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Abstract

The large volumes of files circulated in today’s enterprise workflows have prompted
the development of methods based on Artificial Intelligence (AI) techniques for auto-
mated information extraction, retrieval, and summarization. In this diploma thesis,
methods for processing and extracting data from semi-structured Portable Document
Format (PDF) documents are studied and implemented using Large Language Models
(LLMs). The project is divided into two distinct parts. In the first part, the study
focuses on information retrieval from Greek soil analyses, which are characterized by
their heterogeneous structure and formatting. Various text extraction techniques are
examined, both from natively digital and scanned documents, using Optical Charac-
ter Recognition (OCR). The contribution of individual sub-modules in the processing
pipeline, such as post-processing for text extraction error correction and translation
from Greek to English, is then investigated to the accuracy and efficiency of the overall
structure. Various information retrieval techniques are then compared, including the
full-context prompting approach and Retrieval-Augmented Generation (RAG), with the
goal of evaluating the efficiency of each processing flow. In the second part, the method-
ology is generalized to be applicable to PDF documents from any domain. To this end,
three agents are developed: The Field Detection Agent identifies candidate fields, the
Post- Processing Agent filters and normalizes the results, and the Prompt Builder Agent
dynamically constructs prompts for the information retrieval phase. Different architec-
tures created by these agents are examined for extracting the names of fields that can
be retrieved from the document. The efficiency and accuracy of the best information
retrieval method from the first part is then re-evaluated, along with a variation of the
full-context prompting approach. The proposed approach allows for automatic, adap-
tive, and efficient information extraction from a variety of texts. Overall, the thesis
contributes to both the evaluation and improvement of different processing flows for
data extraction from Greek soil analyses and the development of a general and scalable
multi-agent architecture for any domain. The proposed framework can be applied to
various fields, enhancing the automation and accuracy of information extraction from

PDF files.



Hepiindn

Ou yeydhor 6yxol apyeiwv mou BlaxivolvTol GTIC OUYYPOVES ETLYELENOLUXES POEC €Y OULV
wOoel TV avdntuln uedddwy nou Bacilovtan oe teyvixée Teyvntic Nonpoolivne yio ow-
TOMATOTOMNUEVT, EEXY WYY, AVAXTNOT %ot GOVOPT TANEOPORELDY. TNV TaE00CA SITAWUATIXY
epyaoio peAetdvtan xat LAomotoLvTar Yédodol enelepyaoctiog xou eaywyng dedouévwy amod
nudounuéva éyypagpo PDE e yprion Meydhwv Mwoowxdv Movtéhwy (Large Language
Modelds - llm). H epyaota avantiooeton oe 800 dlaxpttd yépr. 1o npmto pépoc, To nedio
MEAETNG ETUXEVTPWVETOL TNV AVAXTNGY TANEOQOELWY and avahioelg EAANVIXGY edaphy,
oL ornoleg yapaxtnpllovion and etepoyévela oI dour xou T popgpornoinoy) toue. E&etd-
Covton dudpopes TexVnés e€aywYNS XEWEVOL, TOCO amd eYYEVWOS Pnploxd, 600 oL amod
oxavaplopéva, eyypoaga we yerion Ontixic Avayvopeone Xapoxthewy (Optical Character
Recognition - OCR). Xtnv cuvéyea, e€etdleton 1 GUVELGQOPE ETUELOUS UTOULOVEDBWY TNS
ponc eneepyaoiag, 6Twe post-processing yia Si6pdwon hadwv xatd TNy e€aywyr| TOU XEl-
uévou xau uetdppaon and EXnvixd oe Ayyhixd, otny oxpiBeia xat TNy amodoTixoTnTo TG
GUVORXTC BOUTNE. 2T CUVEYEL, CUYXEIVOVTAL DLAPORES TEYVIXES avAXTNONG TANROGOplaC,
omwe 1 mpooéyyion Thipwv ouugppalopévwy (full-context prompting) xou n Avéxtnon
TroBondoluevn and I'vion (Retrieval-Augmented Generation — RAG), ye otéy0o v
alohdynon g amodotixdtntoag xdde porg encéepyaciag. Xto dedtepo pépoc, 1 uedo-
dohoylo yevixeletal, (ote vo unopel va egoppoctel oe €yypagpa PDFEF and xdde medlo
epappoyfic. T tov oxond autd avantiocovtou tpeic npdxtopes (agents): O Ilpdxtopog
Aviyveuong Iledlwy evrtoniler urtodhgia medio, o Ipdxtopag Meta-enelepyasiog @ihtedpel
xa xavovixomolel Ta anoteréopata, eved o Hpdxtopag Anwovpyiog Prompts xatooxeudlel
duvopLxd prompts yio T @don avixtnong tAnpogoptac. EEetdlovtal dlapopeTinés apyite-
XTOVIXES TIOU ONULOVEYOUVTAL Ao QUTOUE TOUG TRAXTORES Yiol TNV EEAYWYT| TWV OVOUSTWY
TV TEdlwY Tou unopoLV va avoxtndolv and To Eyypago. XNy cuvEyel, adlohoyelTo
€X VEOU 1) amodoTIXOTNTA TNS XoADTEPNE HEVOBOL avdXTNoTE TANEoYopiac Tou TEoExupe
and 10 TEMTO PEEOC, xarde xat TapahhayEéc TNS TEOCEYYIoNG TAHewY cuupealouévwy. H
TPOTELVOUEVY) TTEOGEYYLOT ETUTEETEL TNV AUTOUITY), TEOCUPUOC TUXT) XU ATOBOTIXT| EEAYWYT
Thneogoplac and mowxila xelyeva TpoepydUeVa amd dLaopeTixolg Touelc. LUVoAXd, 1 ep-
yooto ouUPdAier T600 GTNY o&lOAGY NN Xan BEATIWON BLIPORETIXDY POV emeéepyaaiog
yioo TNV e€aywyy| dedouévewy and avahboel EXANx®Y edapiy, 660 xou TNy avdmtuln
ulac yeviune xou emextdong oe xdlde touga, moAumpoxTopxc apyttexTovixic. H mpo-
TEWOUEVY, UTOdOWY| UTopel var egoppoctel oe mowdlAa media e@opuoync, eVioydovTag TNV
autopatononon xou Ty axpifBeia oty e€orywyn TAnpogoplwy and apyelo PDF.
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1 Introduction

In recent years, the digitization of information across the majority of industries has
led to an increasing demand for data handling and automation. The increase in the
amount of data has made the retrieval process even more complex and time-consuming.
One such domain is agronomy, where soil analysis reports often arrive in PDF form,
with inconsistent formatting and unstructured data. The latter has made the retrieval
and processing of these data really challenging. In this diploma thesis, a local pipeline
powered by Large Language Models (LLMs) is presented, which automates the extrac-
tion, transformation, and retrieval of information from Greek soil analysis reports, using
full-context prompting, as well as Retrieval-Augmented Generation (RAG) techniques.

Beyond the specialized use case of soil analysis, the methodology is further tested,
generalized, and optimized in order to handle arbitrary, domain-agnostic, PDF doc-
uments of diverse structure and content. This generalization involves a multi-agent
architecture, where dedicated agents identify extractable fields and construct prompts
that are then used in the next retrieval step. In this way, the thesis not only addresses
a concrete agronomic challenge, but also demonstrates a scalable framework for auto-
mated knowledge extraction and retrieval from unstructured PDF data across domains.

1.1 Motivation and Objectives

The primary motivation for this work arises from the significant challenges that occur
when managing large volumes of information contained in unstructured PDF documents.
Traditionally, data from these sources are manually parsed into structured systems such
as databases and spreadsheets. This manual process is time-consuming, error-prone,
and inefficient, especially when dealing with documents that vary widely in layout and
terminology.

The key drivers for researching this field are:

e Time savings: Automating the processing and retrieval of documents signifi-
cantly reduces the time spent on repetitive tasks, such as manual data entry, and
focuses time resources in other more vital tasks.

e Error reduction: By minimizing human interaction during data transcription
and retrieval, the risk of errors is drastically reduced.

e Database integration: Structured information can be directly injected into
existing systems and databases. This results in fully automating the process of
data extraction.

While the initial motivation originates from the agronomic domain, the same chal-
lenges appear across industries, whenever information is stored in PDF documents.
For this reason, the objectives of the thesis extend further than soil analysis reports
and aim to achieve a generalizable approach that can handle arbitrary PDF content.
This is achieved through a multi-agent pipeline that detects and extracts fields of in-
terest, filters redundant or unsuitable values, and constructs context-specific prompts
for Retrieval-Augmented Generation. As such, the work contributes both to domain-
specific applications, such as soil analysis reports, and to broader advances in automated
document parsing.



1.2 Problem Description

The core challenge of this project lies in extracting information from unstructured, di-
verse PDF files. In the agronomic domain, soil analysis reports are often generated by
different laboratories, with significant variations in their formatting, language, termi-
nology, and measurement units. Similarly, domain-specific papers and other types of
technical documents present heterogeneous structures and inconsistent styles, making
uniform processing difficult. In many cases, these files exist only as scanned documents
(images), which require Optical Character Recognition OCR as a first step in processing.

However, text extraction alone (either from native PDFs or OCR-processed scans)
is insufficient. Further challenges arise in parsing that content into structured fields,
such as pH, electrical conductivity, organic matter, or nutrient values in the case of
soil analysis, or more general fields, like Issuer Name, Receipt Date, Invoice Number,
etc., in other document types. Additionally, these extracted values must be mapped
to standardized database fields, validated for consistency, and stored in a retrievable
format.

Finally, the goal is not only to store this information, but to enable intelligent
retrieval across various types of documents — whether in the form of soil reports,
archived PDFs, invoices, or blood test results.

1.3 Existing Approaches

Several traditional techniques have been employed to address similar problems in struc-
tured data extraction and retrieval. Among the most common methods are:

e Regular expressions and rule-based parsers: These represent some of the
earliest approaches to information extraction, relying on manually crafted patterns
or predefined grammars to identify key-value pairs in text. Regular expressions
(regex, for short) can achieve high precision, when the input documents include
consistent and predictable formatting. Rule-based parsers extend this philoso-
phy by incorporating structural or grammatical constraints, offering slightly more
flexibility than regex alone. However, both methods have limitations: small vari-
ations in layout, OCR noise, spacing, or terminology can easily break the rules,
and extensive manual engineering and maintenance are required to adapt them
to new domains. As noted by Chiticariu et al. (2013) [1], while regex-based
and rule-based systems retain value in specialized, high-precision scenarios, they
are insufficient for large-scale, domain-agnostic information extraction, motivat-
ing the transition to more adaptable machine learning and language model-based
approaches.

While useful in specific situations, these approaches do not scale to the full complexity
of heterogeneous PDF documents. This limitation becomes particularly evident in do-
mains, such as soil analysis, where reports in Greek often exhibit diverse and inconsistent
formats, making traditional extraction techniques insufficient.

Machine Learning and Document Understanding Approaches

To overcome the structure and domain limitation that the traditional rule-based meth-
ods introduce, recent research has focused on machine learning architectures.



e Table detection algorithms: Many documents contain key information in tab-
ular form, making table recognition a critical step in information extraction. Tra-
ditional methods rely on heuristics, such as line detection, whitespace analysis, or
font alignment, but these approaches often fail on irregular or borderless tables.
Schreiber et al. (2017) [2] proposed DeepDeSRT, a deep learning framework for
table structure recognition in document images. Their model first detects table
regions and then recognizes row and column structures using convolutional neural
networks, significantly improving accuracy over heuristic methods. While pow-
erful, deep learning-based table recognition requires annotated training data and
can be sensitive to noisy OCR outputs, limiting its immediate applicability across
diverse domains without adaptation.

e LayoutLM Family: The LayoutLM models represents one of the first steps in
document understanding using machine learning by explicitly modeling both tex-
tual content and two-dimensional layout information for capturing table content.
The original LayoutLM, introduced by Xu et al. in 2020 [3], proposed combining
text alongside coordinates of bounding boxes in pretraining enabling the encoding
of semantics and spatial relationships. The introduction of LayoutLMv2 (Xu et al.,
2021 [4]) further extended the architecture with multimodal pretraining that fused
text, layout, and image embeddings, allowing for more robust cross-modal inter-
actions and higher accuracy in visually-rich document tasks. The latest version,
LayoutLMv3 (Huang et al., 2022 [5]), further unified the training process by adopt-
ing joint text and image masking strategies within a single pretraining framework.
This variant can also perform Question-Answering tasks. These models provide
great accuracy in layout understanding and introduce question-answering tasks,
but they require large annotated datasets for fine-tuning.

e Donut: Donut (Document Understanding Transformer), introduced by Kim et
al. in 2022 [6], is an OCR-free document understanding transformer. It directly
processes raw document images without the need of OCR as a pre-process step,
reducing error propagation from early extraction and allowing Donut to handle
multilingual and noisy scanned documents more effectively. Donut represented
a shift towards fully end-to-end document understanding pipelines. Despite its
benefits, this models still needs a vast amount of training data for pre-training
and cannot be used in zero-shot scenarios.

e DocFormer: DocFormer, proposed by Appalaraju et al. in 2021 [7], introduced
a multimodal transformer architecture for end-to-end document understanding.
Unlike earlier models that incorporated visual and layout features in a limited
way, DocFormer employs a multimodal self-attention mechanism that mixes text,
two-dimensional layout coordinates, and image embeddings at every layer of the
transformer. This results in better understanding of the relationships between
simple text, tables and in general, structural components in a document. Even
though it achieves state-of-the-art performance on several tests, this model requires
a large training dataset for task-specific finetuning and it is computationally heavy.

e Complex Data Extraction using Document Intelligence and RAG: A re-
cent solution, proposed by Microsoft, combines Document Intelligence (DI) with
retrieval-augmented generation (RAG) to address complex data extraction from
heterogeneous documents, such as tax forms [8]. In this approach, DI is employed



to capture document layout, tables, and style information, while semantic chunk-
ing and vector-based retrieval ensure that only relevant portions of the document
are passed to a large language model. The LLM is then prompted with both
textual and layout/style metadata, allowing it to infer structured values, even in
documents with diverse templates and formatting. This framework demonstrates
the benefits of enriching retrieval with layout-aware and stylistic cues, signifi-
cantly improving accuracy in form-like documents. However, it should be noted
that Microsoft’s Document Intelligence is not an open-source software, but it is
integrated into the Azure ecosystem. As a result, API calls necessary imply that
local execution is not possible.

