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X Abstract

Diploma Thesis

SEMANTIC SEARCH IN LEGAL DATA

VASILEIOS PISCHOS
SOFOKLIS PATAKIOUTIS

Abstract

The vast and ever expanding corpus of Greek legal documents presents significant chal-
lenges for information retrieval and semantic search applications due to its seer size, com-
plexity, special language and continuous evolution through modifications and revisions over
the years. Traditional keyword based search applications are still widely used from practi-
tioners and researchers of the field often failing to capture the semantic richness and contex-
tual meaning of the texts causing confusion and limiting their efficiency. In this thesis, we
develop an end-to-end, effective and sufficiently accurate semantic search service for Greek
legal data. Through our research and development project, we also highlight many limitations
of the Greek Natural Language Processing and propose original solutions in many steps of

the process.
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Lepiinyn xi

Authopoatikny Epyacio

NOHMATIKH ANAZHTHXH XE NOMIKA AEAOMENA

BAXIAEIOX ITIXXOX
YXOPOKAHX ITATAKIOYTHX

Iepiinyn

O gupig kKot av&avopevog aplfpnog tov EAAvikdv vopik®v eyyplowv emipépet onuayv-
TIKEG SOVOKOMEG GE EPAPHOYES OVAKANONG TANPOPOPLDY KOl VONUATIKNG avalTnong, Aoyw
TOV HEYAAOV OYKOV, TNG TOADTAOKOTNTAG, TNG WOIOLOPPNG YADOCAS TOV YPTCULOTOIEITOL KOt
™G oLveXoLG eEEMENG Lo LETOPPLOUICEDY Kol 0ALAY®DV GTO TTEPACUA TV XpOvmv. Ot
TaPad0GLoKES EQappoYEG oL Pacilovtotl og avalnnon ne AEEelg KAELO14 PN GLOTOIOVVTOL
EVPEMC PUEYPL KOl CTIUEPQ OO EOTKOVG KOl EPEVVNTES TOL KAAOOL KOl GLUYVE ATOTLYYAVOLV
VO EVTOTIGOVV TO VONUOTIKO TEPIEXOUEVO KOL VO OVTATIGOLV GNLLOGIOAOYIKE GTOlYElD Ao
T0. GUUEPALOUEVA TOV KEWWEVMV, TPOKAAMVTAG GUYYLON KOl LELOVOVTOS TV OTOTEAEGLLO-
TIKOTNTO TNG SOVAELIGC TOVG. ZE VTN TN SIMAMUATIKY], OVATTOGGOVUE omd TNV opyn UEYPL
T0 TEAOG Uil AITOSOTIKT] KO ETOPKAOS OKPIPT) LANPESIO VONUATIKNG 0valTNOoNG 08 EAMANVIKA
vopukd dedopéva. Emiong, kato v avamtuén g epyasiog Hog ovadEKVOOVE TOALOVG TE-
propiopovg e Duvoikng Eneepyaciog g EAANVIKNG YADCGOG Kot TPOTEIVOLE TPWTOTLTES

MoEIg 68 TOAAG 0TAOL TG O10OTKOGTOG.

AgEarc-kreona:
Nonuoatiky Avadnmon, ®vowkr| Enéepyacio I'Aaoccoc, EAANvikd Nopwd Agdopéva, Em-
bedding povtéia
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Chapter 1

Introduction

The Greek legal information field has three key characteristics: large volume, high com-
plexity, and constant evolution. The language used in Greek legal documents is full of cross
references, legal terminology, and technical expressions, which makes it highly specified
and difficult to understand and process, especially for non-experts on the field. Traditional
keyword-based information retrieval techniques which are widely used in the field, struggle
to handle this complexity. They fail to capture the legal nuances of the text and lack the abil-
ity to recognize synonyms, context and the hierarchical structure of Greek law. Moreover,
modifications and revisions to existing documents create a dynamic evolving environment
in which the same law exists in multiple versions depending on the validity period. These
constant changes reduce the effectiveness of simple keyword searches even more overtime.
This vast amount of challenges and limitations create an urgent need for the introduction
of a modern, innovative information retrieval system powered by state-of-the-art machine

learning models.

The idea of processing the Greek language with Al models is not completely new ([1],
[2]), but the field of Greek law specifically, lacks research related to semantic search services.
The efficient handling of multiple, complex, large-sized documents along with the need to
search and locate precise provisions by professionals such as lawyers, judges and public offi-
cials are requirements that these older techniques simply cannot meet. The absence of related
work, combined with the aforementioned challenges of the field and the availability of data
we had (43.550 Greek legal documents related to labor law) gave us the motivation to

form the subject of this thesis.

1
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2 Chapter 1. Introduction

1.1 Subject of the thesis

The thesis develops a semantic search application tailored to Greek legal documents
aimed at resolving these problems and revolutionizing the field. As we already mentioned,
the primary issues experts of the field face are the difficulty of locating precise provisions
within the legal document collection, the complexity introduced by modifications and inter-
connections between legal sources, and mainly the limitations of keyword-based search and
older inefficient information retrieval methods that were used in the legal domain in Greece
until now. An in-depth analysis of these older methods is carried out in the Chapter 8. These
issues often lead to the confusion of researchers and practitioners alike because they require
precise, relevant, and contextually accurate results. Our thesis focuses on addressing and re-
solving these key issues in the retrieval of Greek legal documents using a large dataset (43550
texts) specified on labor law. The shape, length and structure of the dataset will be analyzed

in more detail in Chapter 3.

1.2 Contribution

We believe that our thesis will contribute to the Greek legal domain by demonstrating how
state-of-the-art Natural Language Processing (NLP) methods can be adapted to the unique
morphology of Greek legal texts. The system we developed is specifically designed to han-
dle the complexity, archaic language and contextual dependencies of our legal documents.
That way our thesis contributes to the modernization of legal information systems in Greece,
hopefully making them more efficient, transparent and easy to use even by non field experts.

Specifically, it introduces the following:

* Custom Sentence Splitting: We developed an extensive abbreviation list to help us
with sentence spitting and came up with an innovative rule-based sentence splitting

technique.

* Custom Chunking Method: We came up with a way to break the documents into

smaller parts that have enough contextual meaning to produce embeddings.
* Semantic search using contextual embeddings: We used those embeddings to pro-

vide a complete semantic search application with precise results.
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1.3 Thesis structure 3

* Custom Re-ranking Method: Because it was impossible to train a reranker without
annotated feedback, we came up with a solution to rank the results with an unsupervised

custom method.

* An interactive and easy-to-use website: We developed a user-friendly website so that

field experts can use it to give us feedback on our results.

1.3 Thesis structure

In this section we will briefly summarize the chapters of the thesis and talk about what

each chapter analyzes.

1. Chapter 1: This is the chapter we are currently on and it is an introduction on our thesis
that talks about the struggles of the legal domain and how we managed to overcome

them.

2. Chapter 2: The second chapter is an overview of any state-of-the art studies that are

related to our topic.

3. Chapter 3: This chapter talks about the quality of our data and the analysis and cleaning

we did so that we can use them on our Natural Processing Tasks.

4. Chapter 4: The fourth chapter talks about the sentence splitting algorithm we developed
and how we used it to chunk our documents efficiently. It also provides the reader with

an overview of all the available chunking methods.

5. Chapter 5: The fifth chapter analyzes the embedding model selection phase of our thesis

where we show all the research we did to decide on a specific model.

6. Chapter 6: The sixth chapter talks about the importance of choosing the optimal vector

database to store our embeddings as well as our choice and how we set it up.

7. Chapter 7: In this chapter we analyze the embedding pipeline we developed from start

to finish.

8. Chapter 8: This chapter talks about the information retrieval procedure as well as the

reranking algorithm we used in our document retrieval service.
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4 Chapter 1. Introduction

9. Chapter 9: The ninth chapter is an overview of our full stack application used to test

our results by experts on the field.

10. Chapter 10: The last chapter of our thesis is a conclusion paragraph that also highlights

the future work that can be done on the subject.
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Chapter 2

Related Work

This chapter is an overview of any state-of-the-art studies related to our thesis topic. We
focus on relevant methodologies, applied ideas and concepts and suggested machine learning

models already tested during previous research.

The design and testing of a semantic search service for Greek legal data is the primary
goal of this thesis. To the best of our knowledge, there has been no similar research in this
subject. While there have been studies on the natural language processing of Greek texts, the
embedding of Greek words in general and some research on classification of such documents,
there is no study specifically focusing on Greek legal text processing, embeddings or semantic
search. Nevertheless, the research projects on these similar fields were worth studying since
they use related technologies to our project. Unfortunately, most of the models presented in
the research studies below are not embedding models, so we were unable to experiment with

them.

Greek Language Processing

The authors of [1] present a thorough and effective method for natural language process-
ing, applicable to languages other than English and conduct their analysis using Greek as an
example. Through their research, they create a detailed map of the current state of Greek NLP,
available resources and unresolved issues. Their project proves especially helpful in pointing
the limited resources and research work in this field, while assisting in finding original ways

to perform language processing tasks.

5
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6 Chapter 2. Related Work

Greek Text Embeddings

The research of [2] focuses directly on training and testing embedding models for Greek
texts, addressing many related issues. They experimented with various models and created
a solid test dataset by modifying and enhancing existing resources. Overall, the models pro-
duced meaningful representations. Also, their experiments highlighted the effect (positive or

negative) that the morphological complexity of the language has on model performance.

Greek Text Classification

There are a number of researches dedicated to Greek text classification, with some also
specializing in legal data. Authors of [3] design and implement an ensemble method (aggre-
gate predictions of different simpler models) for categorizing Greek texts. Their experiment
proposes that the combination of many models greatly enhances the ability to deal with the
complexity of the Greek language. Study [4] is among the first open research attempts in clas-
sifying Greek legal data with machine learning models. They provide a solid labeled dataset
and test a variety of models, including transformer architectures, which achieved the highest
performance. According to the paper, monolingual models trained in the domain are the op-
timal choice, followed by multilingual models. The thesis [5] conducts a comparative exper-
iment to determine the best BERT model for the classification of Greek legal data. This study
also observed a higher accuracy in the fine tuned Greek-specific models over the multilingual
ones. It also suggests domain adaptive pretraining as an improvement for future researches.
Lastly, the authors of [6] present a state-of-the-art LLM, the GreekLegalRoBERTa, which
achieves a higher performance than all previous Greek legal transformer models (GreekLe-
galBERT, etc.). Their work greatly contributes to domain specific NLP tasks in Greek, which

is a language with very limited resources on the matter.
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Chapter 3

Data Exploration - Analysis - Cleaning

3.1 Introduction

The foundation of every natural language processing (NLP) system is heavily dependent
on the quality and handling of its data. In text retrieval applications, this principle becomes
even more critical. Legal documents are often lengthy, highly structured, and linguistically
complex because meaning is conveyed not only through words, but also through formatting,
references, and specialized terminology. So, if our data are not properly explored, analyzed,
and cleaned, downstream models risk producing results that are inaccurate, incomplete, or
even misleading. Small inconsistencies, such as unrecognized abbreviations, irregular sen-
tence boundaries, or formatting artifacts, can accumulate into significant retrieval errors, af-

fecting the reliability of the system.

