genuine synonym (s (Debt).

« Money: clear noise terms (J» meaning Bored, s meaning Club, JSlw meaning
Liquid, 48L& meaning Missing, ¢ s meaning Got lost, and ddswe meaning Locality)
were removed from the list; here, however, the Pipeline did not surface a genuine

synonym of the target among its top candidates.

Elevation, discovery, and displacement have been analysed at fixed values of k. The next
section shows how varying k across its 16 settings changes which of these three effects

dominates.

5.5 The Impact of the Tuning Parameter k

The detailed case studies above span the full range of k values used in the experiments
(k € {10,12,...,40}). When the cases are re-grouped by k-band rather than by an

analytical path, a systematic pattern appears.

5.5.1 High Dimensionality (k = 30—40): Granular Precision

High k values retain more of the original variance of the AraBERT embedding space,
enabling the SOM to perform fine-grained clustering. The @.dad (Education) case at

k = 40 and the aMe! (Media) case at k = 34 demonstrated the highest suppression
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of morphological derivatives and the highest precision in specialised domain synonym

retrieval.

5.5.2 Mid-Range (k = 20-28): Semantic Displacement

The mid-range produced the most dramatic displacement effects. The @33 (Inflation)
case at k = 22 and the s ,8 (Loan) case at k = 20 saw near-complete replacement of
the Baseline output by domain-specific economic and financial terms. In this band, the
Pipeline forces semantic compression while preserving the core relational structure of the

candidate set.

5.5.3 Low Dimensionality (k= 10-18): Conceptual Generalisation

Low k values concentrate the representation of dominant semantic signals and discard
finer distinctions. The a8uw (Charity) case at k = 18 and the a4 4 (Trip) case at k = 10
revealed broad thematic and moral associations, surfacing latent conceptual bonds that
higher-resolution settings tend to separate. This band is the most useful for abstract or
value-laden target words.

Table 5.31: Pipeline Behaviour Across the k-Spectrum.

k-Range Primary Effect Best For

High (30-40) Granular precision; morphological noise removed Specialised / academic fields
Medium (20-28) Semantic displacement; professional domain shift Economic / legal terminology
Low (10-18) Conceptual mapping; moral and latent bonds surface Abstract / general nouns

5.6 Weighted Synonym Evaluation Summary

This section consolidates the weighted synonym scores (defined in the introduction of
this chapter) across the fifteen target words examined in this chapter. For each target,
the top five candidates of the Baseline and of the Proposed Pipeline were weighted by an
expert in Arabic lexical semantics on the [0, 1] closeness scale and combined into WSS@5

and the rank-aware wDCG@5.
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Table 5.32: Weighted synonym evaluation across the fifteen target words. Rank Elevation
is scored over the top 5 candidates; Latent Discovery and Rank Displacement over all 15

(rank-aware verdict by wDCG).

WSS
Target Base Prop
lald 0.330 0.590
s 0.380 0.550
dadass 0.240 0.390
WBaw  0.500 0.290
U 0.410 0.310
AMel 0.040 0.110
Jec 0.133 0.073
Jeed  0.127 0.000
Ao 5 0.100 0.080
3aL3 0.127 0.180
G 0.133 0.097
e 0.180 0.093
p>ai 0.027 0.067
o2 0.080 0.053
Jbe 0.033 0.000

wDCG

Base

0.682

0.955

0.538

1.190

0.904

0.150

1.018

0.729

0.676

0.782

1.040

0.954

0.252

0.549

0.139

Prop

1.984
1.956
1.287
1.192
0.886
0.534
0.343
0.000
0.484
1.521
1.136
0.505
0.400
0.800

0.000

Verdict

Proposed >
Proposed >
Proposed >
Proposed >
Baseline >
Proposed >
Baseline >
Baseline >
Baseline >
Proposed >
Proposed >
Baseline >
Proposed >
Proposed >

Baseline >

Under the rank-aware wDCG@5, the Proposed Pipeline scores higher than the Baseline on

8 of the 15 target words. This is a direct quantitative confirmation of the rank-elevation

behaviour documented qualitatively in this chapter: the Pipeline does not merely retrieve

synonyms, it positions the strongest ones nearer the top of the list. On the position-

blind WSS@5 the two systems are close (6 versus 8), which indicates that the Pipeline’s

advantage lies specifically in ordering rather than in raw retrieval.
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5.7 Design Justifications

This section addresses three design choices raised during the defence: the size of the Stage-
1 candidate pool, the use of Farasa for morphological deduplication, and the application

of the SVD to the cosine-similarity matrix rather than to the embeddings directly.