1.4 Innovation and Contribution

The solution proposed in this thesis combines recent advances in LLMs and retrieval-
based architectures (like RAG and its variants) to build a domain-agnostic, layout-
agnostic pipeline for extracting key information from input PDF files.

The key innovations of this work include:

e Domain-agnostic extraction: Unlike regex or template-based systems that are
sensitive to the format and the domain of the PDF, the Large Language Model
(LLM)-based retrieval pipeline that is proposed can normalize and extract values
across a wide range of document formats and domains — not just soil reports.

e Handling unstructured and scanned PDFs: Through the use of OCR and
intelligent post-processing (that fixes extraction mistakes), the system can handle
not only digital PDFs, but also image-based reports.

e Multi-step pipeline architecture: The proposed system leverages multiple
stages — including text extraction, LLM-based correction and translation (Greek
to English), and embedding-based retrieval, among others, to ensure accuracy and
scalability.

e Zero-shot invocation: The presented pipeline does not require fine-tuning on
domain-specific data. It can be deployed and immediately executed in any domain
without additional instructions.

e Local execution: The pipeline is designed to run entirely on local infrastructure
without reliance on external cloud services. This ensures data privacy, reduces
dependency on third-party providers, and allows deployment in environments with
restricted or offline access.

These contributions address the shortcomings of existing approaches and aim to build
a generalized, domain-agnostic extraction pipeline for input PDFs. The performance of
the proposed system is evaluated across multiple dimensions, including execution time,
extraction accuracy, translation quality, retrieval relevance, and generalization ability.

1.5 Thesis Outline

The thesis is structured into five discrete chapters:



Chapter 2 contains all the theoretical background that is necessary for the de-
scription of the components that were tested. It includes both theory behind the
technologies and available frameworks, as well as tools that deploy these technolo-
gies in real code.

Chapter 3 describes all the components, such as text postprocessing, translation,
retrieval methods, and agents, that were constructed and used in the experiments.
It also presents the different architectures, in which these components were inte-
grated.

Chapter 4 presents all the experiments conducted in this thesis. It is divided into
two parts. The first part focuses on foundational experiments with soil analysis re-
ports, evaluating the impact of postprocessing, translation, and different retrieval
methods. The second part extends the evaluation to domain-agnostic PDF's using
a multi-agent architecture, in order to assess the generalizability of the proposed
approaches.

Chapter 5 presents a summary of the research conducted in this thesis, along
with a discussion of the limitations of the proposed pipelines. It also highlights
topics that indicate the need for further investigation and development in future
research.



2 Theoretical Background

2.1 Soil Analysis Reports

Soil analysis is a fundamental process in agricultural and environmental science, provid-
ing essential information about the composition, fertility, and physicochemical proper-
ties of the soil. These reports are commonly used as indicators of the soil requirements
and support in the proper nutrient replenishment, ensuring optimal conditions for crop
growth and yield.

Soil analysis reports are typically provided in PDF format and include both struc-
tured and unstructured data, such as tables of chemical and physical properties, free-text
comments, measurement units, and occasionally hand-written annotations or scanned
pages. This variation in format introduces unique challenges for automated processing
and digital understanding.

2.2 Challenges in Working with Soil Reports

Working with soil analysis reports involves several domain-specific and technical chal-
lenges. These include:

e Language complexity: Reports are written in Greek, often with domain-specific
terminology and abbreviations that complicate translation and parsing.

e Format inconsistency: There is significant variability in structure from one
report to another, as each laboratory follows a unique format. Some documents
include clearly defined tables, while others may present data in semi-structured
or narrative form. In many cases, a combination of both formats may be used.

e Low-quality scans and OCR noise: Reports are frequently digitized through
scanning, resulting in image-based PDF's, where OCR practices need to be imple-
mented. This introduces potential errors in character recognition, especially when
dealing with tabular data or handwritten elements.

e Multimodal content: Reports may include a combination of text, tables, im-
ages, and graphical data, requiring flexible extraction techniques.

e Unit and format variation: Measurement values may be expressed in different
units, number formats (e.g., decimal commas), or inconsistent column alignments.

These challenges highlight the need for a robust and flexible processing pipeline that
can accurately extract, normalize, and interpret the contents of soil analysis documents
in a scalable way.

2.3 PDF Text Extraction Techniques

Extracting text from PDF files is a non-trivial task, especially when dealing with scien-
tific or semi-structured documents like soil analysis reports, invoices, blood test results,
etc. The PDF format was designed primarily for accurate visual rendering, not for se-
mantic clarity. As a result, document structure (e.g., tables, paragraphs, or headings) is
not explicitly encoded, which presents significant challenges for automated processing.



A variety of text extraction libraries are available. While these tools have their
strengths, most of them either fail to preserve the original layout or struggle with accu-
rately identifying structured elements, like tables, and correctly extract their elements.

In this thesis, these libraries were selected based on their superior ability to preserve
formatting and extract structured content as reliably as possible:

e pdfPlumber [9]: A powerful Python library designed for precise extraction of
content from PDF files. It is especially effective at identifying and extracting
content from tables.

e unstructured.partition [10]: A high-level library designed to segment docu-
ments into logical blocks.

e PyMuPDF (also known as fitz) [11] : A lightweight PDF and image processing
library that enables word- and block-level text extraction while preserving layout.

e Docling [12]: A high-level wrapper around pdfminer.six focused on extracting
semantically structured text with improved reading order and minimal layout
distortion.

Although these tools perform well, further post-processing is often required due to
inconsistencies in real-world documents. This includes:

e Reconstructing broken or multiline table rows.
e Merging fragmented or disordered text blocks.
e Aligning headers with the correct data values.
e Correcting cases where two or more words have been merged during extraction.

For that purpose, the output of the extraction libraries is then passed to a language
model for further normalization and structuring. This multi-step pipeline maximizes
the fidelity of the extracted information and ensures robust performance in subsequent
tasks, such as translation and semantic retrieval.

2.4 Optical Character Recognition (OCR)

Many files are only available as scanned documents, saved as image-based PDFs without
an embedded text layer. This makes direct text extraction impossible using standard
tools (like the previously mentioned libraries). In such cases, Optical Character Recogni-
tion (OCR) is required to convert the visual representation of text into machine-readable
form.

However, OCR support for Greek text is limited compared to more widely spoken
languages, such as English. Only a few OCR libraries provide reliable recognition for
Greek characters, which narrows the options available for high-quality extraction in this
language.

For this purpose, the library OCRmyPDF [13] was used. Unlike traditional OCR
tools that return raw text, OCRmyPDF enhances the original PDF by embedding the
recognized text directly into the file as a hidden layer. This process effectively transforms
image-only PDF's into searchable PDFs, enabling downstream tools to treat them as if
they were originally digitally generated.

Internally, OCRmyPDF leverages the Tesseract OCR engine, performing the follow-
ing operations:



e Firstly, for each page, it figures out the best colorspace and resolution (DPI)
to ensure that, when it converts the page into an image, no information is lost.
Colorspace is a way of organizing and representing colors using a set of numerical
values (vector graphics). It is determined based on the pages content. For exam-
ple, for an only black-and-white text, the monochrome colorspace will be selected,
meanwhile, the presence of colorful photos and diagrams will lead to the selection
of a full-color colorspace.

e [t rasterizes each page of the input PDF. Rasterization takes the mathematical
data from the vector graphic and converts it into a grid of colored pixels. This
process transforms scalable vector elements, such as text and diagrams, into a
fixed-resolution bitmap representation.

e Tesseract processes each rasterized page and detects text regions.
e The recognized text is stored as an invisible layer behind the original image.

e The resulting PDF maintains the original layout and appearance, but is now
searchable and selectable, just like a native one.

After this transformation, the enhanced PDFs are passed to the same extraction
pipeline described previously (i.e., using pdfPlumber). These tools can now operate as
if the document was natively digital, allowing reliable extraction of structured content
such as tables and narrative blocks.

This OCR-enhanced pre-processing step is crucial for ensuring consistency and ro-
bustness, when dealing with heterogeneous datasets that include both native and scanned
documents.

2.5 Large Language Models (LLMs)

Large Language Models (LLMs) are a class of deep learning models trained on im-
mense amounts of data, making them capable of understanding and generating natural
language and other types of content. They have become foundational components in
modern Natural Language Processing (NLP) tasks due to their ability to generate fluent
text, follow instructions, and generalize across domains. Their architecture is primarily
based on the Transformer [14], a neural network model introduced by Vaswani et al. in
2017.

2.5.1 Neural Networks for Language Modeling

At their core, LLMs are built upon artificial neural networks — specifically, deep learn-
ing architectures composed of multiple layers of linear transformations and nonlinear
activations. Unlike traditional rule-based systems, neural networks learn statistical
patterns from massive corpora of input data. This process is called training and is
responsible for tuning the neural network’s parameters (weights and biases) to achieve
the best possible model output to the user’s input queries.

Early models, such as Recurrent Neural Network (RNN) [15] and Long Short-Term
Memory (LSTM) [16] networks, were designed to process sequences token by token,
maintaining a hidden state to capture contextual information. While RNNs struggled
with vanishing gradients during training, LSTMs introduced gating mechanisms to bet-
ter preserve long-term dependencies. Despite these improvements, both architectures



suffer from limited parallelism and difficulty modeling long-range relationships due to
the short reference window, which resulted in limited accuracy, long execution time,
and ultimately led to the adoption of the Transformer architecture.

2.5.2 Tokenization and Input Representation

Before input can be processed by an LLM, it must first be broken down into individual
units called tokens. Tokens can be words, subwords, or characters depending on the
model’s individual tokenizing rules.

Popular tokenization methods include:

e Byte-Pair Encoding (BPE)
A subword tokenization algorithm that iteratively merges the most frequent pairs

of characters or subwords. It allows the model to efficiently handle rare and
compound words. BPE is used in models like GPT-2 and RoBERTa.

e WordPiece
Similarly to BPE, WordPiece merges based on maximizing the likelihood of the
training data. It breaks rare words into subword units, often marked with a prefix
like ##. It is used in BERT and related models.

e SentencePiece
SentencePiece tokenizes raw text as a sequence of characters or bytes, independent
of whitespace. It supports both BPE and unigram models. It is suitable for
multilingual use and is being used in models like T5, XLNet, and LLaMA.

2.5.3 The Transformer’s Advancements

The key advancements of the transformer architecture in comparison with previous ones
are:

e Parallelization and Faster Training: The key problem with RNNs and LSTMs
is that both of these architectures need to process the input tokens in sequence,
one token after the other. As a result, parallelization strategies cannot be imple-
mented. On the other hand, transformers use a self-attention mechanism that
allows them to process all tokens in a sequence simultaneously. This enables them
to take advantage of modern hardware like GPUs, drastically reducing training
time and making it feasible to train on large datasets.

e Better Understanding of Long-Range Dependencies: The sequential pro-
cessing of both RNNs and LSTMs creates another weakness, the vanishing gra-
dient problem. Information found earlier in the input text diminishes as it has
to be passed through many steps to reach the end. Transformers’ self-attention
mechanism solves this by directly linking every word in the input query to ev-
ery other word in the sequence. This allows the model to instantly recognize the
dependencies between all words, regardless of their position, which is critical for
tasks, like understanding the context of a word in a long document.

e Superior Performance on Modern NLP Tasks: The previous strengths lead
the Transformers to achieve state-of-the-art results across a wide range of NLP
tasks, including machine translation, text summarization, and question answering.



2.5.4 The Transformer Architecture

The Transformer [14] is the foundation of nearly all modern LLMs. It is composed of
encoder and decoder blocks, though most language models today (like GPT, LLaMA,
Qwen) use only the decoder part for text generation.