In our case, the source material was provided in a JSON format enriched with metadata.
Although this structure offered flexibility and valuable contextual information, it also re-
quired careful processing to make the data usable for NLP tasks. Extracting relevant fields,
standardizing representations, and resolving inconsistencies between metadata and document
content were essential steps to ensure that the information could be leveraged effectively in
the retrieval pipeline. To get these data in the right form, it was crucial to take a very careful
approach when preparing and transforming it. In this way, finer points of language could be
preserved and a reliable search tool could be built. This chapter focuses on the steps of data
exploration, analysis, and cleaning, focusing on their role in turning raw structured data into

a solid foundation for all of the processing stages that will follow.

7
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8 Chapter 3. Data Exploration - Analysis - Cleaning

3.2 Structured Metadata Handling and Text Recovery

The dataset that was provided to us included 43,550 legal documents related to Labor
Law that have a mean word count of 39955.25 words. They are split into six different cate-
gories: Legislation (vopofecia), Legal Articles (apOpoypaopia), Books (Biproypapia), Ad-
ministrative Documents (dioikntikd £yypoaea), Case Law (voporoyio) and Legal Exam-

ples (vmodetypata) as shown in the diagram below.

Figure 3.1: Legal Documents Structure

Each one of these six categories included some unique JSON keys that we cannot discuss
in detail due to confidentiality agreements but in general they stored valuable information
such as the court and the court department where a trial took place, the author, date and
publisher of an article, the page and word counter of some documents as well as FEK numbers
(the official identification number for an issue of the Government Gazette (Official Journal of
the Hellenic Republic)) and other important information. In consultation with our supervisors,
we decided to keep all the unique keys of each category. Now all the documents had 64 shared
JSON keys that we also had to filter through and decide which ones to keep so they can help
us in the retrieval process. We decided to keep the year in which a document was written, its
summary, it’s different ID’s, the title of the document and the subcategory of law in which
the document was appointed to, the ISBN (International Standard Book Number), the word
count, the reviewers of the documents and some specialized tags that were appointed by
the people that shared the dataset to us. These were the metadata fields that we labeled as

relevant for our retrieval application and extracted all the remaining information. Through
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3.2 Structured Metadata Handling and Text Recovery 9

this elimination process, we created a new JSON schema that contains only the essential
information that a user could need when he is filtering through the results of our application.In
addition to other metadata fields that we talked about, the summary field was an extremely
useful field for us to use in our application. We decided to combine the summary’s text with
the text of our documents so we can also use it to extract embeddings. The embeddings that
were extracted from the summaries of the texts played an important role in the information
retrieval procedure as they offered a more compact and straightforward meaning, especially
on large texts where the meaning was spread out between paragraphs.

The actual text resided under a nested JSON path, while the surrounding data contained
metadata. We continued transforming the data by processing the nested JSON path that con-
tained the JSON schema of the actual text and its metadata. From all the metadata that this
included we preserved only the metadata that was referring to special paragraph markers
and we combined these markers with the sentence-level metadata in order to reconstruct the
original text. Additionally, because the legal texts included anonymized names, places and
other anonymized information represented by multiple consecutive periods ”....... ”, We re-
placed them with the phrase [TTIPOXZQITIKO AEAOMENO]. This substitution ensured that
the embeddings could capture the presence of personal data while preventing the excessive
periods from interfering with our sentence-splitting procedure, which we analyze in detail in

Chapter 4.
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Chapter 4

Sentence Splitting and custom Chunking

4.1 Introduction

Chunking in the context of Natural Language Processing (NLP) and Semantic Search
refers to the process of dividing large bodies of texts into smaller units that preserve both
meaning and context. This preprocessing step is crucial for tasks such as document retrieval,
especially when we are working with documents that exceed the input limits of modern lan-
guage models. Since our documents are domain-specific (Greek legal texts), they have spe-
cific linguistic and typographic features unique to the Greek legal writing style”, such as
nested article references, formal language, plethora of legal abbreviations etc, that make the
chunking step a challenging problem that is crucial to the search results of the semantic re-

trieval.

4.2 Chunking Methods

Based on the articles and blogs we have studied [7, 8] these are the chunking methods

available right now:

4.2.1 Simple Text Splitting (Character or Token based)

With this method, we divide our text into uniform chunks based on character or token
limits. That means that, for example, we could split a text into 500 token chunks or 500
character chunks. The difference between the two is that a token does not always correspond

to a whole word. It is a unit of text that is used by language models to process and understand

11
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12 Chapter 4. Sentence Splitting and custom Chunking

input. Most language models do not operate on words, but on tokens generated by a tokenizer.
They can be individual words, subwords, or even punctuation points, especially in a rich
language like Greek. This is a pretty straightforward approach and easy to implement, but it

often splits sentences or paragraphs mid-thought, resulting in fragmented semantics.

4.2.2 Sentence Based Chunking

This chunking method groups complete sentences into chunks up to a certain token limit
(e.g., 1024 tokens). It maintains grammatical integrity and when it is implemented with an
Overlapping Window [9] approach it preserves context across chunk boundaries. This ap-
proach introduces another challenge, which is the correct splitting of sentences in legal doc-
uments, which is a demanding task because of the morphology of legal writing and the many

abbreviations that are used in those documents.

4.2.3 Structure aware chunking

This method leverages the formatting of legal texts such as sections, numbered para-
graphs, and headings to define logical chunk boundaries. This method is particularly effec-
tive for documents with well-defined legal hierarchies but does not produce adequate results
when the documents are not structured correctly. An implementation of this method is the

Recursive splitter that is studied on the technical report: [8]

4.2.4 Semantic Chunking

This method uses embeddings or language models to detect topic shifts or conceptual
boundaries within the text. Although it is very powerful, in principle, its effectiveness is

heavily dependent on the availability of domain-specific models.

4.3 Our choice

We experimented with all the techniques mentioned above and came to the conclusion
that the best method for our documents would be to apply a custom-made sentence based
chunking method that we designed in order to keep the structural and semantic meaning of

each chunk intact. We could not use structure aware chunking because in our documents
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4.4 Sentence Splitting 13

there are only paragraph markers which do not always represent logical boundaries. Between
two paragraph markers, sometimes there are more than 2.000 words, especially in really big
documents, and sometimes we have observed that there are paragraph change markers even
between two words. In conclusion, it is impossible to group our documents in these para-
graph markers because there is no logical pattern on how they are used. We also cannot use
Semantic Chunking because there are no domain-specific language models trained on Greek
legal datasets that we can use to chunk our own. Also, with this method, there is no way to
ensure that a chunk will not exceed the maximum tokens that our model can convert into

embeddings.

4.4 Sentence Splitting

4.4.1 Introduction

Sentence splitting is a foundational step in achieving accuracy in our chosen chunking
method, as we have already discussed. Although this task is generally well studied for English
and other languages of high resources and covers both unsupervised [10, 11] and rule-based
techniques [12, 13, 14] it presents significant challenges when applied to legal texts written
in Greek language. The formal nature of legal language, combined with the unique syntax and
punctuation conventions of Greek and the plethora of abbreviations, dates and other speech

patterns complicate the task substantially.

4.4.2 QOur approach

We based our approach on the article [15] that explores sentence splitting in English
legal texts. It explores the performance of three approaches: a Punkt model with Custom
Abbreviations, a conditional Random Field [16] and a Deep Learning Neural Network [17]
approach. We could not use the last two approaches because CRF models need a sizable
manually annotated corpus of Greek legal sentences with correct boundary labels to train
the feature weights and typically require tens of thousands of labeled examples to generalize
well and such resources simply do not exist for Greek law. Greek legal texts are especially
formulaic: nested clauses, enumerations (“(a) ... (B) ...”), cross-references (“coupmva pe

10 apBpo 5 map. 27), and archaic phrasing. CRF or Deep Learning models would struggle
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14 Chapter 4. Sentence Splitting and custom Chunking

with these patterns, whereas rule-based methods (e.g punkt, spacy) can be tuned via regex
for known markers. So we decided to use a rule-based approach and create a custom list of all
the abbreviations used in our documents so that we can set them as rules. These abbreviation
lists can be used in the future for training machine learning models to recognize them in

Greek legal texts.

4.4.3 Constructing an Abbreviation List for Preserving Structure and

Meaning in Sentence Formation

Abbreviations pose a critical challenge for Greek legal text sentence splitting due to the
ambiguity between period markers for abbreviations and sentence boundaries. To address
this, we used carefully designed regex patterns to extract candidate abbreviations and then
manually curated the results to filter false positives and build a clean abbreviation list. Reg-
ular expressions proved insufficient on their own due to Greek’s complex punctuation and
morphological patterns, so this iterative manual validation step was essential to ensure the
reliability of our sentence-splitting model. We ended up with 8.000 unique abbreviations and
also counted how many times each one of them appeared on our documents. That list can
be used in the future to possibly train other models in finding new abbreviations so that no
manual labor is needed.

Furthermore, by leveraging this list, we ensured that the segmented sentences remained
well-structured and semantically intact. Each sentence was split according to its natural bound-
aries, resulting in full-length units that accurately reflected the meaning of the source text.
The use of the curated abbreviation list proved especially important, as it prevented misin-
terpretations of periods within abbreviations as sentence breaks. In this way, we achieved
reliable sentence segmentation that preserved both the structure and the nuanced flow of the

Greek legal texts.

4.4.4 Dealing with ”Outlier Sentences”

When examining the sentences produced after segmentation, we noticed that most of
them fell into a normal range, but there were also two groups of outliers that required special
handling. In total, we had 1,267,959 sentences of average length 277.3 tokens, which formed

the bulk of the dataset. Alongside these, there were 76,109 very short sentences with an
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4.5 Chunking Method 15

average of only 4.6 tokens, and 556 unusually large sentences averaging 8,016.5 tokens.

Sentence Type Count Mean Tokens
Short Sentences 76,109 4.6
Normal Sentences 1,267,959 277.3
Large Sentences 556 8,016.5

Table 4.1: Distribution of sentence lengths in the dataset.

To address these extremes, we applied two simple adjustments. We combined the un-
usually small sentences together so that they can form an average sized sentence that holds
the importance and meaning of all the small ones adequately. On the other hand, the very
large sentences were cut into pieces of approximately 512 tokens (slightly above the mean
length), always at logical points such as commas, paragraph markers, or other punctuation

that indicated a shift in meaning so that no single sentence could dominate a chunk.

This balancing step was important for two reasons: first, it prevented over sized sentences
from skewing the structure of the chunks, and second, it avoided creating tiny fragments that
would weaken semantic coherence. The result was a more stable set of chunks, each of which

preserved the flow of the original legal text while remaining computationally manageable.

4.5 Chunking Method

4.5.1 Introduction

For downstream processing, we adopted a chunking strategy designed to preserve sen-
tence integrity while respecting model input constraints. The main idea was simple: A chunk
should never break in the middle of a sentence, since that would risk losing meaning. As we
already mentioned,, we limited individual sentences to 1024 tokens and then aggregated them
into chunks suitable for transformer based models. In the following sections we will describe
the rationale behind our chosen chunk size, why we introduced overlap between the chunks

and how the algorithm actually carries out this process in practice.
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16 Chapter 4. Sentence Splitting and custom Chunking

4.5.2 Chunk Size Choice

Identifying the best chunk size is as much intuition as it is empirical evidence. We choose
our chunk size based on existing research [18], [19] and doing our own experiments. So in our
initial experiments, we tested various chunk sizes: 512, 1024, 2048, 4096, and 8012 tokens
to determine the optimal size for our transformer-based models. In general, ideal training
chunk size is a trade-off: enough to capture important long dependencies, but not so long that
the semantic quality of the embeddings gets diluted. Through all of our experimentation, we
concluded that the 2048 token sizes strike a balance, encapsulating meaningful context while
maintaining embedding quality in our dataset. Based on the statistics that we presented in the

previous paragraph, every chunk includes approximately 10 sentences.