5.7.1 Size of the Candidate Pool

The first stage ranks the whole vocabulary by cosine similarity to the target and retains
the top 200 as the candidate pool on which the SVD and SOM stages operate. This
value is a deliberate trade-off. Too small a pool discards genuine synonyms that the
raw space ranks slightly lower, before the refinement stages can promote them, capping
recall. Too large a pool grows the local similarity matrix quadratically and dilutes the
neighbourhood with topically-related but non-synonymous words, weakening the latent
structure the SVD is meant to expose. A pool of 200 retains the functional synonyms
observed in this chapter while keeping the neighbourhood tight and the decomposition

light, and is therefore adopted.

Table 5.33: Effect of the Stage-1 candidate-pool size on benchmark performance (181
targets); a pool of 200 is the best operating point.

System PQ@i1 P@5 P@l10 MRR MAP
Pool = 100 0.0221  0.0254 0.0160 0.0578 0.0191
Pool = 300 0.0110 0.0199 0.0122 0.0419 0.0147
Pool = 400 0.0387 0.0254 0.0149 0.0683 0.0237

Pool = 200 (used) 0.0442 0.0265 0.0160 0.0783 0.0250

5.7.2 Morphological Deduplication with Farasa

Arabic is richly inflected, so a target and its own inflected forms (for example @.cas,
(soda’, @dlad) share nearly identical contextual embeddings and receive very high cosine

scores. Left unchecked, these variants dominate the candidate list and crowd out distinct
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items. Farasa reduces each candidate to its stem so that surface variants of one stem
collapse to a single representative. This frees ranking positions for genuinely different
words, a precondition for the later stages to surface functional synonyms rather than
morphological echoes of the target. The effect is a cleaner list; it does not, by itself,

change the semantics of the ranking.

Table 5.34: Effect of Farasa stem-based deduplication on benchmark performance (181
targets).

System Pa@1 P@5 MRR
Baseline (Farasa on) 0.0331 0.0442 0.0984
Baseline (Farasa off) 0.0331 0.0331 0.0868
Proposed (Farasa off) 0.0387 0.0265 0.0772

Proposed (Farasa on, used) 0.0442 0.0265 0.0783

5.7.3 Applying SVD to the Cosine Matrix

The truncated SVD is applied to the local cosine-similarity matrix C of the candidate
pool rather than to the raw embedding matrix. The two are closely related: if each
embedding is normalised to unit length, g; = e;/||e;||, then C' is exactly the Gram matrix
of the normalised embeddings, C' = GG . Decomposing C' is therefore a spectral embed-
ding of the length-normalised vectors, and its singular directions coincide with those of
the normalised space. Operating on C' has two advantages: length normalisation removes
magnitude effects so the retained axes encode directional (angular) semantics, which is
what synonymy requires; and because C' is built only from the local top-200 neighbour-
hood, the decomposition captures the local semantic geometry around the target rather
than the global, morphology-dominated variance of the full space. Applying the SVD to
the cosine matrix is thus a principled choice aligned with the directional, local nature of

lexical synonymy.
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Table 5.35: Effect of the SVD input on benchmark performance (181 targets); SVD on
the cosine matrix is best on every metric.

System P@1 P@5 P@l10 MRR MAP

No SVD 0.0221 0.0199 0.0144 0.0525 0.0181
SVD on embeddings  0.0276 0.0221 0.0155 0.0617 0.0215

SVD on cosine (used) 0.0442 0.0265 0.0160 0.0783 0.0250

5.8 Chapter Conclusion

The results presented in this chapter confirm four findings about the Proposed Pipeline

relative to the Baseline:

e Functional salience. The Pipeline consistently promotes functionally equivalent
terms over morphological derivatives across all 157 target words and all 16 values

of k.