The Transformer architecture, as shown in Figure 1, consists of the following key com-
ponents:

e Embedding: Each token in the sentence is converted to an independent vector
which contains information about its meaning and its position in the text. This
step is necessary, since machine learning systems can only deal with numbers.
Positional encoding is crucial, since transformers processes all tokens at once and
have no inherent sense of word order.

e Multi-Head Self-Attention: This mechanism allows the model to weigh the
importance of each token in a sequence relative to all others, regardless of position.
Multiple attention heads operate in parallel, each learning different relationships.

e Feed-Forward Network (FFN): A position-wise fully connected network that
processes the output of the attention mechanism.

e Residual Connections: These connections help preserve gradient flow during
training, addressing the vanishing gradient problem.

e Layer Normalization: Applied after each sub-layer to stabilize and accelerate
training.

e Softmax: This function converts a vector of numbers into a probability distri-
bution over all possible words in the vocabulary. The word with the highest
probability is the one that is selected as the model’s prediction for the next word
in the sequence.
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Figure 1: Overview of the Transformer architecture, including multi-head self-attention,
feedforward layers, and residual connections. Adapted from Vaswani et al. (2017).

2.5.5 Self-Attention Mechanism

The self-attention mechanism is the key component of the Transformer architecture,
enabling the model to capture contextual relationships between the tokens in a given
sequence. It allows the network to attend to all positions in the input simultaneously,
regardless of their relative distance.

For each input token, three distinct vectors are computed through learned linear
transformations:

e Query (Q): Encodes the token used to query other tokens.
e Key (K): Encodes how relevant each token is when queried.

e Value (V): Contains the actual information to be aggregated.

For a sequence of n tokens, the model computes a Query, Key, and Value vector
for each token. These are typically packed into matrices Q@ € R™ % K € R"*% and
V € R4 where d), and d, are the dimensions of the key and value vectors, respectively.

The attention weights are computed by taking the scaled dot-product between each
query and all keys:

. OKT
Attention(Q, K, V') = softmax 1%
Vg,
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The dot product QKT € R™" produces a matrix of similarity scores between all pairs
of tokens. These scores are scaled by 1/dj to prevent large values that would lead to
vanishing gradients, when passed through the softmax function. The softmax function
converts the scores into normalized attention weights, indicating the importance of each
token relative to the current one.

These weights are then applied to the corresponding value vectors, resulting in a
weighted sum that reflects the contextualized representation of each token. This process
allows every token to include information from the entire input query.

Each token is mapped to a unique integer index. These indices are then embedded
into high-dimensional vectors using learned embedding matrices. Positional encodings
are added to these embeddings to provide information about the order of tokens in the
sequence.

2.5.6 Pretraining and Fine-Tuning

LLMs are typically pretrained on massive corpora using unsupervised objectives (unla-
beled data) such as:

e Causal Language Modeling (CLM): Predicting the next token in a left-to-
right fashion (e.g., GPT-style).

e Masked Language Modeling (MLM): Predicting randomly masked tokens
within a sequence (e.g., BERT-style).

This process typically produces base models. Therefore, these base models can
be fine-tuned on particular tasks (e.g., question answering, summarization), domain-
specific data, or instructed through prompting (few-shot or zero-shot prompting).

2.5.7 Scaling Laws and Emergent Behavior

Research in LLMs has demonstrated that the model’s performance and accuracy improve
as the size of it increases. This phenomenon, known as scaling laws, relates three key
factors:

e Model size (number of parameters)
e Training dataset size

e Compute budget (e.g., GPU time)

Model Size and Parameters The size of a model is computed by its number of
trainable parameters, the parameters of the neural network, typically measured in
millions or billions. These parameters include the weights and biases of all linear trans-
formations (e.g., in attention layers, feedforward networks, embedding layers, etc.). In
transformer-based models, each attention head, feedforward layer, and layer normaliza-
tion contribute to the total amount of these parameters.

For example:

e GPT-2: ~1.5 Billion parameters

e GPT-3: 175 Billion parameters
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e LLaMA 2: 7, 13, and 65 Billion variants

e Qwen 2.5: up to 72 Billion parameters

As the number of parameters increases, the model becomes more capable of repre-
senting more complex patterns, relationships, and abstractions within language data.
Diminishing Returns and Trade-offs Although performance improves with scale,

it does not do so indefinitely. Larger models:

e require exponentially more computational resources in order to perform inference
on the input queries.

e are harder to deploy and fine-tune locally due to the large computational resources
that they require.

Nevertheless, scaling remains a powerful strategy in LLM development, and contin-
ues to guide the design of new architectures.

2.5.8 Model Quantization

Quantization [17], [18] is a technique used to reduce the size and memory requirements
of LLMs by representing model weights with lower numerical precision. Instead of using
standard 16-bit or 32-bit floating-point values (FP16 or FP32), quantized models use
8-bit integers (INTS), 4-bit formats (e.g., Q4 0, Q4 K), or other compact representa-
tions.

Purpose and Benefits The main goals of quantization are:

e Reduced memory requirements: Enables large models (e.g., 7 or 13 Billion
parameters) to run on smaller GPUs or CPUs.

e Faster inference: Smaller models lead to improved latency, especially when
dealing with limited hardware resources.

e Lower power consumption: Useful in edge devices or low-resource environ-

ments.

Trade-offs While quantization significantly improves efficiency and execution time, it
may lead to a slight reduction in model accuracy due to reduced numerical precision.
However, modern quantization strategies can preserve most of the model’s performance,
while drastically improving usability.

Quantized models are especially useful in local LLM environments, where they enable
deployment of high-parameter-count models on limited hardware.

2.5.9 Transformer-based Models

Many state-of-the-art LLMs today are based on the Transformer decoder-only architec-
ture. Some widely used models include:

e GPT (OpenAlI)
e LLaMA (Meta)
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e Qwen (Alibaba)

e Mistral and Mixtral (Mistral.ai)

Each model is trained with variations in architecture, tokenizer design and training
objectives, but all have the Transformer architecture as a base foundation.

2.5.10 Model Temperature and Output Diversity

One important hyperparameter in language generation tasks is the temperature, which
influences the randomness of the model’s predictions. Temperature values range from 0
to 1, with:

e low values (e.g., 0.1-0.3) producing more deterministic and focused outputs.

e high values (e.g., 0.7-1.0) yielding more diverse, creative, or exploratory results.

In the context of this thesis, low temperatures are typically preferred in stages such
as table correction, extraction, and translation — where factual consistency and repro-
ducibility are critical.

2.5.11 Multilingual Models and Language Biases

While many LLMs support multiple languages, their performance often varies substan-
tially, depending on the source of their training data. English, being the dominant
language in most pretraining data, receives the highest model attention and, as a result,
yields the most reliable performance.

Although multilingual LLMs aim to generalize across languages, they still show
uneven quality, when dealing with specialized domains and terminology in underrep-
resented languages like Greek. For this reason, this thesis implements a structured
translation step from Greek to English, before applying retrieval tasks.

2.6 Agents in LLM Workflows

In modern LLM-based systems, agents [19] are autonomous or semi-autonomous com-
ponents that combine a language model with specific instructions to complete a well-
defined task. Each agent operates based on a structured prompt and typically performs
a single role within a broader multi-step pipeline. Unlike basic prompt-based LLM
calls, which perform a single task based on a static instruction, agents are modular
components designed for reuse and composition within larger workflows. They encap-
sulate a specific role, maintain stricter prompt structures, and are often chained with
other agents to enable multi-step reasoning. This architectural separation encourages
interpretability, robustness, and easier debugging in complex pipelines.
Agents follow a simple cycle:

e Receive input: A text chunk or context relevant to a specific task alongside a
prompt that includes all the instructions and guidelines that the agent needs to
follow.

e Execute reasoning: The agent executes the prompt’s instruction steps in the
input data.
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e Produce output: A structured, often JSON-formatted, result based on the task
specification.

In this thesis, agents are not limited to structured prompt execution alone; they also
integrate fixed Python logic as part of their operation. Each agent is implemented with
a clearly defined role and executes a combination of LLM-based reasoning and determin-
istic Python functions. These functions are not optional tool calls triggered dynamically
by the model, but are instead invoked as mandatory processing steps within the agent’s
logic. This design ensures predictable behavior and allows for hybrid workflows that
combine the generative capabilities of LLMs with the precision and control of tradi-
tional programming.

Multi-Agent Workflows : [20]| For executing more complex tasks, multiple agents can
be combined to form multi-agent workflows, where each agent contributes a specialized
capability and passes intermediate outputs to the next step. This architectural style
enables complex pipelines that are easier to scale, maintain, and adapt to new domains.

Benefits of Agent-Based Design

e Encourages separation of tasks that leads to increased accuracy and easier de-
bugging. LLMs often perform better, when they are assigned with specific and
distinct tasks.

e Enables modular reuse in other pipelines or domains.

2.7 Translation from Greek to English

One of the core components of processing Greek PDF documents is the translation
of Greek-language documents into English. This step is essential in order to take full
advantage of the capabilities of LLMs, many of which are trained primarily on English
data and achieve their best performance when operating in English texts.

2.7.1 Challenges in Domain-Specific Translation

Translation of Greek documents, like soil analysis reports, invoices and blood test results,
presents unique challenges not typically encountered in general-purpose text translation:

77

e Technical terminology: Words like “avtidpact eddpouc”, “ayoyyudtnTa’, or “xopecuevn
ndota” have specific scientific meanings. General-purpose translation APIs may
incorrectly map them to misleading English terms.

e Measurement units and context sensitivity: Words like “dS/m”, “mg/kg”, or
“meq/100g” are context-sensitive and need to be preserved precisely. Misplacement
or conversion can lead to distortion of the results.

2.7.2 Neural machine translation systems

In addition to commercial services, several open-source neural machine translation sys-
tems have been developed and are widely used in research and practice. Two represen-
tative examples relevant to Greek—English translation are the Helsinki-NLP Opus-MT
models and Facebook’s M2M-100 model.
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Helsinki-NLP Opus-MT |21, 22, 23] The Opus-MT models are part of the OPUS
project and are based on the Marian neural machine translation framework. They are
trained on large-scale parallel corpora collected from the OPUS repository, covering
many language pairs including Greek-English. These models are lightweight and opti-
mized for efficient deployment, making them suitable for local translation tasks.

Facebook M2M-100 [24, 25| The M2M-100 model, developed by Facebook Al, is
the first fully multilingual neural machine translation system trained to support direct
translation across 100 languages. Unlike traditional approaches that rely on English
as an intermediate pivot, M2M-100 is trained on large multilingual corpora to perform
direct translations between any two supported languages, including low-resource pairs,
such as Greek—English.

2.7.3 LLM-Based Translation with Domain Awareness

To overcome the limitations of generic translation tools, LLMs were used to perform
domain-aware translation. These models can be prompted in order to handle:

e preservation of domain specific terminology.
e consistent rendering of measurement units and abbreviations.

e table-aware translation using row-by-row structure.

2.8 Full-Context Prompting

In full-context prompting, the entire document’s content is passed directly into the input
prompt of the LLM alongside the user’s question. The model is expected to process all
the information in context and generate a relevant answer to the user’s input.

2.8.1 Advantages of Full-Context Prompting

e Simplicity: Easy to implement without retrieval systems or indexes.

e Context awareness: The model has access to the complete document, enabling
it to understand relationships between entities and create a response relevant to
the whole document.

e Effective for small documents: Performs well and has low execution time,
when the input document is short enough to fit within the model’s context window.

2.8.2 Limitations

Despite its simplicity, full-context prompting has critical scalability limitations:

e Token limits: Most LLMs have fixed context windows (e.g., 4K, 8K, or 32K
tokens). Documents that surpass this length cannot be fully passed to the model.

e Context dilution: As the input of the model rises, the harder it becomes for
the model to focus on the relevant parts, reducing answer quality and leading to
hallucinations.
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e Redundancy: Repeating the entire context for each query is inefficient and un-
necessary, when only parts of the document are relevant to each input query.

These limitations motivate the use of more efficient retrieval methods like RAG
where only the most relevant sections of the document are dynamically selected and
passed to the model.

2.9 Embeddings and Vector Databases

In order to overcome the limitations of full-context prompting, more efficient retrieval
strategies are required, especially when dealing with long documents. One of the core
components enabling such strategies is the use of text embeddings.

2.9.1 What Are Embeddings?

Embeddings are high-dimensional vector representations of text. Each sentence, para-
graph, or document is mapped to a vector in a continuous vector space, where semantic
similarity corresponds to geometric closeness. Texts with similar meaning will have
embedding vectors that are close in terms of cosine similarity or Euclidean distance.

These vectors are generated using pretrained or fine-tuned neural networks, typically
Transformer-based models trained specifically for embedding tasks. Embeddings can
capture context, word order, and semantics.

2.9.2 Types of Embedding Models

There are several classes of embedding models, including;:

e General-purpose embedding models: such as al1-MinilM, sentence-transformers,
or BGE-m3, trained to represent sentence-level meaning across domains.

e Multilingual embeddings: capable of embedding text in multiple languages.