4.5.3 Overlap Choice

To enhance the continuity and coherence between the chunks, we introduce overlap be-
tween them. Research [20], [21] indicates that incorporating overlap can improve the continu-
ity and coherence of embeddings, as it ensures that semantic information is preserved across
chunk boundaries. In addition, overlap helps maintain context, which is crucial for tasks that
require a deep understanding of the text. This approach mitigates the risk of losing critical
information at the shard boundaries, ensuring that each shard retains sufficient context for

accurate embedding. We set the overlap size to 4 sentences.

4.5.4 The Algorithm

We implemented a LIFO-style (Last In, First Out) chunking algorithm to create coherent

text segments with respect to the 2048 token limit. The process works as follows:

1. Initialize an empty chunk space with a maximum capacity of 2048 tokens.

2. Pre-fill the chunk with an overlap of 4 sentences from the previous chunk to preserve

context.

3. Iteratively add sentences to the chunk until adding the next sentence would exceed the

2048-token limit.

4. If the next sentence exceeds the limit, it is removed and the chunk is finalized.
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4.5.4 The Algorithm 17

5. The finalized chunk is then passed to downstream processing and the algorithm con-

tinues with the next set of sentences.

The figure below visualizes the process we described above. S1 and S2 are the sentences

1 and 2 in this example, the figure also shows the overlap and the token size of each chunk.

Token Counter

0 212 1024 1536 2048

S1 S2 S3 S4 S35 S6 S7

Overlap Sentences

Figure 4.1: Chunking Algorithm

This approach preserves the integrity of the sentence, maintains semantic coherence, and

avoids splitting sentences into sections.
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Chapter 5

Embedding Model Selection

5.1 Introduction

The technology of text embeddings (raw text represented as numerical vectors) and em-
bedding models is a state-of-the-art Natural Language Processing technique to manipulate
large amounts of text in a more efficient way, focusing on the context and semantics instead
of rules and traditional algorithms. Semantic search is a service that requires this technology
to function, since the core idea is to represent text as vectors and compare their positions on

the geometric space.

There are a vast number of embedding models available online (both free and under sub-
scription) but the fact that our texts were Greek legal documents made the process of choos-
ing an appropriate model a very challenging task. As analyzed in Chapter 4, on top of using
Greek characters (already limited support by most models), legal language contains a lot of
abbreviations and special text patterns that make it difficult for both the tokenizer and the
encoder to create solid vector representations. As a result, it was necessary to experiment
with different approaches and compare the performance of each method, before deciding and

sticking with a particular model choice.

This chapter dives into the foundations of text embeddings and embedding models, and
then presents the analytical approach we followed in order to select the optimal model for

our project development.

19
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20 Chapter 5. Embedding Model Selection

5.2 Background information

5.2.1 Text data represented as vectors

In the fields of Machine Learning and Natural Language Processing, words and sentences
are manipulated in various ways in order to perform a number of downstream tasks like
classification, information retrieval and more recently generation of new text based on the
inputs given. The way that modern models consume and process text data is that words or text
segments are encoded into high-dimensional vectors (also known as embeddings), in order
to be processed by the computer.

The key concept behind this transformation is that the resulting vectors preserve semantic
information about their related word. Words with similar meaning or closely related semantics
tend to exist close to each other in the vector space, while semantically irrelevant words
are represented by vectors in completely different directions. The example of Figure 5.1
illustrates a simplified yet accurate example of these relations. The words ’basketball’ and
’football’ are close to each other, having a small angle between them, while the random word
’table’ is in a completely different direction. Of course, the 2D space is used for display

purposes and does not have a suitable number of dimensions.

Figure 5.1: Example words in a 2D vector space
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5.2.2  Contextual Embeddings 21

Typically, vectors reach over 1000 different dimensions, because this creates room for
a vast amount of different directions. In other words, the higher the dimensional space, the
richer the encoded data becomes. Data in this form are not interpretable by humans but are
very useful for machine learning models designed to perform tasks like semantic search [22].
There are a large number of models that perform this transformation, the most popular being

Word2Vec and GloVe.

5.2.2 Contextual Embeddings

Contextual embeddings are a significant improvement over the basic vector represen-
tations of words. While models like Word2Vec transform tokens to vectors conveying the
global, general meaning of the words, new advanced models based on the transformer archi-
tecture and the attention mechanism produce richer representations by taking into account

information about the context of each word.

Attention mechanism

The attention mechanism [23] further enhances the embedded vectors with information
about the context of each word in a specific case. For example, in the sentence ”The sky
is blue”, Word2Vec would produce a simple embedding for the word ”’blue”, containing
information about the word in general, while a more advanced model that uses attention
would have created a richer representation, also preserving the information that the word
”blue” refers to ’sky”.

In a more formal manner, using the starting embeddings of words in a sentence, the at-
tention block produces 3 matrices: @) (Query), K (Key) and V' (Value). If X is the matrix of

starting embeddings then these matrices are defined as:

where Wq,, W and Wy, are matrices of trainable parameters.

Then the attention function is defined as:

Q K"

V.

Attention(Q, K, V') = softmax( ).V

where d,, is a scaling factor.
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22 Chapter 5. Embedding Model Selection

The output is a new set of vectors which are then added to the original vectors to produce
the final embeddings. This process can be repeated multiple times in cascade (many attention
blocks) to improve results and also many times in parallel (multi-head attention) to boost the

speed of the process. The attention mechanism is also summarized in Figure 5.2.
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Figure 5.2: Attention mechanism

5.2.3 Embedding Models

Embedding models (also known as embedders) are state-of-the-art transformer models
that use the attention mechanism to generate dense vector representations (contextual embed-
dings) as their output from raw text input. These models enable semantic similarity search
tasks, especially in the legal domain, where the texts are formal and convey complex mean-

ings. Embedding models consist of two parts, the tokenizer and the encoder [24].

Tokenizer

The tokenizer is the first module inside an embedder and performs two main tasks. Firstly,
it breaks down the input text into small pieces called tokens. These can either be whole words
or smaller parts. The most common approach is to use a sub-word tokenization method, mean-
ing that the model splits the text into pieces, smaller than words (subwords). The most popu-
lar algorithms for this step are WordPiece (used in BERT) and Byte Pair Encoding (BPE)
(used in GPT). It is worth-mentioning that the tokenizer is not considered effective if it
performs character level splitting. Converting text at a character level leads to low quality
vector representations and thus low model performance. Thus, maintaining relatively large
tokens is of great significance for the embedding process.

In the figures below, we display 3 examples of text splitting using the OpenAl’s free to

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 13:52:51 EEST - 216.73.216.250



5.2.3 Embedding Models 23

try tokenizer platform [25]. The first Figure 5.3 is an example of excellent splitting. The
tokenizer used is the 0200k base and keeps most of the words almost intact, enabling the
embedding model to better capture contextual relations and form more useful vectors. The

characters-per-token ratio here is 5.69, which is more than adequate for most tasks.

Characters

74

This sentence is an example to illustrate an excellent tokenizing example.

Figure 5.3: Example of excellent tokenizing in English text

In Figure 5.4, the same tokenizer is used, and we can already see a significant perfor-
mance drop in the splitting ability, with most words being broken down to 2 or 3 subwords.
This is explained by the use of Greek language instead of English and points out the strug-
gle even the best models face when handling the Greek language. Still though, since the
characters-per-token ratio is 3.42, this is a totally acceptable example and could be used in

most downstream tasks with satisfactory results.

Tokens Characters

21 72

Auto eival eva mopadeilypa ota sAAnvika kat nén n smibdoon £lval xei1potepn

Figure 5.4: Example of acceptable but not great tokenizing in Greek text

Figure 5.5 displays another Greek example but the tokenizer used is an older one pro-
vided by OpenAl, the c1100k_base. This is an example of the worst performance a tokenizer
can have. The text is divided into tokens of 1 to 2 characters (characters-per-token ratio is
1.16) and some symbols seem to not be known at all to the tokenizer. With such a splitting
capability, the embedding model is guaranteed to produce low quality embeddings and fail

to complete most tasks like semantic search successfully.

Tokens Characters

54 63

YOuto civar §@va napadeiypa ota eAAnvika kal pe oA xaxkn emidoon

Figure 5.5: Example of unusable tokenizing in Greek text
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24 Chapter 5. Embedding Model Selection

After splitting the text into tokens, the tokenizer maps all the text tokens to specific nu-
merical ID’s. These ID’s come from a predefined vocabulary that the tokenizer has, which
is built during model training. For example, the sentence ”This sentence is an example to
illustrate an excellent tokenizing example.” shown in Figure 5.3 is converted into the fol-
lowing sequence of ID’s after the splitting:

[2500, 21872, 382, 448, 4994, 316, 65836, 448, 7994, 6602, 6396, 4994, 13]

Encoder

The encoder is the core of the embedding model responsible for transforming plain nu-
merical tokens into dense, information-rich vector representations. This is achieved with the
aforementioned self-attention mechanism which the model uses to determine the relevance
of each token to another and blend their contextual information accordingly. This process
captures both long and short-term dependencies. Legal texts can greatly benefit from this
feature since their semantics are often spread across long periods of text and would other-
wise be lost. This process allows the creation of semantic similarity search services using the
same model to produce embeddings from the legal documents and the user queries.

The encoder typically starts with an embedding layer that transforms the token IDs into
high-dimensional vectors. Then, the main body consists of a multi-head attention block di-
rectly followed by a dense, fully connected layers block. Then this set of blocks (also known
as a transformer block) is repeated many times in a cascade. In each step, the vectors gen-
erated are enhanced with additional information becoming more powerful. The last layer of
the encoder is usually a pooling layer.

Pooling layers aggregate the results of the previous layer into a single output. In the case
of the encoder, the vectors of all tokens are compressed into a single output embedding that
contains information about the whole text segment that was given as input. This layer is
usually mean pooling which means that the output vector is an average of all vectors in the

last hidden layer.

Workflow example

A typical embedder architecture and workflow is described with an example in Figure
5.6. Note that the splitting of the tokenizer into a word level is done for simplicity purposes

and the values used in the example are random.
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5.2.4 Domain Adaptive Pretraining 25

Firstly, the raw text is passed into the tokenizer. The tokenizer splits the text into to-
kens and maps the tokens using its vocabulary to specific numerical ID’s. These numbers are
passed into the encoder’s embedding layer which converts the IDs into multi-dimensional
vectors. Then, as described above, these vectors pass through a sequence of transformer
blocks (attention and dense layers) and their semantic information is greatly enhanced by
the context of the text. Eventually, the vectors produced by the last hidden layer are passed
through a pooling layer in order to output the final embedding, which is a vector representing

the semantics of the whole input text.
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Figure 5.6: Embedding model architecture and workflow

5.2.4 Domain Adaptive Pretraining

Domain Adaptive Pretraining (DAPT) is the practice of further pre-training an already
pre-trained language model on text drawn specifically from the target domain of interest. The
base model has general knowledge and follows basic language patterns, while the pre-trained
one is tuned further on domain-specific language, terminology and structure. This prac-
tice can lead to significant improvements on down-stream tasks such as retrieval, question-
answering and semantic search on a specialized field like the Greek legal one. A prominent
study on this topic is [26], a scientific article that investigates the benefits of continuing pre-
training with domain-specific data across multiple domains. Its findings were encouraging
enough for us to try this procedure in our model, as domain-adaptive pre-training was shown

to consistently improve performance on many downstream tasks.
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5.3 Available Model Options

To decide on the models for comparison, we mostly used Hugging Face’s tier list to sort
the models based on their performance on the most relevant category we could find. That cat-
egory was GreekLegalCodeClassification. We chose the top 15 models as shown in Figure

5.7.