» Noise suppression. The topological reorganisation removes high-frequency but
semantically irrelevant terms that dominate the Baseline. The result for @ila3
(Education) is independently confirmed by the Microsoft Word Arabic Thesaurus,
which returns exactly the two synonyms that the Pipeline promoted to rank 1 and

rank 2.

o Latent discovery. The SVD-SOM Pipeline recovers domain-specific synonyms
that are entirely absent from the Baseline Top-15. For aMel (Media), S-BERT
cross-validation confirms a mean similarity increase from 0.717 (Baseline) to 0.738

(Pipeline).

o Parameter robustness. The Pipeline outperforms the Baseline across all 16 val-
ues of k, with different ranges serving different semantic resolution needs (granular,

displacement, or conceptual).
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Table 5.36 consolidates these four findings into a single reference table that connects each

effect to its evidence within the chapter.

Table 5.36: Summary of Chapter 5 findings.

Effect

Rank elevation

Latent discovery

Rank displacement

Parameter robust-

ness

Evidence

@i (Education) @

k =

40; 4 cross-

domain cases

aMel (Media) Q@ k =

34

[

k =

(Research) @

36; 4 cross-

domain cases

All cases across k €

{10,...

40}

Key result

=y promoted from rank 4 to 1;
el from rank 8 to 2; both con-

firmed by MS Word thesaurus.

3 domain terms recovered ( ,2lowwo,

¢Loi, 2e13)); S-BERT mean similar-

ity 0.717 — 0.738.

6 non-synonym Baseline terms re-
moved; genuine synonyms (4ddlis,

4w ya) promoted to the top instead.

Pipeline outperforms Baseline at ev-
ery k value tested; effect type varies

by k-band.

The cumulative evidence supports the central hypothesis of the thesis stated in Chap-

ter 4: the raw contextual embedding space contains sufficient semantic signal for Arabic

synonym extraction, but this signal is obscured by morphological clustering that cosine

similarity cannot resolve. Refining the space with SVD and reorganising it topologically

with the SOM recovers the functional synonyms that the Baseline misses. Chapter 6

discusses the implications of these findings and the limitations of the current Pipeline.



Chapter 6

Conclusion and Future Work

6.1 Introduction

This chapter brings together the findings of the research presented in this thesis. It
begins by summarising the key conclusions drawn from the experimental evaluation in
Chapter 5, then discusses the implications of these findings for Arabic NLP research and
lexical resource development more broadly. The chapter concludes by identifying the

limitations of the current work and proposing concrete directions for future research.

6.2 Summary of Key Findings

This thesis set out to address a well-defined and persistent gap in Arabic NLP: the inabil-
ity of linear distance metrics — most commonly cosine similarity applied to neural word
embeddings — to reliably distinguish functional synonyms from morphological neighbours
in high-dimensional Arabic vector spaces. The proposed SVD-SOM Pipeline addressed
this gap through three sequential stages: contextual embedding via AraBERT, dimen-
sionality reduction via SVD, and topological reorganisation via SOM.

The experimental evaluation, conducted across 157 Arabic target words and 2,512 ex-
perimental scenarios spanning 16 values of the tuning parameter k € {10,12,14,...,40},
produced four principal findings. A practical contribution of this thesis is the adapta-
tion of the Arabic text classification dataset of Al-Anzi and AbuZeina [17] as a testbed
for synonym extraction, spanning the domains of education, economics, law, media, and

social affairs; this adaptation was necessary in the absence of a standard Arabic synonym-

90
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extraction benchmark.

6.2.1 Functional Salience Over Morphological Proximity

The most significant finding of this research is that the SOM’s competitive learning mech-
anism consistently elevated functionally synonymous terms over morphological derivatives
in the output ranking. For the target pdad (Education) at k = 40, the terms  uo yus
(Teaching) and axais (Enlightenment) — confirmed as the primary synonyms by the
Microsoft Word Arabic Thesaurus and corroborated by several Arabic online dictionar-
ies (Almaany, Al-Maajim, Arabic Wiktionary, and Al-Madaar) — were ranked 4th and
8th respectively by the Baseline, but advanced to 1st and 2nd under the Pipeline. This
pattern was consistent across all tested semantic domains, from religious terminology
(48ao, Charity) and educational concepts (@wlad, Education) to economic and financial
vocabulary (eswas, Inflation; o 8, Loan; Jle, Money) and abstract linguistic notions
(¥, Signification; Jadas3, Planning).