2.9.3 Chunking and Indexing Strategy

Since LLMs cannot process entire documents at once due to limited reference window,
each document is first split into smaller segments, or chunks. Common strategies
include:

e Fixed-size token windows (e.g., 256 or 512 tokens per chunk)

e Sentence or paragraph boundaries

Content-aware chunking (e.g context in markdown format) that uses the docu-
ment’s internal formatting to define boundaries

Overlapping windows to preserve continuity

Custom chunking techniques
Each chunk is passed through the embedding model, converted into a vector and

then stored in a vector database, where it can be indexed and retrieved based on
different similarity techniques.
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2.9.4 Vector Databases and Similarity Search

A vector database stores embeddings and provides efficient similarity-based retrieval.
Given the input query (also embedded into a vector), the database returns the most
similar chunks from the indexed documents.

Popular vector database options include:

e ChromaDB: Lightweight and Python-native, well suited for local experimenta-
tion.

e FAISS (Facebook AI Similarity Search): High-performance and widely used
in research.

The combination of semantic embeddings and vector search enables the retrieval of
the most relevant document’s chunks. As a result, the model processes only valuable
information, leading to a significantly smaller input. This approach forms the base of
the Retrieval-Augmented Generation (RAG) pipeline.

To simplify integration with LLM-based pipelines, higher-level retrieval abstractions,
such as VectorStoreIndex, were also used in this thesis. This component facilitates
indexing, chunk management, and similarity querying on top of the underlying vector
store.

2.10 Retrieval-Augmented Generation (RAG)

Retrieval-Augmented Generation (RAG) [26], [27] is a hybrid architecture that combines
the strengths of information retrieval and large language models (LLMs) to answer
questions or perform reasoning over large input data. Unlike Full-Context Prompting,
which struggles with large inputs that come from big documents, RAG retrieves and
ingests only the most relevant chunks of a document into the model’s prompt.

2.10.1 Core Architecture

RAG is composed of two primary components:

e Retriever: Uses a vector database to retrieve the most relevant document chunks
based on the user’s query. This is achieved through semantic similarity using
embeddings and techniques like cosine similarity.

e Generator: A language model (e.g., Qwen2.5, LLaMA 3.1) that takes both the
user query and the retrieved context (returned from the retriever) as input and
produces a coherent, context-aware response.

This architecture allows the system to scale to long or multi-document input data
by decoupling content storage from generation.

2.10.2 Theoretical Motivation

The core motivation behind RAG stems from two fundamental limitations of LLMs:

1. Limited context window: LLMs have a maximum token limit that constrains
the amount of input they can process. RAG addresses this by retrieving only the
most relevant parts of a large input, allowing the model to operate effectively even
on documents that exceed its native context capacity.
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2. Static training data: LLMs are pretrained on fixed datasets and cannot access
new or evolving information after training. RAG introduces an external source
on new information that can be used in order to enhance the model’s output
by enabling access to up-to-date or domain-specific knowledge without requiring
model retraining.

This augmentation of both memory and adaptability allows LLMs to generalize
better, respond with increased accuracy, and be extended to use cases that demand
real-time or long-range information access.

2.11 LangChain Framework

To implement the architectures and workflows described above — including document
chunking, embedding, retrieval, and generation — modular frameworks are required to
manage interactions between components. One such framework is LangChain [28],
a Python-based toolkit designed for constructing applications that use large language
models (LLMs).

2.11.1 Purpose and Capabilities

LangChain simplifies the development of LLM-based applications by providing high-
level abstractions for:

e Prompt engineering: Structured and dynamic prompt templates for consistent
model behavior.

e Chaining: Sequential or conditional linking of model calls, memory, tools, and
logic steps.

e Retrieval: Native integration with vector databases and support for RAG-style
pipelines.

e Agents and tools: Creation of tool-using agents that can be connected with
python functions in order to execute tasks.

e Model integration: Provided interfaces for calling local or cloud-hosted language
models.

Chaining A core abstraction in LangChain is the concept of chains. Chains are
structured workflows in which multiple operations are composed to transform an input
into a desired output.

LangChain supports several types of chains:

e Simple chains: Chains that involve only one-step flows that apply a prompt
template to the model’s input and return a model-generated response.

e Sequential chains: Linear pipelines in which each step’s output becomes the
next step’s input.

e Conditional chains: Chains with branching logic based on the model’s outputs.
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Chains are used to construct a combined prompt, invoking the model, and pars-
ing the output. Chaining improves modularity, code reuse, and the composability of
components in complex workflows.

These components allow for building flexible, composable systems that integrate
language models with search, summarization, and reasoning capabilities.

2.11.2 Relevance to Augmented Generation Architectures

LangChain is particularly suited for implementing RAG workflows. It provides built-in
support for document loaders, text splitters, embedding pipelines, vector store con-
nections, and retriever—generator interfaces. These modular components allow rapid
experimentation with different chunking strategies, embedding models, and prompt
configurations.

2.12 Llamalndex Framework

Llamalndex [29] is a high-level framework designed to simplify the process of con-
necting large language models (LLMs) to structured and unstructured data sources for
retrieval and generation tasks. It plays a central role in building Retrieval-Augmented
Generation (RAG) pipelines by offering modular components for document ingestion,
indexing and querying.

Core Capabilities:

e Document parsing and chunking: Support for splitting documents into se-
mantically meaningful chunks using sentence-based or token-based strategies.

e Vector indexing: Supports creation of vector stores through integrations with
external databases (e.g., ChromaDB, FAISS) or internal abstractions like VectorStoreIndex.

e Query engines: Supports various retrieval methods such as similarity search,
keyword filtering, or hybrid approaches, wrapped in a unified interface.

2.13 Ollama: Local Language Model Execution

To enable efficient and private inference with LLMs, especially in a local development
environment, this work utilizes Ollama [30] — a platform for running LLMs on local
machines with GPU acceleration and minimal configuration.

2.13.1 Purpose and Functionality

Ollama is an open-source tool that allows developers to download, run, and interact
with pre-trained language models on their own hardware. It provides a lightweight API
and command-line interface that supports:

e Model deployment: Easy downloading of a large set of models (e.g., quen,
llama, mistral, etc.) via simple terminal commands.

e Local inference: Execution of models on local CPUs or GPUs without requiring
cloud access or API keys.

e Hardware optimization: Ollama optimizes the utilization of the resources of
local machines depending on the requirements of the loaded model.
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2.13.2 Benefits of Local Execution
Using Ollama for local inference offers several key advantages:

e Data privacy: No user data or prompt content is transmitted to external servers
via API calls.

e Cost efficiency: Eliminates the need for pay-per-token or subscription-based
API services.

e Offline compatibility: Models can be used entirely without internet access once
downloaded.
2.13.3 Integration with LangChain and Embedding Pipelines

Ollama exposes a simple API that is fully compatible with LangChain’s LLM and ChatModel
interfaces. This allows it to function as the generator component in RAG and simple
inference pipelines. It also supports running custom prompts, translation tasks, sum-
marization, and few-shot reasoning directly within a reproducible local environment.

2.14 HuggingFace Transformers
An alternative to Ollama for working with LLMs locally is the HuggingFace Trans-

formers ecosystem. HuggingFace [31] provides one of the most extensive open-source
repositories of pretrained language models, including architectures such as BERT, GPT-2,
T5, LLaMA, Mistral, and many more.

2.14.1 Model Variety and Customization

HuggingFace offers a significantly broader range of models compared to Ollama, span-
ning multiple domains, languages, sizes, and pretraining objectives. It also provides
advanced tools for:

e Fine-tuning on custom datasets

e Quantization

e Adapter-based training (e.g., LoRA)

e Tokenizer customization and pretraining from scratch

This makes it a powerful platform for research, experimentation, and production-
grade deployment.
2.14.2 Flexibility vs Simplicity

Despite its flexibility, the HuggingFace ecosystem is generally more complex to set up.
Running models often requires:

e Manual installation of model weights and tokenizers
e Hardware configuration (e.g., CUDA, device mapping)

As a result, while HuggingFace is ideal for advanced customization and large-scale
experimentation, it is less plug-and-play than Ollama, which automates the setup of the
models.
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2.15 System Specifications and Models Used

The development and experimentation conducted in this thesis were carried out on a
high-performance local machine, configured to support efficient inference and processing
of large language models (LLMs). The following hardware and software specifications
define the environment in which all workflows were implemented:

2.15.1 System Specifications
e Operating System: Ubuntu 24.04 LTS (Kernel 6.8.0)

e CPU: Intel 12th Gen Core 19-12900, 24 threads
e RAM: 125 GiB DDRA4
e GPU: NVIDIA GeForce RTX 3090, 24 GiB VRAM

This configuration allows for the local execution of both embedding and genera-
tion models using quantized formats, while maintaining fast retrieval and low inference
latency.

2.15.2 Language Models Used

To support document processing, summarization, translation, and retrieval-augmented
generation, the following LLMs were utilized:

e Qwen2.5 [32]: Used for generation and translation tasks. These models offer
high reasoning capabilities and were deployed locally using quantized variants via
Ollama.

e LLaMA 3.1 [33]: Used for baseline testing and local comparisons; selected for
its balance between performance and resource usage.

e Llama - Krikri [34]: Used for testing in translation from Greek to English.
Trained in both Greek and English dataset.

2.15.3 Embedding Models Used

Multiple embedding models were evaluated to support semantic retrieval across trans-
lated and original Greek-language documents. The selection aimed to balance perfor-
mance, multilingual compatibility, and local inference efficiency.

e sentence-transformers/all-mpnet-base-v2 [35]: A widely used, general-purpose
English sentence embedding model. It served as the primary embedding model
for translated documents.

e all-MiniLM-L6-v2 [36]: A lightweight variant from the SentenceTransformers
family, tested for efficiency comparisons in low-resource setups.

e dimitriz/st-greek-media-bert-base-uncased [37]: A Greek-specific sentence
embedding model, evaluated for directly handling Greek documents without trans-
lation. Its performance was useful for comparison between the accuracy of the
retrieval on the raw Greek docs versus the translated English equivalents.
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All embeddings were generated using the HuggingFace Transformers and Sentence-
Transformers libraries and integrated with the retrieval pipeline via vector databases
such as ChromaDB.
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3 Methodology

3.1 Description Of Components
3.1.1 Text Postprocessing Module

Motivation and Purpose As previously mentioned, text extraction from PDF doc-
uments is a non-trivial task. Inconsistent formatting, structured data, and even scanned
documents make this procedure quite challenging. Text extraction libraries, like Pdf-
Plumber, Unstructured Partition, etc., often make mistakes in the entities extraction
(broken tables, wrong formatting, etc.). The issue is even bigger in scanned documents,
which require OCR, as pre-processing step. To address these limitations, a post process
module has been implemented.

System Design and Implementation The Post processing module follows the
workflow described below:

e Input: The input of this module is the raw output of the text extraction libraries
which contains text in Greek, English or event both languages.

e Chunking: The input text, needs to be split into smaller parts in order to fit the
model’s context window and achieve better results. For that purpose, SentenceS-
plitter library of Llamalndex (Section. 2.12) framework is used to split the text
into chunks based on sentence boundaries, ensuring that each segment remains
within the model’s token limit, while preserving contextual integrity.

e Model: The core component of this module is a LLM, which processes the in-
put chunks sequentially. Deterministic outputs are essential to ensure consistent
behavior across runs, enable reliable merging of processed chunks, and support
reproducible evaluation of the overall pipeline. In order to achieve this behavior,
the model’s temperature parameter is set to zero.

e Prompt: Instructions are provided through a structured prompt to the LLM. The
prompt instructs the model to correct OCR and parsing errors, reconstruct logical
structure (sections, tables, paragraphs), and apply consistent formatting using
Markdown syntax. It emphasizes precision, strict preservation of all technical
content (including Greek scientific terms and units), and avoids any hallucinated
or missing information.

e Output: After the processing of every document’s chunk, all outputs are merged
together. The result is a unified, cleaned and corrected text formatted in Mark-
down.

3.1.2 Translation Module

Motivation and Purpose In many occasions, the input PDFs contain text in Greek.
As previously discussed, LLMs tend to perform better when the input query is pro-
vided in English due to the predominance of English-language datasets used during
their training. While many translation solutions exist, such as cloud-based APIs (e.g.,
Google Translate) or local open source models (e.g., Helsinki-NLP 2.7.2, Facebook
M2M-100 2.7.2), they present certain limitations, such as data privacy control, limited
understanding of domain-specific terminology and inability to sustain input formatting
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in the output. The goal of the translation module is to tackle all these limitations by
providing a robust, private and domain-aware translation.

System Design and Implementation The translation module operates according
to the following workflow:

e Input: Receives in the input the Greek text.

e Chunking: Similarly with the Post-Process Section ( 3.1.1), the input text, needs
to be split into chunks. For that purpose, the SentenceSplitter library is used again
to split the text in chunks.

e Model: The central component of this module is a multilingual LLM capable of
translating text from Greek to English without altering the content’s format.

e Prompt: The multilingual LLM is guided by a prompt in order to perform trans-
lation of the technical document from Greek to English. The instructions em-
phasize precision, requiring the model to preserve original formatting, tables, and
numerical units, while avoiding any commentary or additions. This ensures that
the translated output remains faithful to the structure and content of the original
document.

e Output: After all document chunks are processed, the translated outputs are se-
quentially merged into a unified English version that preserves the original struc-
ture and formatting, rendered in Markdown.