Figure 5.7: HuggingFace’s embedding model performance on GreekLegalCodeClassification

Some of the options in this top-15 required paid subscription. Among them, we had ac-
cess to OpenAl’s text-embeddings-3-large so we kept that and eliminated all other premium
options. The remaining options were open-source models from hugging face. The high accu-
racy of the XLM-RoBERTa presented in [4] made us pay close attention to models that had

the specific base architecture.

5.4 Method of selection

Having a wide variety of options, we needed a way to filter out the best options available
for our specific goal, and then experiment in detail with the remaining options. To achieve

this, we split the selection process in two levels.

5.4.1 Level 1 - Filtering

In this phase, we designed a simple experiment for testing the models, having in mind

that models which would not pass this simple performance test were not worth experimenting
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Figure 5.8: Example test set

further with. The test was the following:

We made 2 sets of 3 small Greek legal texts that should not be relevant to each other in
the same set. Then we had an LLM like ChatGPT synthetically create 6 questions for each
set of texts. The questions followed a strict logic: 3 of them were semantically close to one
of the texts, one for each text. The other 3 questions referred to two of the three texts of the
set, covering all combinations. A visual representation of a test set is shown in Figure 5.8.
In the image, Question 1 is relevant only to text 1, while, for example, question 13 refers to
both texts 1 and 3 and is irrelevant to text 2.

We then calculated the cosine similarity between each question and the corresponding
texts and monitored the distinctive ability of each model between the related texts and the
unrelated ones. In parallel, we kept track of the average characters per token that the tokenizer
of each model produced, to see how much it affected the model’s performance.

The goal of this experiment was to compare the models’ capabilities of isolating a single
topic from the others and to combine some information while still making a clear distinction
from the remaining text. This experiment helped eliminate a lot of models very early in the
selection process as either the average characters-per-token was extremely low or the dis-
tinctive ability of the model was poor in the Greek legal domain. We also noticed a strong
connection between the 2 factors, meaning that the model’s performance greatly depended
on its tokenizer’s ability to generate quality tokens.

For example, the OpenAlI’s model used the ¢l100k_base tokenizer, which could not han-
dle the Greek characters at all (character to token ratio was 1 and sometimes even smaller, as
presented in the example Figure 5.5). While other models had better tokenizing performance,
their distinctive ability did not increase sufficiently.

The model that stood out and showed the most promising results was bilingual-embedding-

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 13:52:51 EEST - 216.73.216.250



28 Chapter 5. Embedding Model Selection

large by Lajavaness [27], an embedder based on the XML-RoBERTa architecture. Interest-
ingly, the model is not trained in any Greek data, only in English and French, and still per-
forms very well with the Greek legal texts on which we tested it. We believe that this happens
partly due to the fact that the tokenizer of the model is XLM-RoBERTa, which is designed
for multilingual input and had an average of 2.3 characters per token in our tests. The bilin-
gual embedding-large has a context window of 512 tokens and produces 1024-dimensional
embeddings.

During our experiments, we discovered that the same profile (Lajavaness) also offered a
similar sentence embedding model ( bilingual-document-embedding ) based on the BGE
M3 architecture, again using the XLM-RoBERTa tokenizer and having almost identical ca-
pabilities with bilingual-embedding-large but with a context window of 8096 tokens [28].
Considering that our documents have significant length (many texts are much larger than
8096 tokens), we decided to also use this model in order to experiment with different context
windows and decide the optimal one to capture both long and short-term semantics of the

documents.

5.4.2 Level 2 - In-depth testing

Using the two models mentioned above, we converted our entire set of documents into
vector database entries using the pipeline analyzed in Chapter 7. We made one experiment
with the bilingual-embedding-large (512 tokens context window) and four more with the
bilingual-document-embedding (1024, 2048, 4096 and 8000 tokens context windows).

After completing the embedding process, we started conducting cosine similarity searches
in the database with some generated sample questions and studied the resulting metrics and
similarity scores of each search.

The primary issue we faced in this phase was the lack of a ground-truth set to evaluate
the performance of the models. Since we do not specialize in the legal field, it is not possible
to accurately judge whether the results of the search are legally related to the question asked.

Due to this challenge, we based our evaluation on two criteria.

1. Range of similarity scores: The range of similarity scores for the database search is a
significant indicator of distinctiveness. A small range (e.g., all scores are between 0.59
and 0.6) suggests a limited ability to make distinctions between relevant and irrelevant

documents to the query.
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2. Manual inspection of results: Although we are not capable of determining the correct
and faulty legal relations between the documents and the query, we could examine

whether the two are connected in a linguistic and semantic way.

The combination of these criteria lead us to decide that the best choice for our semantic
search service is the bilingual-document-embedding with context window size 2048 to-
kens, since it showed both the largest similarity score range and returned sufficiently relevant

results to the best of our knowledge.

5.5 Domain adaptive pretraining attempt

5.5.1 The procedure

Domain adaptive Pretraining is a procedure that is split into two equally important parts.
The Masked Language Modeling (MLM) part and Fine-tuning on a Downstream Task. Let’s
talk about MLM. At this stage we take our original pretrained model (in our case the bilingual-
document-embedding with context window size 2048 tokens) and we continue training it
on large amounts of unlabeled Greek legal texts. The objective of this stage remains the same
as the original pretraining of the model. That is, prediction of randomly masked tokens.

The Figure 5.9 illustrates the core process of Masked Language Modeling (MLM). Be-
ginning with a sequence of input tokens (t1, t2, t3, t4, t5), one of these tokens is randomly
masked (t3 in our case). Then these tokens are fed into the Bidirectional Encoder Represen-
tations from Transformers (BERT), which encodes the entire sequence while leveraging both
left and right contextual information. The masked token receives special attention, as BERT
generates a contextualized vector representation (MASK) informed by its surrounding tokens
(t1, t2, t4, t5). This contextualized embedding is then passed through a softmax layer to pre-
dict the most likely original word for the masked position. The objective is to maximize the
probability of the true token (t3) from the vocabulary distribution. Through repeated exposure
to large-scale unlabeled Greek legal text, the model refines its ability to understand domain-
specific language usage, thereby improving its embeddings for subsequent fine-tuning on
downstream tasks.

The second stage is that the model has to be fine-tuned for a specific task using labeled

data. In our case the model had to be fine-tuned on retrieval and semantic search. This stage
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Softmax probabilities on the vocabulary
maximized with respect to the masked
token t3

1

Output Softmax

Contextualized Token Vectors

T 1 1

Bidirectional Encoder Representation (BERT)

Masked Tokenized sentence '\ t1 ]' wat2 ,‘ ‘{MASK}‘ '\ t4
' a4 A
Random Masking
Original Tokenized Text ... t1 t2 t3 t4 t5

(t1 = token 1)

Figure 5.9: Masked Language Modeling (MLM) Procedure

requires a carefully curated labeled dataset consisting of legal queries paired with relevant
documents or passages, along with examples of false positives and false negatives to help
the model distinguish between semantically similar but legally irrelevant text. During fine-
tuning the model learns to encode both queries and documents into a shared embedding space,
optimizing their similarity scores such that relevant query-document pairs are placed closer
together in the embedding space and irrelevant ones are placed further apart. This process
is crucial because it develops the ability of the model to handle complex phrasing and legal
synonyms ultimately allowing it to produce better results and increase the retrieval accuracy

importantly.
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5.5.2 Limitations

The dataset that we described above is something we had no access to while developing
our thesis. So we executed the first part of the DAPT procedure and the results of our training

attempt are shown on the figure 5.10.

MLM Training Loss over Epochs

—— Train Loss
20.0 4

7.51

5.0 4

254

0.0 4

0.0 0.5 1.0 1.5 2.0 25 3.0
Epoch

Figure 5.10: Training loss over epochs

As we can see in the plot, the training loss steadily decreased over the first 2 epochs and
then plateaued, meaning that the model successfully adapted to the domain-specific language
of our corpus. Our associates in the legal domain could produce the required data set in the
following years. If this becomes available, we believe that we can achieve more encouraging
results in the future and further improve the accuracy and usability of our semantic search
application. Although we cannot directly evaluate the downstream task performance of our
model since there was no fine-tuning performed, the decreasing of the training loss indicates
that the model had successfully learned from the domain-specific documents we used and

could achieve better results if fine-tuned in the future.
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Chapter 6

Database selection

6.1 Introduction

Semantic search is a service that requires efficient and fast storage and retrieval of doc-
uments in their embedded form, in order to achieve high performance. Traditional databases
(SQL or No SQL) are not a viable option for the development of such a system, since they
lack the ability to handle large-scale semi-structured or unstructured data and are unable to
perform efficient insertion and retrieval/search operations on high-dimensional vectors that
can reach over 1024 dimensions [29]. Instead, vector databases specialize in the manage-
ment of embedding vectors. They are equipped with algorithms targeted at handling data in
this specific, high-dimensional form. This chapter is dedicated to providing foundational in-
formation about vector databases while also analyzing the available state-of-the-art options

and our choice.

6.2 Background information

6.2.1 Vector Databases

Vector databases are a special type of No SQL databases, that primarily store data in the
form of high-dimensional vectors. They support complex unstructured data since they use
collections to group data points. Their key feature is their high performance on retrieval and

storage, utilizing high-dimensional vectors for indexing and search [22] operations.

In addition to vectors, these databases support the storage of metadata (typically in JSON

33
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format) for each data point. This way vector entries can maintain some useful information in
human-readable form. Moreover, most databases provide a hybrid search option. While the
primary search key remains the vector point, the retrieval process is enhanced with metadata
fields serving as filters.

A typical high-level workflow of a vector database is illustrated in Figure 6.1. Firstly,
unstructured data are being stored in the database after being converted to vectors by an
embedding model. The database optimizes the indexing of the stored entry using various
techniques that we analyze in Subsection 6.2.2. When a query is made, it must also be em-
bedded by the same model and then passed on to the database. The VDMBS then performs
a similarity search between the embedded query and the stored vectors using a variety of

Nearest-Neighbor search algorithms, which we describe in detail in Subsection 6.2.3.

Figure 6.1: High level vector database workflow

6.2.2 Storage optimization techniques

To achieve optimal storage of embeddings while ensuring smooth scalability, continuous
support for large-scaled unstructured data and constant high performance, VDBMS use a

variety of available methods [30] :

* Sharding: It is a method of distributing a vector database system into many machines
to boost performance and ensure the availability and scalability of the system. Sharding
can be performed either by hashing a specific key from all entries in order to achieve
an even distribution of vector entries between shards, or by dividing entries into shards

and matching a column of the data points with specific ranges of values.
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 Partitioning: It is a technique to split the database into smaller parts (partitions). The
splitting process is made with criteria such as categories (e.g. shapes) and ranges (e.g.
date ranges). The goal of this process is to produce database pieces that are easier to

manage and thus enhance the performance and scalability of the database.