Quantitative cross-validation using an architecturally independent Sentence-BERT
model (paraphrase-multilingual-MinilM-L12-v2), which was applied to all 2,512 ex-
perimental scenarios (157 targets 16 values of k), showed a modest but consistent im-
provement of the SVD-SOM Pipeline across the Baseline (mean similarity: 0.6376 vs.
0.6349). The Pipeline outperformed the Baseline in approximately 52.5% of scenarios.
This improvement was achieved without any supervised training signal or manually an-
notated lexical resource. The relatively small magnitude of the embedding-based gain is

itself informative and is discussed in detail in Section 6.5.

6.2.2 Effective Suppression of Morphological Noise

The Pipeline demonstrated a systematic capacity to suppress morphological noise — the
cluster of inflected and derived forms that share a root with the target word and dominate
the Baseline output at the expense of genuinely synonymous terms. This suppression
operates at two levels: the Farasa-based deduplication in Stage 1 prevents root-repetition

from consuming ranking positions, while the SOM topological reorganisation in Stage 3
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reorganises the neighbourhood structure of the semantic space so that root-based clusters
are separated from function-based clusters.

The case of s (Research) illustrated the success of these suppression stages/methods
particularly clearly: high-frequency but semantically irrelevant terms such as Joe ( Work),
alasiwl (Use), and dad ye (Linked) were completely displaced from the Top-15 output,

replaced by domain-appropriate candidates such as s a3 (Report), &loai (Research

papers), and Ot gie (Title).

6.2.3 Discovery of Latent Synonyms

In addition to re-ordering what the Baseline already retrieves, the SVD-SOM Pipeline
also demonstrated a genuine capacity for latent synonym discovery — the identification
of candidates that were absent from the Baseline Top-15 entirely. For aMe! (Media),
the Pipeline surfaced alewo (Journalist), Lo (News), and 4els) (Broadcasting) as
functional domain equivalents. For Juied (Acting), it recovered Lol ya (Drama), g yliew
(Scenario), and 4o ye (Show). For 3sLd (Leadership), it unearthed giais (Erecutive),
dsle ) (Leadership-role), and eudais (Organisational). These discoveries reflect the
SOM’s capacity to map domain ontologies rather than merely re-ordering statistical co-

occurrence lists.

6.2.4 Parameter Robustness Across the k-Spectrum

The systematic analysis of the SVD tuning parameter k across 16 values revealed that
the Pipeline is adaptive across a broad range of semantic domains. High & values (30-40)
produced granular precision appropriate for specialised and academic terminology. Mid-
range k values (20-28) generated the most dramatic semantic displacements, suitable for
professional and economic domains. Low & values (10-18) concentrated on representation
across dominant conceptual signals, producing deep thematic and moral associations
appropriate for abstract or general nouns. Critically, the Pipeline outperformed the
Baseline consistently across all 16 values of k, confirming that its advantages are not

contingent on a specific parameter setting.
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6.3 Implications for Arabic NLP Research

The findings of this thesis carry several implications for the broader field of Arabic NLP

and computational lexicography.

6.3.1 A Post-Embedding Perspective on Arabic Semantic Retrieval

This research demonstrates that the quality of Arabic synonym extraction is not de-
termined primarily by the quality of the embeddings themselves — AraBERT already
provides contextually rich representations — but by the retrieval mechanism applied to
those embeddings. The shift from cosine similarity to topological neighbourhood search
represents a change in the fundamental question being asked, from which words are geo-
metrically close to the target? to which words occupy the same functional neighbourhood
in a topology-preserving map? This distinction has implications beyond synonym extrac-
tion for any Arabic NLP task that relies on nearest-neighbour retrieval in embedding

spaces, including semantic search, lexical substitution, and ontology enrichment.

6.3.2 Morphological Noise as a Structural Problem

The pervasiveness of morphological noise in Arabic embedding spaces, documented consis-
tently across all 157 target words in this study, confirms that this is a structural property
of distributional training on Arabic text rather than an incidental artefact. Any system
that generates Arabic word embeddings from raw corpora will inherit this bias, regardless
of the architecture used. The Farasa-based deduplication and SOM reorganisation intro-
duced in this thesis represent one principled response to this structural problem. Future

work may develop alternative post-processing strategies informed by the same diagnosis.