3.1.3 Full Context Retrieval Component

Purpose The following component is implementing the Full Context Prompting.
In this approach, the entire content of the document is provided to the model’s input
alongside the user’s prompt. This approach leads the model to generate responses with
full contextual awareness, but faces significant challenges, as the length of the input
document increases and reaches the model’s context window.

Inputs

e documents: List of document objects, that contain the PDF’s content.

e prompts: A list of string prompts, defining the fields or values to be extracted
from the document, alongside instructions about the desired output format that
the LLM has to follow.

e model name: The name of the language model to be used for inference (e.g.,
llama3.1, Qwen2.5, etc.).
Tunable Parameters

e model: Specifies the language model used for inference. The choice of model
directly affects response quality, reasoning ability, and inference cost.

e temperature: Affects the randomness of the model’s output. Lower values (e.g.,
0.0) produce more deterministic and consistent results, while higher values increase
diversity.
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Processing Workflow

1. Initialize the LLM using the 011lamalLM wrapper with the given model name and
the desired temperature.

2. Concatenate the contents of all document objects into a single unified text block,
separated by line breaks.

3. For each prompt:
e Construct a complete query by appending the prompt to the full document

text.

e Invoke the LLM with the constructed prompt and clean the response (e.g.,
remove code fences).

e Attempt to parse the output into a dictionary using a robust JSON parser.

Output The component returns a dictionary containing all extracted key-value pairs,
aggregated across all prompts.

3.1.4 Classic RAG with VectorStorelndex

Purpose This component implements a classic Retrieval-Augmented Generation (RAG)
pipeline using VectorStoreIndex, a high-level abstraction that internally manages chunk-
ing, embedding, and indexing of documents. Instead of processing the entire document
at once, the text is divided into overlapping chunks and becomes embedded into a vector
space. Given a prompt, the most semantically relevant chunks are retrieved and passed
to the language model as context. This approach offers a balance between contextual
accuracy and scalability, particularly in multi-document or long-text scenarios.

Compared to low-level vector store solutions, like ChromaDB or FAISS, the VectorStor-
elndex provides a higher-level abstraction that builds on top of these backends, priori-
tizing ease of use and seamless integration within the Llamalndex framework (Section
2.12).
Inputs

e documents: A list of text document objects to be indexed and searched.

e prompts: A list of user-defined queries to guide retrieval and extraction.

e model name: The name of the language model used for inference.

e embedding model: The name of the sentence embedding model used for vec-

torization.

Tunable Parameters

e k (top-k retrieval): Defines the number of most relevant chunks to retrieve
for each query. A higher value increases the chance of including useful context
but may also introduce irrelevant information and increase the input leading to
reduced accuracy.

e model: Specifies the language model used for generating responses.
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temperature: As described previously, affects the randomness of the model’s
output.

embedding model: Controls how textual chunks are embedded into the vector
space. Different embedding models yield different semantic representations and
influence retrieval accuracy.

chunk size: Determines the length (in tokens) of each text chunk during docu-
ment preprocessing. Larger chunks preserve more context, but may increase the
input with irrelevant information.

chunk overlap: Specifies the number of overlapping tokens between consecu-
tive chunks. This helps maintain continuity and avoid missing context at chunk
boundaries.

Processing Workflow

1.

Initialize the embedding model via HuggingFaceEmbeddings, and load the LLM
using 0llamaLLM with a fixed temperature.

Configure global parameters (embedding model, LLM).

Split each document into overlapping chunks using SentenceSplitter.
Create the vector index using VectorStoreIndex.from_documents().
For each prompt:

e Retrieve the top-k most relevant chunks using semantic similarity and the
input embedding model.
e Combine the retrieved chunks with the prompt to form a complete query.

e Invoke the LLM and parse the output using a robust JSON parser.

e Merge valid outputs into a shared result dictionary.

Output A dictionary containing the aggregated key-value results extracted across all
prompts, based on semantically retrieved context chunks.

3.1.5 Chunk-Level Retrieval

Purpose This component performs targeted information extraction using prompts
generated for each individual text chunk. Each chunk is paired with one or more
prompts. This design combines the benefits of RAG-style retrieval (targeted context
for each field) and Full-Context Prompting, as the entire chunk—containing the field of
interest—is passed directly to the LLM as part of the input.

Inputs

e chunks: A list of text segments derived from the source document.

e prompts: A list of dictionaries, where each entry includes:

— chunk: The index of the chunk this prompt is associated with.
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— group: A group ID used to indicate the position of a field group within
a chunk. Since only a limited number of fields (e.g., 5) are included in
each prompt for readability and context fitting, multiple prompts may be
generated per chunk. The group index tracks which subset of fields the
prompt covers.

— prompt: A structured instruction for the language model, tailored to a spe-
cific field group.

Example:
{
"chunk": 3,
"group": 2,
"prompt": "You are an extractor agent. Extract the
following fields from the text..."
}

e model name: The name of the language model to be invoked for inference.

Tunable Parameters

e model: Specifies the language model used for generating responses.

e temperature: As described previously, affects the randomness of the model’s
output.

Processing Workflow

1. For each chunk:

e Identify and sort all prompts associated with that chunk.
e For each prompt:
— Combine the prompt with the chunk text.
— Invoke the language model with the combined input.
— Parse the model output using a relaxed JSON parser.
— Remove any fields with empty values.

— Merge valid outputs into a global result dictionary using a recursive
update function.

Output Returns a merged dictionary (combined_results) containing extracted key-
value pairs across all chunks and prompts.

3.1.6 Field Detection Agent

Purpose The Field Detection Agent is responsible for identifying which fields in a
document chunk are likely to contain extractable values. Its goal is to isolate short,
meaningful fields—such as numerical measurements, codes, names, and contact details—
that are suitable for later retrieval tasks. By filtering out non-informative or long-
text elements, this agent prepares a targeted set of fields for further processing and
extraction.
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Inputs
e chunks: Text segments derived from the original document.

e seen fields: Since the agent is limited to chunk level only, the previously extracted
fields from previous chunks are passed through the input for duplication checks.

e prompt: A structured instruction template that guides the agent to select useful
fields, with domain-specific rules for documents, like invoices or lab reports.

e model: A language model used to produce the responses.

Processing Workflow

1. Load the field detection prompt containing instructions and return format rules.
2. For each text chunk:

e Pass the chunk into the prompt, along with an explicit instruction to return
a well-formed JSON object.

e Invoke the LLM using temperature = 0.0 to ensure deterministic field lists.
e Capture and parse the returned JSON containing the predicted list of fields.

e After the processing of the chunk, it compares the extracted fields from this
chunk with fileds extracted from other chunks using regular expressions. If
one fields is already extracted previously, it is not included again.

Output A JSON object for each chunk with the format:

{
"fields": ["fieldl", "field2", ...]
X

3.1.7 Field Postprocessing Agent

Purpose The Field Postprocessing Agent acts as a validation and filtering layer, fol-
lowing initial field detection. Its role is to refine the list of candidate fields produced
by the Field Detection Agent (Section 3.1.6) by eliminating duplicates (synonyms are
not tracked by regular expressions), non-extractable entries, and unclear or ambiguous
fields. This step aims to improve the reliability and simplicity of the extraction process
by reducing the number of calls that the system needs to be executed for unnecessary
fields.

Inputs

e text chunk: The same document chunk originally passed to the Field Detection
Agent.

e potential fields: The output of the Field Detection Agent that consists of a list
of field names, to be validated and cleaned.

e prompt: A structured instruction that guides the agent to identify which fields
are semantically valid and practically extractable.

e model: A deterministic language model (temperature = 0.0) invoked to ensure
stable field filtering decisions.
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Processing Workflow

1. The text chunk and its corresponding list of potential fields are inserted into a
predefined validation prompt.

2. The prompt instructs the model to validate each field using the following criteria:

e Semantic duplication: Remove fields that are synonyms or variants of
earlier fields in the same list of the chunk’s fields.

e Presence in text: Remove fields whose values are not explicitly present or
clearly implied in the text.

e Value feasibility: Remove fields with values that are too complex, multi-
paragraph, or unstructured to extract reliably.

3. The agent returns a structured JSON response categorizing fields into:
e fields_to_keep: A list of valid fields to retain.

e fields_to_remove: A list of excluded fields, each with a justification.

Output A structured JSON object for each chunk:

{
"fields_to_keep": ["fieldl", "field2"],
"fields to_remove": [
{"name": "fieldX", "reason": "Brief justification for removal'}
]
X

3.1.8 Prompt Builder Agent

Purpose The Prompt Builder Agent is responsible for generating structured and
domain-aware prompts that are later used to guide the final extraction phase. Based
on the filtered field list, it creates a clear and well-structured prompt for the relevant
extraction method to follow. This ensures that all downstream extraction tasks follow
a consistent format and return JSON output.

Inputs
e Discovery JSON: A dictionary containing;:
— fields: A list of validated field names to be extracted from the document.

e prompt template: A prewritten instruction prompt defining schema rules, re-
sponse format, and extraction constraints.

e model: A deterministic language model (temperature = 0.0) used to guarantee
consistent and schema-compliant prompt generation.
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Processing Workflow

1. For each document chunk:

Retrieve the list of unique fields that were extracted by previous agents.

Group the fields into smaller batches of at most 5 fields each, to avoid overly
long or ambiguous prompts.

For each field group, construct a discovery JSON object with the following
structure:

{
"fields": ["Fieldl", "Field2", ..., "Field5"]

Inject the discovery JSON into the prompt template.

Send the final prompt to the LLM, which generates a structured instruction
prompt related to the fields.

Store the generated prompt in:

— An in-memory list of all prompts.

— A corresponding output text file named
prompt_builder_output_<chunk> <group>.txt.

Output A plain-text instruction string for each field group, formatted for extraction
use. Each prompt includes:

e A one-line description of the Extractor’s role.

The full JSON output schema with all field names.
Extraction rules covering value, unit, and method.
Handling instructions for missing values (use of empty strings).

An explicit requirement to return only valid JSON (no explanations, markdown,
or commentary).
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3.2 Architecture

3.2.1 Soil Analysis Architectures

In this section, different pipelines are evaluated for extracting values, units, and methods
from soil analysis PDFs. The experiments are conducted in two stages. First, the
pipelines are tested on small PDFs. Then, the best-performing pipeline is extended and
adapted for large PDFs using retrieval methods.

Configuration A: Base Extraction + Full Context Prompting
In the first configuration, the extracted text is used directly as input to the Full Context
Prompting approach described in Section 2.8.

Execution Flow

1. The text is extracted from the soil analysis PDF using a PDF extraction library
(e.g PdfPlumber, Partition etc.)

2. The extracted text is provided as a whole to the model via Full Context Prompting,
alongside a single prompt containing all the requested fields to be extracted.

3. The model outputs the values, units and methods in a structured JSON format.

Configuration B: Base Extraction + Postprocessing + Full Context Prompting
This configuration extends Configuration A by introducing the Postprocessing Module,
described in Section 3.1.1, before Full-Context Prompting.

Execution Flow

1. The text is extracted from the soil analysis PDF using a PDF extraction library
(e.g PdfPlumber, Partition etc.)

2. The text is passed to the Postprocessing Module to clean the extracted text
(removing noise, fixing OCR issues, normalizing structure).

3. The processed text is provided as a whole to the model via Full Context Prompting
alongside a single prompt containing all the requested fields to be extracted.

4. The model outputs the values, units and methods in a structured JSON format.

Configuration C: Base Extraction + Postprocessing + Translation + Full Context
Prompting
This configuration extends Configuration B by using the Translation Module intro-
duced in Section 3.1.2 in order to translate the cleaned, post-processed text from Greek
to English.
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Execution Flow

1. The text is extracted from the soil analysis PDF using a PDF extraction library
(e.g PdfPlumber, Partition etc.)

2. The text is passed to the Postprocessing module to clean the extracted text (re-
moving noise, fixing OCR issues, normalizing structure).

3. The processed text is translated to English using the Translation Module.

4. The processed-translated text is provided as a whole to the model via Full Context
Prompting, alongside a single prompt containing all the requested fields to be
extracted.

5. The model outputs the values, units and methods in a structured JSON format.

Configuration D: Base Extraction + Postprocessing + Translation + Prompt Ex-
pansion + Full Context Prompting

This configuration extends Configuration C by separating the fields into multiple prompts.
That way, each prompt contains a subset of the total requested fields, leading to smaller
and more targeted prompts.

Execution Flow

1. The text is extracted from the soil analysis PDF using a PDF extraction library
(e.g PdfPlumber, Partition etc.)

2. The text is passed to the Postprocessing module to clean the extracted text (re-
moving noise, fixing OCR issues, normalizing structure).

3. The processed text is translated to English using the Translation Module.

4. The processed-translated text is provided as a whole to the model via Full Context
Prompting.

5. The requested fields are separated into many prompts leading to many, but
smaller, input prompts to the model.

6. The model iterates through all the input prompts (queries) and performs multi-
ple invokes, producing many JSON outputs. Finally, a large JSON is returned,
containing all the info from the small ones.

Configuration E: Base Extraction + Postprocessing + Translation + Prompt Ex-
pansion + RAG

This configuration adapts Configuration D for large PDFs by replacing Full-Context
Prompting, which is context-limited, with RAG, a method described in Section 3.1.4.
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Execution Flow

1.