* Caching: Caching is a common method, that focuses on making the frequently used
resources more easily accessible to the system. Its goal is to bypass the retrieval latency
from permanent storage by storing data that are used often in a faster memory, like
RAM. The most common algorithm is the LRU policy, which drops the least recently
used data point when the memory serving as cache is full. Caching can greatly enhance

the efficiency of the retrieval process, if used correctly.

* Replication: This is a technique that creates copies of the data points and stores them
in different nodes/clusters of the system. It can either follow a leaderless approach,
in which all nodes can process both read and write requests but must be consistently
managed, or a leader-follower approach in which a single leader manages follower

nodes to perform updates.

6.2.3 Similarity search algorithms

A search query in a vector database is basically a similarity search between the query
vector and the vectors stored inside the DB. The similarity search algorithms used by these
databases basically try to solve a k Nearest-Neighbors search optimization problem. In other
words, they are trying to efficiently determine a set of k points that are considered ’closer’ to

the query point, given a certain distance metric.

Distance metrics

There are a variety of scores to measure the distance between two vectors in the geometric
space. Each score is a function f : RY x RV — R that maps a set of two N-dimensional
vectors to a scalar value. Different formulas focus either on the absolute distance of vectors
or other attributes like the angle that they form in the vector-space. Depending on the score,

higher similarity is associated with larger values or values closer to 0.

* Euclidean Distance: It is the L2 norm of two vectors and calculates the straight-line
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distance between two points in a Euclidean space:

where z, y are N-dimensional vectors. The range of values is [0, +00). A value closer

to 0 indicates that the vectors are close to each other.

Inner Product: It is defined as the dot product between two vectors and measures their
linear correlation:

(T,y) = ) 2y,

NE

i=1
where x, y are N-dimensional vectors. The possible range of values is R. If z and y

are normalized to unit length, the range becomes [—1, 1].

Cosine Similarity: Expresses the angle between two vectors, focusing on orientation

rather than magnitude. It is defined as:

. (x,y)
08 _sim(®, ) = 171wl

where z,y are N-dimensional vectors. The range of values is [—1, 1]. A value close
to 1 suggests strong similarity, 0 indicates that the vectors are perpendicular, and -1

suggests the vectors have opposite directions.

Hamming Distance: It counts the number of dimensions at which two vectors differ

and is commonly used for binary or categorical data:

N
dH(I’ y) - Z l{wﬁéyi}
=1

where 1, .,y is an function that equals 1 if z; # y; and 0 otherwise. The range of

values is [0, N]. A value of 0 means that the vectors are identical.

Available optimization algorithms

There are a large number of algorithms designed to optimize the similarity search in vector

databases. The most common methods are presented below and belong to the Approximate

Nearest-Neighbor search set of algorithms [29]:

* K-Means: It is a clustering algorithm that divides vector points into smaller groups

(clusters) based on a distance metric. When a query is made, the first step is to match it
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to the most relative cluster, and then perform similarity search inside the cluster. This
greatly reduces the number of comparisons that need to be performed to complete a

search process, thus enhancing the performance of the database.

* Locality Sensitive Hashing (LSH): This is a technique to map similar vector points
into the same hash buckets using special hash functions called locality sensitive func-
tions. During a query, only vectors in the same or nearby buckets are compared, sig-

nificantly reducing the search scope.

* Hierarchical Navigable Small Worlds (HNSW): HNSW is a graph-based algorithm
widely used in modern vector databases because of its top performance in similar-
ity search in high-dimensional spaces. It organizes data into multiple layers of graphs
where, upper layers provide long-range links between vectors for quick navigation
while lower layers offer more accurate connections. During a query, the graph is being
accessed from top to bottom, refining the selected k nearest neighbors at each level

using a greedy approach.

* Product Quantization: It is a compression-based method that works by splitting high-
dimensional vectors into multiple low-dimensional subspaces and then quantize each
subspace with its own codebook of centroids. The resulting compact codes approxi-
mate the original vectors and enable efficient distance computations while preserving

sufficient accuracy in search tasks.

6.3 Selecting a vector database

In order to choose the optimal database for our needs we looked into surveys [31] and
blogs [32] to see performance metrics, tier lists and other features. The most important criteria

we had were:

* Performance on large scale of data: Due to the already extensive dataset we had
available and given that there is potential to support the full range of legal fields in
future work instead of just the Employment Law, selecting a database that can scale

easily and still be efficient in storage and retrieval operations was of great importance.

* Local and cloud host options: We primarily aimed for a local setup to maintain sim-

plicity and efficiency for our experiments, but we also needed to have the option to
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later migrate the database to the cloud, in case the service later gets deployed in the
real world. Thus, the database was selected from a collection of free-to-use locally,

mostly open-source options.

+ Efficient admin panel: Since our project was mostly experimental, we required the
database to have a user-friendly, simple and easy to learn admin dashboard, in order to
manage our system, navigate through and edit the collections when necessary, without

having to write commands or scripts to alter the database.

* Support for hybrid search: For the needs of our semantic search service, it was im-
portant for the database to support the inclusion of filters in the retrieval process. As
discussed in Chapter 9, the application offers the ability to limit the search year range,

to get more relevant documents as a result.

We examined the top five recommended options, focusing on writing down information

relevant to the criteria noted above. The features of each database are summarized in Table

6.1:

VDBMS | Primary Algorithm | Hybrid Search | Local | Cloud | UI | Scalability
Qdrant HNSW Yes Yes Yes | Yes High
Milvus HNSW Yes Yes Yes | Yes High

Pinecone HNSW Yes Yes Yes | Yes High

Weaviate HNSW Yes Yes Yes | No High

Chroma HNSW Yes Yes Yes | No | Medium

Table 6.1: Comparison of top 5 vector databases.

Pinecone was rejected as an option because it is not open-source, and we preferred an
open-source option for our project development to have more freedom. Weviate and Chroma
were ruled out simply because they lack an efficient UI dashboard to manage our database
system during experiments. Out of the remaining options (Milvus and Qdrant) which were
both very solid choices, we decided to work with Qdrant which is an open-source VDBMS
with a user friendly Ul, supports both local and cloud host, provides hybrid search with fil-
ters, maintains high performance when dealing with large-scale data and uses the HNSW
algorithm, which is one of the most popular and widely used similarity search methods avail-

able at the moment.
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6.4 Navigation in the admin dashboard

To access the admin panel of our Qdrant database we need to use a browser with the url
localhost:6333/dashboard. Accessing the panel and clicking on the collections icon from the
menu on the left loads the collections page shown in Figure 6.2. Each collection in the list
displays whether its status is healthy, the number of vector points stored in it, the number of
segments and shards currently created and basic configurations like the number of dimensions
that the vectors have and the type of distance metric that is used to retrieve entries from the

collection.

Collections

wedding

Bilingual_document_embedding. 8000

check_1000_Biingual_document_embedding

check_2000_Biingual_document_embedding

Figure 6.2: Qdrant collections dashboard

Clicking on a collection from the list opens the collection to browse and inspect the points,
displaying all metadata and giving the ability to edit them. As shown in Figure 6.3, there is
also the ability to see some information about the collection’s configuration and perform spot

filtering on the displayed results with some metadata attributes as keys.

Bilingual_document_embedding

Point 0001064df-f00d-4bad-8145-4b51daB1bc2e

}

Figure 6.3: Browsing a Qdrant collection
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Selecting the Graph option loads another interesting page in which the user has the ability
to visually inspect the top k nearest neighbors of a particular point. The example in Figure

6.4 shows a query that illustrates the top 5 nearest neighbors of a random vector point.

@

& Bilingual_document_embedding

Figure 6.4: Visual presentation of top-k Nearest Neighbors

Lastly, the dashboard offers a console to execute transactions with the database directly
from there, without the need to write and execute scripts in a programming language like
Python, as shown in Figure 6.5. Although we used this feature to perform short tests and
inspections in the database, we primarily chose to use the Python client as it was already part

of our embedding and information retrieval pipelines.

Figure 6.5: Qdrant console

6.5 Setup and configuration

As we already noted, we set up Qdrant locally for our project and experiments. Using

the local setup requires the Docker Engine as Qdrant runs inside a container (containers and
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Docker are analyzed in detail in Chapter 9 along with the integration of the database con-
tainer to a larger docker project). We pulled the Qdrant docker image, mounted a volume
of disk storage to keep persistent vector entries and spinned a container exposing two ports
(one for REST/JSON and one for gRPC requests) for access from the rest of the system.
The database runs on the IP of the host machine (localhost). The collections we made were
configured to perform semantic search with the default HNSW algorithm and the cosine sim-
ilarity as distance metric. The configurations used can be examined in the code snippet of

our docker-compose.yaml file below:

gdrant:
image: gdrant/gdrant:latest
ports:
- ”76333:6333”
- ”76334:6334"
volumes:
- /opt/gdrant:/gdrant/storage
networks:

- app-network

For all the transactions we performed with the database through our service we used the

python client that Qdrant provides.

+ Initializing the python client:

client = QdrantClient (
url="localhost:6333”,

timeout=60

where url is a the timeout is a simple upper time limit in requests that the database

processes.

* Creating a collection with the python client:

point = PointStruct (
id=sample id,
vector=sample vector],

payload=sample metadata
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client.upsert (
collection name=collection name,

points=[point]

* Performing a search with filters with he python client:

condition list = FieldCondition (
key=sample key,

match=MatchValue (value=sample value)

query filter = Filter( must=[condition list] )

search result = client.query points(
collection name=collection name,
query=sample query vector,
query filter=sample filters,

limit=1limit

These functionalities that the client offers were used to develop both the embeddings
pipeline and the information retrieval web service, the two main applications of our system

that will be analyzed in the two following Chapters.
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Embedding pipeline

7.1 Introduction

We attempted to develop a scalable and adjustable pipeline for the process of transforming
the documents into vector database entries. Although the final model used is from Hugging
Face, as we analyzed in Chapter 5, we also experimented with OpenAl models. Thus, the
goal was for the pipeline to work regardless of the embedding model used, to be able to easily
test many models in terms of performance when working with Greek legal data. Moreover,
as previously mentioned, we experimented with different chunking methods so we needed
this part of the process to be easily editable. For that reason, we designed separate modules

for each of the processing steps. Each module is built as a separate Python class.

7.2 Modules

7.2.1 Text Chunker

This module, as its name suggests, is responsible for performing the chunking of docu-
ments. The class has a number of parameters and methods. Depending on whether the model
is from Hugging Face or OpenAl, some method implementations and parameters are slightly
different. This is primarily due to the tokenizer choice depending on the model chosen for
embeddings. The class accepts the parameters described in Table 7.1 and offers the methods

described in Table 7.2.

43
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Table 7.1: TextChunker Class Parameters

Parameter Description

max_chunk size | The maximum chunk size allowed (in tokens)

chunk overlap The overlap size (in sentences).

_ The name of the tokenizer that the chunker will
tokenizer name
use to count chunk sizes

Table 7.2: TextChunker Class Methods

Method Description

Counts tokens of a sequence. Depends on the
token_count .
tokenizer

load sentences | Fetches the sentences of a document from a file

Accepts a document’s sentences, creates and

returns overlapping chunks. The chunking is
chunk text
performed with the method described in

Chapter 4.