6.3.3 Resource-Light High-Quality Extraction

A practically important aspect of the proposed Pipeline is that it achieves meaningful im-
provements in synonym quality without requiring manually annotated synonym datasets,
lexicographical databases, or task-specific fine-tuning. The only linguistic resource in ad-

dition to the AraBERT model is the Farasa Stemmer. This resource-light profile makes
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the Pipeline applicable to Arabic domains and sub-dialects where annotated lexical re-
sources are unavailable — a condition that describes the majority of Arabic language

varieties.

6.4 Implications for Lexical Resource Development

In addition to its methodological contribution to Arabic Natural Language Processing,
the proposed pipeline has direct implications for the construction and enrichment of
Arabic lexical resources.

The results presented in Chapter 5 demonstrate that the Pipeline output consistently
aligns with professionally curated synonym sources such as the Microsoft Word Arabic
Thesaurus and, importantly, achieves this alignment without any direct access to that
resource during processing. This suggests that the Pipeline could serve as an automated
first-pass tool in the construction of domain-specific Arabic thesauri, generating high-
quality synonym candidates for human lexicographers to review and validate rather than
requiring them to generate candidates from scratch.

Furthermore, the Pipeline’s sensitivity to the tuning parameter £ means that it can
be configured to produce outputs at different levels of lexical specificity: a low-k configu-
ration would generate broader thematic groupings suitable for a general thesaurus, while
a high-k configuration would produce the tighter, domain-specific clusters required for a
specialised technical glossary. This ability to tune k enhances the practical utility of the

Pipeline across a variety of lexical resource development contexts.

6.5 Limitations

Several limitations of the current work should be acknowledged.

o Evaluation Methodology and the Absence of a Standard Benchmark.
The evaluation in this thesis was conducted through three complementary chan-
nels rather than a single computational metric. First, every Pipeline output was
checked against the Microsoft Word Arabic Thesaurus, which served as a profession-

ally curated reference point. Second, the candidate synonyms were cross-checked
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against several Arabic online dictionaries and lexicographic resources — including Al-
maany (https://www.almaany.com), Al-Maajim (https://www.almaajim.com),
Arabic Wiktionary, and Al-Madaar — to verify that the retrieved terms corresponded
to recognised synonyms in classical and modern Arabic lexicography. Third, the
candidate set was re-scored using a model-independent embedding model (Sentence-
BERT) to confirm the improvement was not an artefact of the AraBERT represen-

tation.

A fully computational evaluation, using standard information-retrieval metrics such
as Precision@K and Mean Reciprocal Rank, was deliberately not adopted in this
thesis for two reasons. First, no publicly available Arabic synonym benchmark ex-
ists against which such metrics could be computed, and constructing one would
itself require a substantial annotation effort beyond the scope of this work. Sec-
ond, the alternative of generating an automated gold-standard list from a single
source would have introduced circularity into the evaluation, because any such gold-
standard would itself reflect a particular lexicographic perspective. Triangulating
across multiple independent dictionaries — and validating the quantitative pattern
with an architecturally distinct embedding model — was therefore judged to be a

more reliable form of evaluation in the absence of a community-agreed benchmark.

e The Limits of Embedding-Based Evaluation. The quantitative cross-validation
using Sentence-BERT yielded a Pipeline-over-Baseline gain of only +0.43% in mean
similarity, with the Pipeline winning in 52.5% of scenarios. This relatively small
margin is not a failure of the Pipeline; it is a methodological finding in its own
right. Sentence-BERT — and indeed any embedding-based similarity metric — op-
erates on the same distributional principle as AraBERT, wherein words appearing
in similar contexts cluster together, and morphological derivatives of a root are by
definition contextual neighbours of that root. Such metrics therefore reward the
behaviour the Baseline produces — surface morphological proximity — and cannot
directly measure functional synonymy, which is what the Pipeline is designed to sur-

face. The qualitative agreement of the Pipeline output with curated lexicographic
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sources (Microsoft Word Arabic Thesaurus, Almaany, Al-Maajim) is therefore the
more reliable indicator of synonym quality, and this finding underscores the broader
need for a community-developed Arabic synonym benchmark grounded in human

lexicographic judgment rather than in embedding geometry.