The text is extracted from the soil analysis PDF using a PDF extraction library
(e.g PdfPlumber, Partition etc.)

The text is passed to the Postprocessing module to clean the extracted text (re-
moving noise, fixing OCR issues, normalizing structure).

The processed text is translated to English using the Translation Module.

The processed-translated text is split into multiple chunks and stored in a vector
database.

The requested fields are separated into many prompts leading to many but smaller
input prompts.

For each input prompt, the most relevant chunks are retrieved.

The retrieved chunks, alongside the corresponding prompt is passed to the the
model’s input in order to generate a structured JSON response.

This process is conducted for every input prompt. Finally, a large JSON is re-
turned containing all the info from the small ones.
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3.2.2 MultiAgent Architectures

In this section, the different pipelines that can be constructed using different configura-
tions of Agents and Retrieval methods are presented.

Configuration A: Field Detection Agent + Prompt Builder Agent + Classic RAG
In the first configuration, the Field Detection Agent (Section 3.1.6) is directly con-
nected with the Prompt Builder Agent (Section 3.1.8) and the Classic RAG approach,
introduced in Section 3.1.4.

Execution Flow

1. The input text is chunked using a sentence-based splitter.

2. Each chunk is passed to the Field Detection Agent, which outputs a JSON
object containing a list of detected fields.

3. The Prompt Builder Agent receives this as input and produces a single prompt
for each 5 fields.

4. The Prompt Builder Agent returns structured prompts that include:

e Domain-specific extraction instructions
e A JSON schema requiring value, unit, and method for each field
e Strict output formatting rules (e.g., return only JSON, no commentary)

5. The final prompt list is stored per chunk and per group and are passed to the
Classic RAG, alongside the document’s text in order to retrieve the data.

Configuration B: Field Detection Agent + Prompt Builder Agent + Chunk Level
Retrieval

The following configuration extends Configuration A by introducing Chunk-Level Re-
trieval, as presented in Section 3.1.5, instead of Classic RAG.

Execution Flow

1. The input text is chunked using a sentence-based splitter.

2. Each chunk is passed to the Field Detection Agent, which outputs a JSON
object containing a list of detected fields.

3. The Prompt Builder Agent receives this as input and produces a single prompt
for each subset of 5 fields.

4. The Prompt Builder Agent returns structured prompts that include:

e Domain-specific extraction instructions
e A JSON schema requiring value, unit, and method for each field
e Strict output formatting rules (e.g., return only JSON, no commentary)
5. The final prompt list is stored per chunk and per group and is passed to the Chunk

Level Retrieval method, alongside the document’s chunks in order to retrieve the
data.
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Configuration C: Field Detection Agent + Field Postprocessing Agent + Prompt
Builder Agent + Classic RAG

In this setup, an additional Field Postprocessing Agent is inserted between the Field
Detection and Prompt Builder agents. The output of the Prompt Builder Agent is been
directed to the Classic RAG for retrieval purposes.

Execution Flow
1. The input text is chunked using a sentence-based splitter.

2. Each chunk is passed to the Field Detection Agent, which outputs a JSON
object containing the domain and a list of detected fields.

3. The field list is passed to the Field Postprocessing Agent, which removes fields
that are:
e Semantically duplicated
e Not present or implied in the text
e Too complex for reliable extraction

4. The Prompt Builder Agent receives the new list as input and produces a single
prompt for each subset of 5 fields.

5. The Prompt Builder Agent returns structured prompts that include:

e Domain-specific extraction instructions
e A JSON schema requiring value, unit, and method for each field
e Strict output formatting rules (e.g., return only JSON, no commentary)

6. The final prompt list is stored per chunk and per group and is passed to the Classic
RAG, alongside the document’s text in order to retrieve the data.

Configuration D: Field Detection Agent + Field Postprocessing Agent + Prompt
Builder Agent + Chunk Level Retrieval

This configuration mirrors Configuration C, with the Field Postprocessing Agent placed
between the Field Detection and Prompt Builder agents. The only difference lies in the
retrieval stage, where Chunk-Level Retrieval is applied instead of Classic RAG.

Execution Flow
1. The input text is chunked using a sentence-based splitter.

2. Each chunk is passed to the Field Detection Agent, which outputs a JSON
object containing the domain and a list of detected fields.

3. The field list is passed to the Field Postprocessing Agent, which removes fields
that are:

e Semantically duplicated
e Not present or implied in the text

e Too complex for reliable extraction
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4. The Prompt Builder Agent receives the new list as input and produces a single
prompt for each subset of 5 fields.

5. The Prompt Builder Agent returns structured prompts that include:

e Domain-specific extraction instructions
e A JSON schema requiring value, unit, and method for each field
e Strict output formatting rules (e.g., return only JSON, no commentary)
6. The final prompt list is stored per chunk and per group and are passed to the

Chunk Level Retrieval method, alongside the document’s chunks in order to re-
trieve the data.
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4 Experiments

4.1 Setup
4.1.1 Overview

This section presents the experimental evaluation of the proposed pipeline, which is
divided into two main parts. The first part focuses on foundational experiments
conducted on soil analysis documents regarding text extraction, post-processing and
cleanup, translation, prompting strategies and multiple retrieval methods.

The second part introduces a more advanced, agent-based system for field ex-
traction, incorporating modular agents that operate sequentially to detect, refine, and
construct prompts for information retrieval. Each stage of the pipeline is evaluated sep-
arately, using structured ground truth data, and final extraction accuracy is measured
across several criteria.

4.1.2 FEvaluation Criteria

This section outlines the evaluation metrics and criteria applied to each individual com-
ponent of the system. The goal is to assess performance both on individual components
and to the end-to-end pipeline.

Text Extraction and Postprocessing

To assess the quality of both raw extracted and preprocessed text from PDF files, the
following criteria were used:

e Preservation of content: Whether all key textual elements were extracted
without omissions.

e Line and word breaks: Frequency of word merging.
e Structure awareness: Whether tables or lists were preserved or broken.

e Manual inspection: Human review to assess naturalness and fidelity.

Translation

To evaluate translation quality from Greek to English:
e Terminology preservation: Accuracy of scientific and domain-specific terms.

e Formatting consistency: Whether the translated output retains Markdown,
tables, and structure.

e Fluency and correctness: Manual judgment based on language quality.

e BLEU Score: Automated evaluation metric used to compare the translations
with manually curated reference translations. Note: While BLEU provides a gen-
eral measure of translation similarity, it does not account for formatting, structure
preservation, or terminology correctness, which are critical in technical domains,
like soil analysis.
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e BERT Score: An evaluation metric that measures semantic similarity between
the system output and reference translations using contextual embeddings from
pretrained language models (e.g., BERT). Unlike BLEU, which relies on exact
n-gram overlap, BERTScore captures meaning, even when different wording is
used. However, it has limitations: its performance depends on the quality and
language coverage of the underlying embeddings, it may overestimate adequacy
when outputs are fluent, but partially incorrect.

e Embedding Score: The embedding-based similarity score measures the semantic
closeness between the input and the reference translations by comparing their
vector representations. Both candidate and reference texts are encoded into dense
embeddings and the similarity is calculated with cosine similarity. Unlike BLEU,
which relies on surface n-gram overlap, and BERTScore, which aligns tokens, this
metric operates at the sentence level and captures meaning, even when different
wording is used. However, it is sensitive to the choice of embedding model and
may overlook finer structural or formatting differences. The model paraphrase-
multilingual-MiniLM |38, 39| was used for that purpose.

Field Extraction

Field extraction is evaluated against ground-truth alias lists of fields that must be
extracted from a specific document. This list is manually constructed for each tested
PDF.

Retrieval Methods
Each retrieval variant (full context, chunk-level, vector-based RAG) is evaluated by:

e Extraction accuracy: Measures the overall correctness of the extraction process.
It includes (i) the correctness of retrieved values, units, and methods per field, (ii)
the coverage of ground-truth fields successfully extracted, and (iii) the consistency
of preserving the requested structured output format (e.g., valid JSON) without
errors or extra text.

e Efficiency: Measured in terms of execution time.

For that purpose, for each tested PDF, an individual prototype JSON file has been
created that contains the fields that need to be extracted together with their value, unit,
method. The same json is used for the evaluation of the Field Extraction. To account
for natural variation in field names, values, units and methods, each target entry in
the prototype JSON is accompanied by a list of acceptable aliases and formats — for
example, fields, like pH, pHValue, or pHAmount are considered equivalent, as are numeric
variations, like 0, 0.0, or 0.00, and name-related fields, such as Name or Surname.

End-to-End Pipeline

The full system is also evaluated on:

e Extraction accuracy: Combines completeness and correctness of the final JSON
output. It accounts for (i) the number of correct fields matched against the full
ground truth, and (ii) the aggregated accuracy of values, units, and methods.
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e Efficiency: Measured, again, in terms of execution time. This includes the time
from the text extraction until the produced output in json. These metrics help
evaluate the scalability and deployability of each method under real-world condi-
tions.

5.1.3 Input Documents

To support the evaluation of each pipeline component, two sets of input PDFs were
used. These datasets are split according to the experimental parts:

e Part I: Soil analysis reports in Greek, scanned and digital.

e Part II: Cross-domain PDFs, including invoices, lab sheets, and soil reports.

Each set contains diverse document layouts and data densities, enabling robust eval-
uation. Screenshots and document-specific notes are provided in the corresponding
experiment sections.

4.2 Part I: Foundational Experiments on Soil Analysis Reports
4.2.1 Dataset Description

The following PDFs were used in Part I of the experiments. All files are Greek soil
analysis reports, featuring scientific terminology, tables with numeric measurements,
and varying degrees of formatting complexity. To assess system performance across
different input lengths, the dataset is divided into:

e Small Reports: 10 files, both 1 page PDFs and single page snippets from large
ones used to test the system in small input.

e Large Reports: 10 files of 3-5 pages, used for testing scalability and accuracy
in large inputs.

Note: Some small reports were cropped or extracted as single-page segments from
the larger documents.
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MEZOFEIAKO ArPONOMIKO INEITITOYTO XANIQN
3 EPFAXITHPIO
Aol & iou, 73100, Xowd

EAA@OAOIIAL KAI ©YAAOAIATNQEITIKHE
: 28 x s E-mait: ok pmaich

EK©OEZIH ANAAYZHEZ EAA®OYE

KQAIKDE: HMEPOMHNIA: 8/11/2022
ETOIXEIA NEAATH
ENONYMIA | ONOMATENGNYMD:
AEYENEH: |
ITOIXEIA AEIFMATOX
[ P—— | y:
Ano: [ menam 19 ] | 3r11720zamoms oo rou nessmy
= THMANZH/ETOD(ELL ENAIAGEFOMENOY: 4
©ecaalovisy, 18 Anpikiog 2019 .
3 WATAETAEH FATA FIVEFONFNIEE EKTEREEHE BORIMGIE
EATO AHMITEA HMINIA MAPAMASHE: 3112022 | 7oy rapasasst; ok 11/2022. EQT 5/11/2022
INETITOYTO EAADOVAATIKN [10PQN AMOTEAEZMATA
Ovopa: KANMABIE
- TIGRIETEOC Tispiyerpas
- n::m;:n‘ i Anortheopo MéfioBo; primcsny e MiBooq
‘omoBeoia:
B (12 HO) [:¥1 150 11390:2005 Rygie; (%) 333 Sl Pinak Ref Heth,
AM.AE, | HAIKIA (ETH) ] ETKAT - P.128
Tpvand] Guoa - Scil Fla Rl T,
o ) 150 14235:1996 T, {34): 2
AEAOMENA EAA®OANAAYIHE ) Al A 128
- - ol Pt e P,
TENIKEL ®YIIKOXHMIKEL IAIOTHTEZ TOY EAADOYEL Ohiws Cal0s (%) | 26,7 150 10653:1595 Apyihog (%) 347 P.i38
N Otoia | AAaomra | Opyaviki | OAKG | Evepy6 LAK. [NakeC, pH 150 134702007 xopompiopde: | Agydranpistes Sl ek Ref Peth
L:’:“sg:; Appog| Apyinkos | thog Esagous | Edagous | Ousia | caco, | caco, PEB L1 LA
3 % % % PH msiem % % % glem® Avahigei; aTo Nepd
- - TapluETpog TOBIETpOC
i Op s 5 <= o <105
nodexed Opra. ! i Anorihemi Miodog Letecs Ancridenpa MiBodeg
0-30cm 14.0 58.0 28.0 7. 0.417 2.0 8.3 1.24 X o
TR oy | 05 Meth Sail Analp3ch 14 | W (man: N amagich 1t
90 e . THelh Sail Arl g3 o 12 - Standard Melh 4500
6090 em ca (mall) et Sl Aral 3 cr gy o
B METP.KAN. KAN. YW¥HA. | YWHA P Mt Seil Anal.p3 ch 19 N ‘Standard Meth, 4500
Mg (mall: 150 720352006 (mgh): so.°
- — ———r — Meth 50 Anal p3 ch 1 Scil Flak Ref Pt
IEPIEKTIKOTHTA MAKPOGPEITIKRN (ot paos sbgpovs 0 - 30 cm) K tengil eth Sl dral - s S
@PENTIKO: |A{wro N-NO; s0, DuwoPspog Kahio K. vai. Mayvrigio Mg Evah. Acfomio Ca i3 Moppig @penTikav
Maw WS (P_Olsen) (NH,0Ac) (NH,OAC] (NH,0Ac) TIopCRIET0; Mopducrpa
o o e o fr Anorihesya Miodo primes Ancrirenya Mifose
Meth Soi Anal g3 ch 24
T [ I R %= ] = - | no-nmang) | 16 10 14255 2005 Hnegng) |8 T a0
TiA ot Edagoc| 7.3 14.32 513.0 1,017.0 >2000 P (mafkg) 16 150 11263:1994 2Zn (markg) 37 :glz?ggg\ﬁogai ch26
A MA Y ¥ — TReth 5ol Al 73 o6 15 — THeth So Al 53 o 76
X (mafka) = 150 220352008 Cutmang) | 29 150 22036:201
HEPIEKTIKOTHTA MIKPOBPELTIKAN (s abos chigovs 0 - 30 cm) Mg (maikg) | 2 e o P | g mgng |12 e a2t
OPENTIKO: Tionpos Fo Weubapvupoc Zn | WMavyavio Mn XaAkog Cu e | e et 5ol Aralp3 oh 5
(Aiabéorpiog, DTPA) | (Aiabtonpos, DTRA) | (Aiadtorpo, DTPA) | (Aabtanog, DTPA) | (Aiabéorpo, Ztov Yauwp) {ngikg) 150 72035:2006
{22u) EPT. 1) pem Eidikég Avalioeig
Eupos Emaprrog |+ o 7 25 5 20 o5 T FERE QT pos—— . TiopdpETpas, Anorleoya ot
i oro Edegos 34.22 0.55 5,55 2,64 0,36 (onbaes) i Luorbies)
SHP Bufter Meth
Y A Y E
Evepyd Ca00 Metn Sl Analp3 Lkl clhnachl
@PENTIKH KATATTATH . (%) s neoggeapoyt oc Mol Bulfer
v A Avemeoxeia, MA: Mepik Avemapeeia, ME: Mepik Endaxeia, E: Eméokei, Y:Ymepenaoxtia vy CaC0; et S Al g3 ch