7.2.2 Text Embedder

Following the logic of the single responsibility that the TextChunker module has, the
TextEmbedder’s functionality is about using the model to generate embeddings from text
sequences. It accepts the parameters and offers the methods described in Table 7.3 and Table
7.4 respectively. Some parameters and method implementations again differ depending on

whether the model is from Hugging Face or OpenAl.

7.2.3 Database Client

The DBClient is a module responsible for communicating with the database. As explained
in Chapter 6, the database client used is Qdrant. The class accepts the parameters and meth-

ods described in Table 7.5 and Table 7.6 respectively.
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Table 7.3: TextEmbedder Class Parameters

Parameter

Description

max_length

The maximum sequence length allowed in the

model (in tokens)

model name

The name or path of the model to be loaded for

creating embeddings

device (hugging face specific)

Determines wether the model will run its

inference on GPU acceleration or on CPU

Table 7.4: TextEmbedder Class Methods

Method

Description

remove paragraphs markers

Takes as argument a batch of texts and removes
the paragraph markers so that the text is

cleaned before encoding

embed Fetches the sentences of a document from a file
Takes as argument a batch of texts, cleans
chunk text them, creates embeddings using the model and

returns them.

7.2.4 Main Module

This is the entry point of the pipeline that loads and uses all other modules. It creates a

Python stream that loads sentences from documents and generates chunks from them. When

the chunks hit a maximum batch size, it sends the batch to be embedded and stored into the

vector database.

It is also responsible for creating the structure of the database entries. It loads the docu-

ment’s metadata and attaches them to every chunk along with some additional chunk-specific

metadata fields. The extra specific fields are: the original chunk text, the chunk’s number

(in reference to its document), a flag indicating that the chunk is part of the document’s sum-

mary and not the main text and the number of chunks that the document has.

There is also a configuration file that determines all the parameters described earlier that

1s loaded into this module.
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Table 7.5: DBClient Class Parameters

Parameter Description
host _ip The IP that the database is hosted on
port The port that the database listens on

. The number of tries that the client will attempt
max_retries
to send a query to the DB

The seconds that the client waits before
retry delay '
retrying to send a request

An embedding module (TextEmbedder in our
embedder
case) to use in search experiments

Table 7.6: DBClient Class Methods

Method Description

. Creates a new collection with the specified
create collection ‘
name and vector size

‘ ‘ Attempts to insert a bath of points into the
insert _to_collection ‘ _
specified collection

Attempts to perform a search with a text query
_ and optionally extra metadata filters. If an

search_with_query
output file path is specified an analytic report

of the results is dumped into that file.

7.3 Overview of the complete process

The pipeline can work with either the main texts of the documents, or their summaries/ti-
tles as separate processes. In each case, the program begins in the main module by setting
up the other modules (TextChunker, TextEmbedder, DBClient) and begins to load document
texts and metadata as described above. Each time, it sends a document’s sentences to the
TextChunker and receives the document in chunks. In this step, it also attaches the afore-
mentioned metadata to the chunks. When enough chunks have been created, it sends them as
a batch to the TextEmbedder module and gets back the corresponding embeddings. Lastly,

the program attempts to insert the data points into Qdrant using the DBClient. This process
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Figure 7.1: Embedding Pipeline

gets repeated until all texts are stored in the database as embeddings. The whole pipeline and

process can be visualized in Figure 7.1.
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Chapter 8

Information Retrieval

8.1 Background Information

8.1.1 Introduction

Information retrieval (IR) is the process of representing, storing and providing access to
information items such as documents, web-pages or multimedia objects. The main goal of
IR is to provide users with accurate information that satisfies their needs. As the volume of
digital information has grown exponentially over the last few years and the demand follows
a similar increasing pattern, the need for efficient and effective retrieval techniques has be-
come a cornerstone of modern computing. Historically, the first version of IR was relatively
simple pattern matching techniques called Boolean retrieval where a document was retrieved
only if it matched the exact terms of a user’s query. Over time more sophisticated methods
were introduced leading to recent years where machine learning and deep learning IR tech-
niques have developed the ability to capture the semantic and contextual meaning of text.
The following sections will review the major categories of AR techniques, discussing their
principles, strengths and limitations showing the process from exact matching to semantic

understanding.

8.1.2 Classic Information Retrieval Methods
Boolean Model

The Boolean retrieval model is on of the earliest retrieval models based on exact matching

using logical operations (AND OR NOT). Documents would be retrieved or not depending
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on whether they satisfy the query conditions presented by the user. Even though it is a simple
and computationally cheap algorithm, it assumes binary notion of relevance, meaning that

documents either match the query or not at all (Salton & McGill, 1983 [33]).

Vector Space Model (VSM)

The Vector Space Model (Salton, Wong, & Yang, 1975 [34]) is designed to represent
documents and queries in a high-dimensional-space and each dimension corresponds to a
unique term. These terms are weighted using TF-IDF (Term Frequency - Inverse Document
Frequency) and are ranked according to their cosine similarity with the query. The VSM
model was a great advance from the boolean model because it introduced graded relevance.
Its limitation is that it still assumes a bag-of-words representation, so the context and the word

order is being ignored.

Probabilistic Model and BM25

Probabilistic models estimate the probability that a model is relevant to a query (Robert-
son & Sparck Jones, 1976 [35]). The BM25 ranking function derives from probabilistic prin-
ciples and is one of the most widely adopted and successful methods. It incorporates term
frequency saturation and length normalization, making it robust and effective for large scale
retrieval ((Robertson, Zaragoza, 2009 [36]). The main problem with this approach is that it
still operates on exact term matches which is problematic in domains with rich terminology

and many bywords.

8.1.3 Semantic and Topic Models
Latent Semantic Indexing (LSI)

LSI (Deerwester et al., 1990 [37]) is an attempt at overcoming the vocabulary mismatch
problem, which is a problem that occurs when the user’s query uses different words or ex-
pressions than the relevant documents, by applying singular value decomposition (SVD) to
the term-document matrix so it can be reduced to a latent semantic space. This allows the re-
trieval of documents based on conceptual similarity rather than exact term overlap between
the document and the query. However, the method suffers from computational inefficiency,

especially when dealing with large corpora and it’s ability to capture non-linear relationships
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is limited.

Probabilistic Topic Models

Probabilistic topic models and especially Latent Dirichlet Allocation (Blei, Ng, & Jordan,
2003 [38]) allow documents to be represented as probabilistic mixtures of latent topics. Each
topic encodes a distribution of words capturing thematic structure in the corpus. The LDA
method remains limited by the bag-of-words approach so it cannot capture nuanced con-
textual meaning in specialized domains. Nevertheless, it still provides useful dimensionality

reduction and semantic clustering.

8.1.4 Neural and Deep Learning Approaches
Word Embeddings

With the introduction of Word2Vec (Mikolov et al., 2013 [39]) and GloVe (Pennington et
al., 2014 [40]) came the rapid advance of IR since now words could be represented as dense,
low-dimensional vectors. As discussed in detail in Chapter 5, these embeddings can capture
semantic similarity (e.g., “man” and “human” appear close in vector space). However they
are static, meaning that a word always has the same vector regardless of context, which limits

their application when the meaning of a document is heavily dependent on context.

Contextual Embeddings and Transformers

The advent of transformer-based models, most notably BERT (Devlin et al., 2019 [41]),
represented a major breakthrough in natural language processing and information retrieval.
Unlike earlier embedding methods such as Word2Vec or GloVe, which assign a single static
vector to each word regardless of context, BERT produces contextual embeddings (again
discussed in Chapter 5. This means that the representation of a word dynamically changes
depending on the surrounding words in the sentence. For example, the word “bank” will have
different embeddings in the sentences “river bank™ versus “savings bank”, allowing models

to distinguish between multiple senses of a word based on context.
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8.1.5 Semantic Search

As we discussed above, classical methods such as Boolean retrieval, VSM, and BM25
have been foundational in IR, but they are limited by their reliance on exact term matching.
LSI and LDA provide conceptual similarity but are computationally expensive and don’t take
the contextual meaning of a sentence into consideration. Using neural methods with static em-
beddings definitely improved the semantic representation but failed to account for polysemy
(the coexistence of many possible meanings for a word or phrase) and context dependence.
So we conclude that that the state-of-the-art IR method is semantic search that is powered by
contextual embeddings. It combines deep semantic understanding with scalability and pro-
vides high precision and recall. That is why we decided that the semantic search method is
the most suitable for the Greek legal domain where the documents are lengthy, terminology

is specialized and the quality of the results is crucial.

8.1.6 What is Reranking and why it is important

Reranking plays a crucial role in modern information retrieval and question answering
systems because initial retrieval methods, whether based on dense or sparse embeddings,
often produce results that are relevant but not optimally ordered. By applying a reranker,
we can reorder the retrieved items to better align with the user’s intent. This step is espe-
cially valuable in tasks such as legal document search, open-domain question answering, and
retrieval-augmented generation, where subtle semantic differences can determine whether
the output is accurate or misleading. Reranking therefore enhances both precision and user
trust by ensuring that the most contextually relevant passages are prioritized.

In the legal domain, reranking is especially important because initial retrieval methods
often surface passages that are partially relevant but do not fully capture the legal undertone
of a query. Legal texts are highly contextual, and two provisions may appear similar on the
surface but carry very different implications. By applying a reranker, typically a transformer-
based model trained to evaluate semantic relevance at a deeper level, we can reorder can-
didate results so that legally significant passages appear at the top. This reduces the risk
of overlooking key statutory clauses or misinterpreting case law. In practice, reranking has
proven valuable in tasks such as case law retrieval, statutory interpretation, and supporting
retrieval-augmented generation systems for legal question answering. It ensures that the most

contextually and semantically aligned documents are prioritized, thereby improving both the
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precision of legal research tools and the reliability of downstream applications.

8.2 Our Approach

8.2.1 Our Semantic search algorithm

In this section we will describe the way we implemented the semantic search informa-
tion retrieval powered by contextual embeddings. Firstly, we used the bilingual-document-
embedding with context window size 2048 tokens that we already talked about in Chapter
5 to turn the chunks (chunking is analyzed in Chapter 4) of our texts into contextual em-
beddings and store them into the qdrant database we set up at Chapter 6. When a user asks
a question we use the same model to turn the question into an embedding and use cosine
similarity to find the most relevant chunks to the question. Then we return the first 5.000
relevant chunks, group them back into documents and rerank the results. This procedure can

be summarized by the picture bellow.

-
A Language Model [ ..... ]
N
Search Queries [ ----- ] I o
Vector rep -c g =
[—]
GoT: [....] =
- [ _____ ] Similarity Scores Search Results
= [o]
Collection of documents

Figure 8.1: Semantic Search Procedure

8.2.2 Challenges of Supervised Reranking

Re-ranking has shown great promise in improving retrieval quality, but training a super-
vised re-ranker is not always an achievable outcome. Especially in our case, this was proven
to be an almost impossible task. The main challenge we had to overcome was the lack of
annotated feedback, so we can indicate which retrieved passages are legally relevant and
which are not. Constructing such a dataset in the legal domain is especially difficult. It would
require extensive input from legal experts and an agreement on what qualifies as the cor-

rect” answer on a specific question, something that is often ambiguous even for practitioners.