Corpus Scope. The corpus used in this study, while domain-diverse, is rela-
tively modest in size at approximately 12MB (3,800 articles). Larger and more
balanced corpora would likely produce higher-quality AraBERT embeddings and,

consequently, a richer input space for the SOM to organise.

Fixed SOM Architecture. The 55 SOM grid was fixed across all experiments. A
larger grid might provide finer topological resolution, particularly for high-k settings
where the input representations carry more variance. The optimal grid size is likely

domain- and vocabulary-dependent.

Single-Token Representation. AraBERT embeddings are computed as the
mean of subword token states for a word presented in isolation. This does not
fully exploit the contextual capacity of AraBERT, which is designed to generate

context-dependent representations for words in running text.

Dialect Coverage. The Pipeline is evaluated exclusively on MSA, in part because
the Farasa Stemmer is optimised for MSA. Arabic dialects exhibit different mor-
phological patterns and vocabulary, and an extension to evaluate dialectal Arabic

would require dialect-specific preprocessing tools.

Future Work

The findings and limitations identified in this thesis suggest several productive directions

for future research.

6.6.1 Development of an Arabic Synonym Evaluation Benchmark

The most pressing need identified by this research is the absence of a standard evaluation

dataset for Arabic synonym extraction. Future work should prioritise the construction of



6.6. Future Work 97

a manually annotated Arabic synonym benchmark covering multiple domains and levels
of lexical specificity, following the methodology of English benchmarks such as ColnCo
and SemEval-2007. Such a resource would enable rigorous quantitative comparison across

systems and would substantially advance the field.

6.6.2 Integration with Contextual Sentence Embeddings

The current Pipeline generates word embeddings by encoding each word in isolation. A
natural extension to this would be to incorporate sentence-level context by embedding
each target word in a representative set of sentences drawn from the corpus, using the
full contextual capacity of AraBERT. This would allow the Pipeline to extract synonyms

that are valid not only at the lexical level but within specific domains or registers.

6.6.3 Adaptive SOM Grid Sizing

Future work could investigate adaptive or domain-specific SOM grid configurations, where
the grid dimensions are determined by the vocabulary size or the intrinsic dimensionality
of the input embeddings rather than being fixed. Topological quality metrics such as
quantisation error and topographic error, introduced in Chapter 2, could serve as objective

criteria for grid selection.

6.6.4 Extension to Dialectal Arabic

Extending the Pipeline to Egyptian, Levantine, Gulf, and Maghrebi Arabic dialects would
require dialectal morphological analysers and pre-trained dialect-aware embedding mod-
els. The SOM component of the Pipeline is architecture-agnostic and would not require

modification; the principal challenge lies in the preprocessing and embedding stages.

6.6.5 Integration into Applied NLP Systems

The practical utility of the Pipeline could be demonstrated through integration into down-
stream NLP applications. Synonym expansion in Arabic information retrieval systems,

data augmentation for low-resource Arabic text classification, and automated enrichment
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of Arabic lexical databases are all natural application contexts where the improved pre-

cision of the Pipeline would translate directly into measurable system performance gains.

6.6.6 Quantitative Evaluation Using P@K and MRR

With the development of a standard evaluation benchmark (Section 6.6.1), future work
should compute standard information retrieval metrics — Precision@K and Mean Recip-
rocal Rank — across all 157 target words and all 16 values of k. This would replace the
current case-study-based analysis with a fully quantitative evaluation and enable direct

comparison with other Arabic synonym extraction systems reported in the literature.

6.7 Final Remarks

This thesis has demonstrated that the quality of Arabic synonym extraction can be
substantially improved by moving beyond cosine similarity retrieval to a reorganisa-
tion of the embedding space that preserves topology. The SVD-SOM Pipeline (Em-
bedding + SVD + SOM) achieves this without supervised training, without handcrafted
lexical resources, and without language-specific heuristics beyond the Farasa Stemmer. It
consistently surfaces functional synonyms that linear retrieval methods miss, suppresses
morphological noise that those methods amplify, and discovers latent semantic associa-
tions that reflect the domain ontology of the target word rather than its surface distri-
butional statistics.

The Arabic lexicon is one of the richest and most structurally complex in the world.
Computational systems that engage with it at the level of functional meaning — rather
than statistical co-occurrence — are essential for the full range of NLP applications that

Arabic speakers and researchers deserve. This thesis represents a step in that direction.
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