ZYNONTIKH NEPITPA®H TOY EAADOYX
TlpéKertar nepi cBapoug Bapeidg Mnxavikic ZuaTaone (C), AAkakikig Avridpaong (pH), Yynhiic mepiexTingTnrag oz
AvBparixs AopéaTio, YynAng Tepiextinémnrag oe Opyaviki Oudia kai Kavovikiig AAGTéTATAG.

(a) First PDF.

H Texviee| YnedBuves
To amonkfopaTs ogopoly pov aTo Beiyia oy cRahnke.
Meaikr| avamapayenyt) g Tapodaag Exiecns EMTPENEN) Hovo jetd amd éyypagn 6560 1ou MALX.

(b) Second PDF.

Beixung Mhaopwrr; I ag

KuwbLrbs Aelyparog 240445
BBog Aeyparohpiag e 030 Mepiobo Avithuang 26/4/2024 e 3/5/2024
A. BAIIKEZ ANAAYIEIL EAAQOYE
Yépouhu Iogela
Ebadue Yypaslo 657 %
Danvdpevo Eibixd Bapog: 1,39 gem'  |Exbuxd Bapod: wem' |Nopabec:
Mocoets Nepoi Kopeopoi (SP): 6431 % |Vaanoleawéunra (FC) BT %
Ingia Munyns Mdpavang (PWP) 1608 % |miaBouo Nepd 1929 %
YEmopupn kT %
Mnyend Thatann
MAPAMETROL ANOTEAEIMA MONASA MESOAOL AZIONOTHIH
Aypoc (sand): 515 %
ki (Sil): 387 %
Rgyihog (Clay): 7088 % Soueuns Apphistes [ CLAY  Bopi Ehados
Duowoynuée ISwmLEg
NAPAMETPOE ANOTEAEIMA KAMMAMTIMH | WAEIH TIMH YWHAH TIMH
pH 772 )
HAekr. Apuwyypboa: 280,00
Ohwxd Cacos: 1,26
Evepyd Cal0y 1,60
Opyavuc ouole: 188
LwaBéowies uopdic Bpemmuin
NAPAMETPOL ANOTEAEIMA  MONAAA MEGOAOT KAMMAHTIMH | MEIH TIRH YWHAH TIMH
Ohued Afgato (N} 005 % el
Nerpued Afwro (NO,-N): 9,62 mgiig  mEd
Apranxg Ao (NHA-H): mg/100g 1N KD
Duwagbpog (P): 10,87 mg/kg  Oken
Kithuo (K): 266,65 maKs  NHAGCpHT
MéTpuo (Na): 17,26 mgikg  NHoAGLpHT
AopPéono (Ca): 7.229,95 mghg  NHMoC pHT
Mayviieio (Mg): S9BBL  mpkg  NHAGCEHT
Tifinpec {Fe). 584 mgkg OTRA
WeuBdpyupos (Zn): 024 maks OTR ) |
Mayyaao (Mn): 3,13 mgig  OTPA D |
Nahwdig (Cul: 2,28 mgig oA
8o (8) 092 makg  Aloudin *
el () kg
B. EIAIKET ANAAYIEIZ EAADOYE
NAPAMETPOX ANOTEAEIMA  MONAMA MEBOAOL KAMMAHTINH | WESH TIRN YWHA TIMN
[ 1 — 4179 endfrs vmokopans
Exéon /N 171 i j j
BaBpdc AMkahlwong (E5.P.) 018 %
Réspos Amoppodaans Naspios S.ARL) 002

Autnykec o Aapéamo

Aviyreg o€ Tipo
MrpariBer; -

H UnEGBUVY Tou EpyadTnpiou

TELnVOS

(¢) Third PDF.

Figure 2: Examples of Small Input PDFs
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Agro Eco

EpyaoTtipio Avahborwv Esagoug, Dunkdv lotdv & ApScurikod Nipod

EKOEIH ANOTEAEIMATON ANAAYIHE

ENanYMO: ]
ONOMA —
NATPONYMO:
ADM:
AIEYOYNEH:
TONKH KOINOTHTA/ NOMOZ: A 1
JEMAIL:
TONOGELIA ATPOY: L
XQPIO / NOAH
EKTAZH (£TP):
KAMMEPTEIA: [_]
TIOIKIAIA:
KAITH EAADOYE:
TPONOL APAEYIHE:
EIADE AEITMATON: EAADOI
AEITMATOAHWIA: O miox
HM/NIA MAPARABHE: 27/2{2025
KOAKO! AEIMMATON: [
EIADZ ANAAYEHI: TIAHPHE
Trogela Enmowwavias Epyactnpiou:
MaeisBuven: Fapautandpo 148, 43100 Kapbiron
Tk 2441076184, Fax: 2441076188, Kiv: 6376777083
E-mail: infoi@agrosco gr  Site: www agroeco gr
Kapbitoa 2025

" S ymope i T

ow Bapern

(a) First Page.

IVAVAVAY
£ 30457 sandy WKk
4 Lclay oam.

Kibunte Atiyuatos T50210A
B tex) o030 Nzpiobog Aviiluong 28/2/2025 o, 7/3/2028
EBadue ¥ypasia
Dawbpeve Eubkd Bapog: 141 g’ |Ed Bapog; wen' |Nopibec:
Noooot Mepad Kopeauod (SPf: 6812 % |Vearoisavéeie (FCO): B2 %
Enpria MBvNG MapauanG (FWP): 1603 % |meBtowa Nepé: 12 %
VBarapupnesetrra: *
Mayovwd Siotan
naPAMETPOL ANOTEAEIMA MONASA MESOADX asiononzs
o (sand): 63 %
Thix [Silty: 218 %
gyihag [Clay): 6948 % Bouyouos Agphisber € CLAY BapiESados
Duowapnuucc iidunes
TAPAMETPOL NAMHAHTIMH | MEIHTIMH | memaHTIME
pH:
Hhext. Apsyibtie:
Ohad €aC0,:
Evepys CacO;:
Opyeasd ousin:
Mt Bpentiy
nAPAMETPOL

NAMHAHTIMH | MEIHTMH | mesaHTIME
Ot AZuro (N): i i i
Nurpues Aurto (NO;-NY:
Azt Alto (NHA-N):
Busadbpos, (P):

Kiiao (K]

Néitpuo [Na)

AaBéana (Ca):

Mapraie (Mg):

Eibnpag [Fe)-
Weubdapupos (2n),
Mayyana (Mn):

akue (Cu):

Bépo (B):

eio (5):

B. EIAIKET ANAAYIEIZ EAADOYE

APAMETPOE ANOTEAEIMA  MONAZA MEGOADE
CEC emsirres bt prmvess WA coclie Ynolopone
Extan /N

Badde Acalinong (E5 ) x b |
g, Amoppidpman Werrpiou (S.A R} 026 |
Brixg Xhasposmar Ikavitrag
Avtyxec oe AaBtono
Avtyres o€ oo
Npatiabes

XaMAATIV | MEZHTMH | veran TV

HunetBuwn tou Eppactpoy

Fewnévag
T. AZIOAOTHEH ANAAYIHI & MPOTAEH AINANIHE
M
Riraon: o aciid un g anoargnan, N Boncer n3en s (sbadansem)
To ot o v v 1 s ugpte: =3
B =
Mgty
Apumptee: shnbnts S iy syoinne, spcB A o e S 2880 ahandras
B By eyia oot p o et v o
Ohuxt €300, _pogamins
ey CaE0 xaua v
N —
RALUNK To NEWN (GURBVEIY). NG EASTIGHETEL 1S40 T0U OIMTOU KITH 15 - 2 WOVALEC Tl aHE TEve- L 1)
oveiar ok oty 2000 =
Vipound
e
exc
Iyton e Erpostonen
Tuvaréurm Almavan ‘Tomeripeve Nanasua

e aton

Bon ot
Wo N]  Nepeph Mepemandepes - rateyupaned Aoto: 7Kg/t oo Gioa e 665 o

T aviTILER TG ety

o

. £V AEYSAD ALPSG Do U TAL PHATO GVIAAAN A, R RGBT, G

Siohopes. = g

wpi0; Thoe B o i et s B0 g
e rase

@ P
k0

Ty
gl

Aoiano (3} s Toas oty

aogues epod]

e a
]
et
2 pes,

free= prleran
(o)

Nahats Ca) ok T Pepasderes. Exaped o 35 i

i a3 s-m
Cafimgd 86
Qe 216,67 121008000 Npasste: Aspiens
Kina o057 14
T e e e e
KMy o1 02035
P 173 23
PN 183 12
pizn 4862 420
Feftn 230 Y]
BN 010 1102 Moot Muno
a/r 0.6 L2550 [ S A —
a/x 0,50 175100 NecaBiars B
Bitu 032 Noootons ket

(¢) Third Page.

Bepo ]

06 pov. ot r— 53 e

(d) Fourth Page.

Figure 3: First example of a large input PDF spanning multiple pages.



A. NAPATHPHIEIL & IXOAIA

AMAITHIEIZ THE KAANEPTEIAZ ZE EAAMOE & KAIMA

H ok ov ko npooeppoletom o peydin mowie sSaduiv, mpotpd e8ddn ehadpd Swg HEONS LNYTVIENE OUOTEONG HE Kokl anootpdynon. Ee mokd
drwyd e5adn oL enobwoel; elvol nepopOPEVES, Evid 0F Mokl yovipa n fAactwr avantuln elvo évrovn, N koprodopio pewveTol ko Te GUTE TElvowy va
mhayafouv. H Doxr Sev avréxel ota nokl SEwa £84dn xounopouoale. pewwpévn avoyr ot chatdtnta tou 8adous.

BAZIKEE APXEL AIMNANIHE
ﬁPﬂEYEEI!

i E T e huong, To £6ador oo 0-30 exaroord {wyilsl TAVOUS
H péyionn noodtnTa vepod Now unopel va ouykpatioet to Ebadoc siva: 148,71  wp to oTpEpun
To evepyd fafog pulpotpuparos tng keddEpyEwas Gnou avanTioostom n kipu pade twy puiv Twy gy ke ouTeheito o kipog
£ofuropds Ty puliv pe vepd elvay 1] EK.

a
Npotewdpevn péBog dpbeuonc:

KATEPTAZIA TOY EMWDYI

OAHTIEL EQAPMOIHI AINTANIHE
H edappoy tne Boeows Ainevane, otny nepiobo tou yeysiva, va pny yivere oe nepuidBous nayetod.
H edappoyr e emud ic Ainavong, To kakoxaipyva un yiveto oe wpsg FEotng.