Institutional Repository - Library & Information Centre - University of Thessaly
04/09/2026 13:52:51 EEST - 216.73.216.250



54 Chapter 8. Information Retrieval

Without reliable ground truth, a machine-learned reranker could risk introducing biases to
the system or arbitrary rankings, resulting in lack of trust in the system itself. For this reason,
we did not attempt to train a neural reranker and instead explored alternative, unsupervised

approaches.

8.2.3 Our Custom Unsupervised Approach

To address this, we developed a custom reranking method that does not rely on labeled
data, but instead combines mathematical signals derived directly from the retrieval process.
In addition to the maximum cosine similarity that a chunk has with the user’s query, our
implementation considers two other signals: (i) coverage, defined as the number of fragments
that were recovered from a legal document in response to a query, and (ii) mean similarity
score of the document, meaning the mean of the cosine similarity scores of the chunks that
were relevant to the query inside a document. To combine these three measures, we introduced

a weighted scoring function.

score(d) = a - mean_sim(d) + [ -coverage(d) + 7 -max_sim(d)

where «, (3, and ~ are tunable weights that determine the importance of each compo-
nent. We give our users the ability to adjust these weights according to their preferences. For
example, prioritizing coverage () favors documents that are consistently relevant across
many chunks, even if individual similarities are moderate. Increasing the weight of maxi-
mum similarity (vy) highlights documents where at least one chunk is highly relevant, which
can surface highly specific matches but is also prone to give outlier results, meaning that it
can focus on a specific small part of a legal document that refers to the question while the
document itself talks about something entirely different. Finally, focusing on mean similarity
(o) results in rankings that focus primarily on overall semantic closeness, without regard to
how many chunks were retrieved or whether one chunk was an outlier. This flexibility allows

the reranker to adapt to different use cases within legal document retrieval.
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Full Stack Application

9.1 Introduction

In order to test our service, create demos and provide a friendly user experience, we de-
veloped a simple full stack web application. Our goal was to create an efficient user interface
with a chat box to make the questions and a panel to display the related results enhanced with
rich information regarding the similarity and reranking scores that the model used to sort
the retrieved documents. Additional features include links to the original documents, sort-
ing based on different keys and simple search filters. This chapter is dedicated to exploring
and explaining the available tools for full stack development, highlighting our choices and

describing in detail the web application we built.

9.2 Background Information and selection of tools

Modern full stack web applications typically follow a complete separation logic between
the frontend and the backend components. Usually, these are developed as different applica-
tions, are often hosted by different servers and communicate through an API exposed by the

backend.

9.2.1 Backend tools

The backend application is the server-side logic of a web system. It is responsible for pro-

cessing requests from the frontend and handling all necessary transactions with the system’s
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databases. It provides URL endpoints that frontend applications can reach to request for data

or other actions like login from the server.

Choosing a programming language

There is vast amount of programming languages support the development of backend
services, including Python, JavaScript, Java, and C#. Due to the fact that our backend service
required the hosting and use of a deep learning model, we chose Python for our development.
This choice was the simplest way to achieve direct integration with the machine learning
libraries and frameworks (which all are available in Python) that support the functionality of

our model:

* Scikit-learn: Famous library for performing a significant amount of data pre-processing

tasks and training basic machine learning models [42].

* PyTorch: It is one of the most popular machine learning frameworks, providing the
ability to train custom or existing models and manage resource allocation to CPU and

GPU, having direct support for cuda drivers [43].

* Transformers: This is a framework offered by HuggingFace and it is used to fetch,

train and inference free-to-use models from their repository [44].

Choosing a backend framework

Frameworks are reusable foundations of code, built to help developers speed up their
work. They provide higher level abstractions and pre-built tools that boost the efficiency
to a large extend. There is a great amount of options when it comes to choosing a backend
framework in Python. According to [45], the best options at the moment are Django, FastAPI
and Flask.

* Django is an open-source, extremely popular web framework. By providing a range
of built-in tools revolving around Object-Relational Mapping (ORM) security, admin
panels and scalability, it boosts productivity while ensuring the creation of a robust
application. On the downside, it has a steep learning curve and can be too complex

when there is need for a small and simple API design.
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* FastAPI is amodern, high-performance, web framework for building APIs with Python.
It enables rapid code development, has a low learning curve and its applications are ro-
bust for production [46]. It also has native support for async programming, a powerful
tool for API development. Compared to Django, it has a lot less built-in features which

limit its capabilities but also ease the development of simpler services.

* Flask is a micro-framework for Python. Its key features are simplicity and flexibility,
following a minimalistic approach and having a relatively small learning curve. There
is also a large ecosystem of extensions that support the framework. Its limitations in-
clude the requirement of a complex setup and configuration for large applications and

the lack of pre-built components and tools (external libraries are required).

Out of the three options, we decided to work with FastAPI because of its simplicity and as
it is a fairly common choice for developing endpoints that serve requests to machine learning
models [47]. The next step was to choose the type of API we were going to develop for our

similarity search service.

Choosing an API type

An API (Application Programming Interface) is an intermediate layer that connection
and data exchange between different software applications and systems. By defining a set of
protocols and rules, the API abstracts most of the functionality included in the data transfers
[48]. Choosing the right API protocol for each application according to its needs is a crucial
task. While there is a vast number of options, we focused on the top 3 API protocols we found

[48] [49].

* RESTful ((Representational State Transfer) API is an API that conforms to the de-
sign principles of the representational state transfer (REST) architectural style. The key
points of a REST API are: statelessness (it does not require messages to be in a strict
format like other protocol [48]), client-server architecture, representation, uniform in-
terface, resource-based, cache ability and a layered system [49]. This type of API com-
municates through HTTP requests to perform standard database functions like creating,
reading, updating and deleting records (also known as CRUD) within a resource [50].
The main HTTP methods associated with CRUD operations are summarized in Table

9.1.
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Table 9.1: Backend routes

HTTP Method | CRUD Operation | Description

POST requests are usually made to create
a new resource in the database, whether it
POST CREATE is a new user, a new login connection, a
new product or any other similar transac-

tion.

PUT requests are made when the user
PUT UPDATE wants to perform an update transaction

with a resource, modifying existing data.

GET requests are used when the user

wants to fetch data from a server. In other

GET READ
words, they request access to information
of existing resources.
DELETE requests, as their name sug-
gests, are usually sent when the user wants
to delete an existing resource from a
DELETE DELETE

server. The common practice is to request
the deletion of a single resource and never

multiple.

* SOAP (Simple Object Access Protocol) [48] [49] APl is a relatively old but still used
set of rules to exchange data between sources. It strictly uses the XML (Extensible
Markup Language) as a format for both requests and responses and can be sent over
both HTTP and SMTP protocols. Its key benefits include interoperability, security,
reliability and handling of complex data. While still applicable as a method, it can be

a bit more complex to use compared to more modern alternatives like REST.

» GraphQL API [48] [49] is a strongly typed query language developed by Facebook. It
offers the ability to request specific data in a strict, client-defined format, which reduces
unnecessary data exchange. Its unique characteristics offer flexibility and efficiency

and is a solid choice when working with mobile apps (limited bandwidth), complex
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data structures or micro-services.

Out of the three options, we decided to go with a RESTful API. There is a number of
reasons that justify our choice. Firstly, our web application had a minimal amount of requests
that needed to be implemented (we only needed a login and a search service as we explain
later in this Chapter). Also, REST API offers a simple and lightweight solution and is directly
implementable through Python’s FastAPI framework. Lastly, we rejected SOAP as REST is
considered a more modern and popular choice nowadays and GraphQL is a less ideal, more
complex solution for a simple, straightforward web application like the one we intended to

build.

Authorization and Authentication

Authentication and authorization are the two key factors that establish the security and
access control in a web application or server resources. While the two terms are closely re-
lated, they actually have a different role in an application. Authentication is the process of
verifying the identity of a user or a service. Typically, in a web application this is achieved
through a username and password request. Authorization is the security process of granting
a corresponding access to requested resources, based on the verified identity that the authen-
tication produced. There is a number of ways to implement this security measure for a web
application. To keep things simple, we present two simple and lightweight methods from

which we made a selection [51]:

* Session based Authentication tries to solve the issue that the user needs to authorize
himself with every new HTTP request he makes. After successful login, the server
creates a session in memory or a database and gives the user a session ID usually
stored in a cookie. The session ID is automatically sent with every request and the
server verifies the credential with his stored session and then executes the request. It is

a simple and scalable way to establish security in a web application.

* JSON Web Token (JWT) is an open standard (RFC 7519) that defines a compact and
self-contained way for securely transmitting information between parties as a JSON
object. The key advantage is that the server does not need to store any information
about each client. After successful login, the server generates a JWT with an expiration

date that has encrypted inside some client information (signature) and sends it to the
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client, which stores it in localStorage or a similar temporary space. All subsequent
requests are authorized by the server if they include a valid JWT. JWTs are a widely

used option for authentication and authorization within HTTP requests [52].

Since we wanted to keep things simple in the server side (avoid extra database or data
structures for sessions) and establish a secure way to access the page we decided to use JSON

Web Tokens as our security feature.

9.2.2 Frontend tools

The frontend is the client side of a web system. It provides a user interface in the form
of a web page and exchanges information with the backend server by making requests to
its exposed API. The core components of any frontend application are HTML for defining
elements on the page, CSS for styling the elements and JavaScript for making the page inter-
active and dynamic. Opposed to the backend development, where the language options are
many, the frontend development relies almost exclusively in the combination of the above 3.
Using a framework simplifies the development process, as it further limits the code writing

in only JavaScript.

Choosing a framework

There is a variety of JavaScript library / framework options to speed up and boost pro-
ductivity of frontend development like React, Vue, Angular and more. The choice for our
application was React, as it has a relatively low learning curve for its basic features, which
are sufficient to built the simple Ul we aimed for to support our semantic search service.

React is also the most popular tool to build websites right now.

React is a JavaScript library for building user interfaces, allowing developers to create
reusable Ul components that manage their own state. These components are used to build
complex, robust UI applications [53]. It is also a library widely supported by the community,
as there is a huge amount of prebuilt components that can be used to significantly decrease

code development.
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Other development tools

* Material Ul is the most popular component library for react, providing prebuilt cus-
tomizable UI elements like buttons, boxes and navigation bars. Using these compo-

nents ensures responsiveness and consistency of the UI [54].

* Vite is a modern build tool and development server for JavaScript applications. It pro-
vides fast module hot-reloading during development. It is a popular choice for the de-

velopment of React applications [55].

* Nginx is a high-performance web server that also works as a reverse proxy, load bal-
ancer, and HTTP cache. It is a very popular tool choice when deploying a web appli-

cation [56].

9.2.3 Containerization with Docker

A container is a standard unit of software that packages up code and all its dependencies
so the application runs quickly and reliably from one computing environment to another. It
isolates the runtime environment completely from the host system. Using containers ensures
that the application runs in all hosting environments while still being a lightweight approach
compared to virtual machines. [57]. The most popular and widely used container engine is

Docker.

Docker Engine is the industry’s standard container runtime that runs on various Linux
and Windows Server operating systems. Docker Engine enables containerized applications
to run consistently on any infrastructure, eliminating dependency and compatibility issues for
developers and operations teams. The classic container architecture is illustrated in Figure
9.1 [57]. All containers run (”’spin’’) on top of the Docker Engine, which runs directly on the

host operating system.

We decided to use wrap our application in Docker containers and create a robust, complete
web service. That way we got closer to real-world application development and ensured our
website would not face compatibility issues in possible future extensions, while establishing

its current stability and performance.
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Figure 9.1: Docker container setup architecture

9.3 Backend setup and configuration

We setup the backend application to listen for requests on port 8000 and run it using
Uvicorn, a lightweight tool for hosting Python web applications, especially when using the

FastAPI framework.

Connection with the database

As mentioned in Chapter 6 our vector database choice to store the embeddings we cre-
ated was Qdrant. As explained in Chapter 6 Python offers a client to execute transactions
with the database. We used a copy of the same wrapper client module we built for the em-
bedding pipeline described in Chapter 7. As we already noted, The service we developed
was configured to search the database collections with the cosine similarity, which focuses
more on the angular distance of vectors and seems to be the optimal choice when dealing

with high-dimensional text data [29].

Embedding model host

In order for the semantic search service to work, the embedding model we chose (bilingual-

document-embedding) needed to be pre-loaded onto the backend application. To achieve that
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we used a copy of the TextEmbedder module we created in Chapter 7. Currently, due to
limited resources, the inference of the model for the questions made by the users is being

performed on the CPU of the host machine.

Reranker module

As we described in great detail in Chapter 8, the server also contains a reranking mod-
ule to rearrange the results based on several criteria. The fetched document chunks from
the database query are passed through a long but necessary procedure. Firstly, the chunks
are grouped into objects based on the document they belong to. Then, these objects are also
grouped based on whether they represent different versions of the same document and are
sorted according to their publishing date. Finally, the reranker produces the metrics max_score,
average_score and coverage. From them it calculates the weighted_score and sorts the ob-

jects based on it.

CRUD Functionalities and Routes

The goal of the web application is to test and make demos of the semantic search service.
For that matter, there was no need to make any CREATE, DELETE or UPDATE function-
alities. The only required actions are the user login and the ability to search the database for
documents similar to the semantics of the question asked. Thus, the application was built
only with READ operations.

The /login (POST) was built in order to limit the access to the service. More specifically,
a password login is required. We decided to not create a more complex, account based setup,
since the interface is built for testing and demo purposes for now. After logging in, the au-
thorization of the requests on the protected endpoints is achieved with JSON Web Tokens, as
described in a previous section. It expects a password string field and returns a valid JSON
Web Token if the authentication was successful.

The /search (POST) route is the main endpoint of the application that the user must
reach to get document results from a specific question. It expects a query string field, a
filters dictionary and a valid authorization token, and returns the semantic search results in
the form of a dictionary.

The above endpoints that the backend application exposes are summarized in Table 9.2.
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Table 9.2: Backend routes

Route | Method | Request Response

/login | POST * password (string) * token (JWT)

* query (string)

/search | POST . * results (dictionary)
« filters (dictionary)

Architecture and workflow

The Figure 9.2 illustrates the complete structure we created for our full stack web ap-
plication focusing on the backend modules and the workflow that is being executed when a

search request is made on the /search (POST) endpoint.

Figure 9.2: Full stack architecture and workflow

As we can observe, the process is completed through a set of 7 steps:

1. The frontend client sends a request with a query for search, that gets accepted by the

main module of the backend server.

2. The main module extracts the query and passes it to the TextEmbedder module to be

embedded by the model.
3. When the embedding is produced, the TextEmbedder passes the query vector to the

database client.
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4. The database client handles the transaction with the database. It sends the requested

query along with any existing filters to perform similarity search.

5. The database returns the top K most relevant chunks, where K is predefined in the

servers parameters.

6. The database client passes the results to the reranker module for further processing,

restructuring and sorting.

7. The reranker sends the refactored results back to the main module to be packed for a

response.

8. The main module replies to the frontend client with the packed results.

9.4 Frontend configuration and Ul

As previously stated, the frontend UI was built for testing and displaying demos. Thus,
we designed a simple, easy to use interface. Since the service is addressed to mainly Greek
users (the semantic search is performed on Greek legal documents), the majority of the web
application displays content in Greek.

The application runs with Vite for development and nginx for production inside a Docker
container (the Docker setup will be explained in a later section of this chapter). In each case,

the app server is set to listen on port 3000.

Login Page

The login page, as shown in Figure 9.3 contains a minimal login form, requiring only a

password to access the service.

Home Page

The home page is the landing page shown in Figure 9.4 when the user logs in successfully.
It contains the chat tab to submit questions and a large panel to display results grouped in

categories.
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Figure 9.3: Login Page

S Semantic Search

Napmealis SIaTUTUETTE TV EpUTTon
oag 656

Aev URASXOUV EVYPOPa YIa Ipofohs

AHPH ATIOTEAEEMATON (JSON) SORTED BY: WEIGHTED SCORE

Figure 9.4: Home Page

Chat Tab

The chat tab is not an Al chatbot. It has default prompts and is only for the user to submit
questions in free text. There is also a filter icon that allows the user to limit the year range

that the search will be performed on.

Results Tab

An example of fetched results is displayed in Figure 9.6. The results are always grouped
in categories and displayed in the form of cards. Each card corresponds to a specific docu-
ment. Cards are grouped in pages and are clickable to reveal more details about the returned
document. Also, clicking the icon on the right of a card instantly redirects the user to the orig-

inal document. Lastly, there is a button to download the results in JSON format and another
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Figure 9.5: Year range filter

one to change the sort key from weighted score to high score (these scores are analyzed in

detail in Chapter 8 where the results reranking process is being explained).

S Semantic Search

Mapmeaius SICTUMUOTE TV EpUTno
oag ebw

Ti iveei 1) TROMOMOATIKT KaTayyEALG
o o Tiosa Sedrakn puBpiera

Oplore Ta anotchdopara Mnopeite
va xavere emmhéoy epwtons ehuw

Hits: 2 Welghted score: 0538  High score: 0.540  Avg Score: 0,510 Coverage: 0,667

Hits: 2 Welghted score: 0.533  High score: 0.523  Avg Score: 0.513  Coverage: 0.657

Hits: 1 Weighted score: 0.521  High score: 0.542  Awg Score: 0.542  Coverage: 0.333

Hits: 2 Welghted score: 0,513 High score: 0.514  Avg Score: 0483  Coverage: 0.667

AHWH ANOTEAETMATON (. JSON) SORTED BY: WEIGHTED SCORE

Figure 9.6: Results Page

Result Card

Every result card contains some basic information about the document retrieved and the
scores / metrics that were calculated and used to rerank the document in the results list. These

scores are: num of hits weighted score, high score, average score, coverage.

Result Details

Clicking on a card opens the result details modal (example shown in Figure 9.7, that on
top of displaying again the scores and basic info of the retrieved result, it also includes more

thorough details about the document. A crucial piece of info displayed, is the older versions
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of the document available, with links showing the date of publishing for each version and

navigating to the corresponding original files. Lastly, the modal has a link button to navigate

to the original document’s newest version.

1D: Hits: 2 Weighted score: 0.5380 High score: 0.5403  Avg. Score: 0.5105 Caverage: 0.6667 X

ANOIFMA MO NPOIDATHE EKAOTHE

Figure 9.7: Result Details Modal

9.5 Docker setup and configuration

As we described in an earlier section, in order to ensure smooth runtime, isolation and
eliminate compatibility issues we setup docker containers for the whole application. More
specifically we created three images, one for the backend, one for the frontend and one for
the qdrant database. All three images are spinned into containers with the Docker Engine,
and communicate with each other through Docker’s network bridge driver. The backend runs
with uvicorn while the frontend runs with nginx. The structure of our Docker containers is

summarized in Figure 9.8.

docker network bridge
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1; | - _m | - | -
c E 3= ==
£ E =5 E=

LT
S5 © 5 oS
— = !

Docker Engine
Host Linux Virtual Machine

Figure 9.8: Docker Setup
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Chapter 10

Conclusion and Future Work

In this chapter we provide a final overview of all the research, experiments and software
development that were performed as part of our thesis. Moreover, we discuss potential exten-
sions as well as subsequent research and development ideas that could be conducted based

on the foundations of our work.

10.1 Conclusions

The subject of this thesis was the design and implementation of a semantic search service
for Greek legal data. The lack of related work in this area (as noted in Chapter 2), made the
task highly challenging, though it enabled us to explore original ideas in almost every step of
the process. Another factor that made this project demanding was the multiple different parts
it contained. Over the course of our thesis we had to devote significant attention and time
to a vast amount of topics including data cleaning, Natural Language Processing, sentence
splitting, chunking, embedding models, semantic search, vector databases, reranking and full
stack development.

Our research and development project showed promising results as with the use of a
pretrained model, the service functions with a sufficiently high accuracy. Apart from showing
that semantic search in Greek legal data has the potential to become a production level service
in the future, we also proposed original, effective solutions to many known yet unsolved
issues in the area. For instance, our custom -built sentence splitting model is a highly accurate
and detailed solution to handle the complexity of Greek legal sentences, while our reranking

formula offers a lightweight, straightforward alternative to Al reranking models that do not
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have a guaranteed performance.

10.2 Future Work

Though our thesis covered a large range of topics and was an end-to-end research and
development project, in our opinion there is still plenty of space for further research and

extensions in several parts of the project.

* Creating a solid ground truth dataset: As discussed, one of the main challenges we
encountered throughout the project was the lack of a labeled dataset to serve as ground
truth for both the development of custom embedding models and the evaluation of the
semantic search service. Constructing such a collection of data is a highly demanding
task, as it requires a significant amount of time and collaboration between machine
learning engineers and experts in Greek legal matters. The existence of such a dataset
is of paramount importance, as it would greatly enhance any ongoing research and also

encourage more researchers to contribute the field.

* Improving sentence splitting: Although our sentence splitting model is an already
reliable and effective tool for processing Greek legal text, there is still room for im-
provement. Firstly, the current approach could be extended to include additional rules
or be combined with other algorithms to further increase the accuracy. Moreover, the
creation of a labeled dataset enables the experimentation with different machine learn-

ing models, in order to achieve a more generalized and robust sentence splitter.

* Training the existing or a new embedding model with Domain Adaptive Pretrain-
ing: As mentioned in Chapter S, due to the absence of a labeled dataset, we were
unable to perform a successful Domain Adaptive Pretraining procedure on our model.
In future projects, and given that a dataset will be constructed, two paths should be
explored. Researchers could either attempt to complete the training attempt we started
on the bilingual-document-embedding model or design a new embedder and train it
with the same method. A custom-made model should be the best approach in the long

term, as it would adapt to work accurately specifically with Greek legal data.

* Experiment with Al reranking approaches: Even though our reranking formula is a

simple and straightforward solution that functions with satisfactory accuracy, we be-
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lieve there is still room to experiment with machine learning models that could achieve

higher precision and eliminate the need for manually tuning weight parameters.

* Investigating the accuracy of the existing model with Greek legal text: As noted
in Chapter 5, an interesting observation we made while selecting our model was that
the bilingual-document-embedding handled Greek legal data surprisingly well, despite
only being trained on English and French texts. A future project could be to investigate

and attempt to explain this behavior with targeted experiments.

* Scale and optimize the full stack service to be deployed: Although our full-stack web
application is fully functional, it was created for demos and testing purposes. While
some features for production are included, such as packing the application in Docker
containers, a lot of work is required in order for the application to be ready for deploy-
ment in the real world. Ensuring security, enhancing responsiveness, scaling to support
a large number of users and optimizing the computationally heavy backend (because

it hosts the embedding model) are essential tasks for future projects.
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