- Tz ) owot efappoy g upokinoveng to Mnoopa SwyetedteTal oto peoalo Tpito "set” tng dbpewons (Av Exete mpoypappoticer dpbevon 12 wpdy
avolyete v uohinavor and Ty 4n £wg Ty B Wpa)

0i Sadudhukol Pewaspol pe gvooTogEln pnopoldv va ouvdueoBoiv pe apmd Suddupn oupior (0,2-0,3%) ye kehoTepn Gielofuon oto eowTEpws Twy
Gudkwy kxBug ko pe EEouBeTEpLOn TNE i 15 oEutnrag Tou Swhdparod pe vipacfeoto. Iy {mrwon nou mepookswalETe pévo oo plypato
uikpoBpenTucdy, gpnowonoEloTe povo Xnhwéc popdéc ko oy Belkéc popdéc. To Swhduoro Ba npénel va npoeTolpdloviol ouows mpw Ty
Edappoyn. NpoTe Vet npw and kd8e xpﬂ:ln wit PivETa Bowipr ouwSUaoTRGTITOE.

Tty edappoyr Sud o A

- Nix pnw yiveTan o€ wpec EoTng koL o Ill&r«lc.’l’n(n Budhupa Ba npénel va Aodier to oo ko ond T Sio nheupéc

- Wekaore ot Puypéc kol uypég nEpuBous Tou EwooTETpamEOL (Tn wiyTe f wwpls To npwi).

- Noté puny bexdleTe oTpeoepLopév fuTd.

- M reralete drav o Sévipa f N keuwEpyel lva o kaxkowyla G pa yevidTepn obuvapio.

- iSuxtrepn mpocoy mpénel va Slveral dote o pH Tou exaorcol uypod va cupalveto petafl 5.5 kL 6,5

- H edappoyn mpéneL v yiveran opowpopda, kahimrovras o GOMwpn katd to Suvard ke ans ng 5io mheupéc

H anoreheopatudtrra tng Anovong ouv Bwe avbaveral dtav n xopdynon tou Mndoparod yiverel o8 nodhés pukpés SE0ELE, (e TN LEVLOTN NOOOTATE Vo
xopnyeital T nepiofo nou napatnpeital pénotn mwdysn T kadhEpyeias. Ity kotedBuvon auth pnopel v oupBahhe kol n GpBeuon pe ougvEc ko
pikpes SooELs.

Ta Mniopora mow npoteivovtor adopoly of Boowods THnoug nou kukhodopoly GTny ayopd koL oYL OF MPOLGVTO GUYKEKIEVIV ETLPELDY.

H nopovon cupfoukevmr Alnovon aypotepayiou mpokOnter pe Baon ta epyootnpuekd anotehéopora tou Gelypatol mou mpookoploTnee kol
avadEpoVTaL OT0 apdy MUSTONCUTKG koL Eival EvBELKTL yia TV ovedepduevn vevie kolhiépyswn. EVBERETOL va QRImTOOVTOL TpooOpUoyES Adyw Twy
nopopETpuy TG nhukleg, e kohlEpyews:, Tou TpANOU £y MG, T kh LKA Brwwy A iy WBaiTEpLy MopapETpuwy Mou pnopel va
abopodv TO OUVEEKPLHEVO QYPOTEREKIO.

(e) Fifth Page.

Figure 3: (continued) First example of a large input PDF spanning multiple pages.
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MEZOrEIAKO AFPONOMIKO INXTITOYTO XANION
EPTASTHPIO EAAGOAOIIAS KAT ®YAAOATAMNOQITIKHE
7

pro 100, Yo, Kpen, T Fax: 2821035001
EK©OEZIH ANAAYIHZI EAA®OYE
KOATKO?: sy FMEPOMHNIA: 5/11/2022
ETOIXEIA NEAATH
ETCHYMLA { ONOMATETIONYM MEZOTEIAKO ArPONOMIKO INEITITOYTO XANIQN
AIEYOYNIH: | TIOAH: TK: EPFAITHPIO EAA®OAOITAI KAI ®YAAOAIATNOITIKHE
73100, Xoid, Kpirn, Trik: Fax: 2821035001, E-mail: anmaaoudslakiGmaichor
ITOIXEIA AEITMATOZX
TRN ANC - IYMBOYAEE
Kaamkor sErvATOE: | ervaonsw | ETAETHPO lemn
—_— Ano: [ neaatH 1 | | 3711/2022(xcmé Bipason vou nepérn) Eroixeia KaAhiépyeiag
EHMANEH/ETOIXELA ENALAGEPOMENOY: 1 KAAIEPTELA: EAsd nomarmy | TonoeEx: 1 ExTATI: | Ktz
YATALTAZH KATA FMEPOMHNIEL EKTEAESHE A0KIMON
HMINIA MAPAMBHE: 3/11/2022 | 111y napasagH: 0% 3112020, En3: 971172022 Eibixis Avakioug
ANOTEAEEMATA Avuvll:qm:n:ﬁz;‘m(kgﬂamﬂ | |M Xkt I |
Duooxnuixic IbTnTeg v oe viwo G f o) | | [
Topderpog N " Tapaperpog N " TiapaneTpos, TapGRETPO
e pro— MiioBos Repe Jrm—— Méiofos [ Anoréheapa MéBotoc apdneec | Anorédeops MiBodag
oH (1:2 H0): 82 150 10399:2005 Aiog (%6): 313 5ot Plant Ref Heth € (mafKg) e P (mg/Ka) Soil Plant Ref Meth.p. 138
e 150 142351998 Thls (%) 2 S Pk e W cu (mgkg) e o (mgkg) Sol Plant Ref Meth p.139
" Soll Plant Ref {
Ohw CaCOs (%) | 124 150 10693:1985 Apvhec (o) | 387 S0 Hant Ref Heth. 2n (ma/kg) Cd (ma/kg) Soll Plank Raf Wath.F.L39
- So Plant Rer
TR TRt o PE— oo | oo Sl Pl N (mg/kg) s 4 (pgika) Soll Pt Ref Meth.P.139
Avahiioeig ovo Nep Kopeoyou Lo L
TiopBuerpos TiapapErpos
frriny Anorhsoya Méodog i Anoédeop Méiofog
B
oyoperma | 073 Meth Soil Aralp3 ch 14 | Ha(ma/h :;z"zﬁj';gg;:! hi4 Vo
(mS/cm)Q 3
Py TSNS G | G gy Serdwa e - =
o (v Tt Sl ara o3 10 Sandard Meth, 4500- e
9 (e 150 22036:2 so¢
- et Sall ml,na EaT) Sl Plont et Feth :
X (many 150 220362008 SR P82 Opiard
oc
Tapdyerpog NapapeTpog
e AnorEheopo Mésabog ey Ancrérepn MéBosog Xopnho
NO:N (ma/kg) | 37 150 14256-2005 Mn(matkg) | 68 Ei";?;'é’gzé? o
- - Meth Soll Analps3 ch 26 ma/kg 3,70 37,00 154,00 304,00 17,70 680 530 250 L10
e E 150 11263:1994 mmgig) |53 Meth Sl ol W R o
- Vit Sall Anal3 i 18 Wieth Sall AnaLp3 1 26
K (mg/kg) s 150 2203612008 Qi (mgfkg) 25 150 22036:2008
PR P BRSNS E | i |1 i ol el 71
Fe(mang) |17 ! EO"‘ﬁgg:;" Lp3 ch 23
Edikic Avalioug
Tlopayerpos Tioparpoc - -
Py Anorhenya Miodos iy Anorkemia MEgofoq
SMP Buffer Meth
s et pH Soll Anal.pd ch 17
syt Cac: Meth Sall Al | pooabopiapi oc Woodruft Bufter
avaykes, CaC0 Meth Soll Analp3 ch

(a) First Page. (b) Second Page.

MEIOFEIAKO AFPONOMIKO INETITOYTO XANION
EPFAITHPIO EAA®OAOIIAZ KAI DYAACAIATNOQITIKHE
73100, o, Ko 2s21035001
‘Ixdhia kai OBnyies yia menmmlli&'loull:
pH: To pH oe eninelio ovexTd ond Tv eMA. H 0QOPoILGINGTITO Twv pikpoBpenmicy mBavig
HEopEvT)
Opyavi] ougio: H opyaviii] oucia oz IkavonoinTkd eningda, CUVIGTTal B va
BIOTNPEITON OF OUTA Ta ENINESA PE TNV NPOOBAKN YWVELEVTIC KONPIAC 1-1.5 TAVOUG 0T0
aTpépyo, f 10-40kg oTo 3vipo ovihoya pE TV KD,
Ohid CaC03: Ta uynha nood CaCO3 mBavisg va Snpioupyricouv NpeBApaTa e Ta puxkpoBpenTid
xai Tov Puopopo. Mapd Trv avioy TG ehidg omig Tpogonevieg Fe, Zn, Cu, Mn,
Xpitorpon Ba frav 1-2 BioguAkikol Yexoopo E OKEUGOATA Tw jKpoBpEnTIKG (BAine
K0l OYHN YI0 TA PIKPOBPENTIKA)
HAexTpik) aywypérra: H aharémrra oe eningda nou Sev Snoupyei npoBARKaTa aTT ENA.
Mmyxaviki oUgTaon: Edapog péong ouordoewc.

iy Ainavon
Wo: YnakeppaTixg GluTo xopnAG. Na npoateBotv ouvokikd katd Bévtpo 0.5 povabes aldmou
‘e veapd péxp! 0.8 povsBes ofimou o Sévipa nhipout napaywyrc. O1 IOk ovéder
nEpi Ta TEAN YEMEVE Kol of GhAEC pIgEG Bekanive (15) Mistpeg npa TG oveioew
(Mio). Av npoaTeBi xonpid, o povibes aldrou va ekatTuwBoly kata 30%.
@dapopoc: Aev anameiTal Quopopia) Ainavon.
Kakio: Enapkric nepiekmikaTrra, Mévo av n awolxos Ainavar gival uynid vo epapucoTei pia
Goan ouvTripnang, 6-10 povadeg kakiou oTo aTpéupa.
Muwwm OpiaKt] NEPIEKTIKATITY, Mow b Bev Snpioupyel npoRAGTE oTrY N,
NIOpKIIG NEPIEKTIKGTITA.
Zwm’mml va yive! puiNaBioyvwom €6 wG oKt efSopides werd T nhipn Gvthon.

(¢) Third Page.

Figure 4: Second Example of Large Input PDF
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4.2.2 Text Extraction Tests

The purpose of this subsection is to evaluate the effectiveness of different text extraction
methods on the soil analysis reports. These methods are grouped into two categories:
native PDF text extraction and OCR-based extraction for scanned or image-
based inputs. Since the quality of text extraction has a direct impact on downstream
modules such as postprocessing, translation, and field extraction, a reliable evaluation
is essential. Automated similarity metrics (BLEU, BERTScore, and embedding-based
scores) were used to provide an objective measure of performance, while manual in-
spection was also carried out to assess aspects that automated metrics cannot capture,
such as table layout and formatting consistency. This combined evaluation ensures a
balanced view of the strengths and weaknesses of each extraction method.

Test Categories

e Native PDF Extraction: Methods that extract text directly from native PDF
files.

e OCR-based Extraction: Methods that extract text from scanned PDF docu-
ments using OCR.

4.2.2.1 Native PDF Extraction Methods

Methods Evaluated. For native PDF text extraction, the libraries pdfPlumber, Un-
structured, PyMuPDF (fitz) and Docling were used and tested.

Experimental Setup.
e Input: Native, text-based soil analysis reports in Greek.

e Procedure: Each report was processed using all four methods. Outputs were
saved as plain text for manual review and evaluation.

Results Table 2 presents the evaluation results of the four native PDF text extraction
libraries using BLEU, BERTScore, and embedding-based similarity. While all libraries
exhibited similar performance according to the automatic metrics, manual inspection of
multiple extracted texts indicated that pdfPlumber was the superior extraction library
in terms of completeness and layout preservation. For this reason, pdfPlumber was
selected as the default extraction method in the subsequent experiments.

Library BLEU Score | BERTScore | Embedding Score
pdfPlumber 0.37 0.57 0.82
Unstructured 0.33 0.57 0.81
PyMuPDF (fitz) 0.38 0.57 0.82
Docling 0.16 0.55 0.82

Table 2: Evaluation of native PDF extraction libraries using BLEU, BERTScore, and
embedding-based similarity.
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4.2.2.2 OCR-Based Extraction Methods
Methods Evaluated.

e Pytesseract: Classical OCR engine built on Tesseract, evaluated on Greek in-
puts. Handles clean scanned documents, but limited layout awareness.

¢ OCRmyPDF + pdfPlumber: First applies OCRmyPDF to convert scanned
PDFs into searchable ones with the help of Tesseract, then uses pdfPlumber for
accurate, layout-preserving extraction.

Experimental Setup.

e Input: Scanned, image-based soil analysis reports in Greek.

e Procedure: Each PDF was processed with both OCR pipelines. The extracted
text was saved for manual review and evaluation.

Results. Table 3 presents the evaluation results of the two scanned PDF text ex-
traction libraries using BLEU, BERTScore, and embedding-based similarity. While,
again, all libraries exhibited similar performance according to the automatic metrics,
manual inspection of multiple extracted texts indicated that OcrMyPdf + pdfPlumber
was the best extraction library in terms of completeness and layout preservation. For
this reason, this pipeline was selected to handle scanned documents.

Library BLEU Score | BERTScore | Embedding Score
OcrMyPdf + PdfPlumber 0.18 0.56 0.82
Pytesseract 0.16 0.57 0.83

Table 3: Evaluation of Scanned PDF extraction libraries using BLEU, BERTScore, and
embedding-based similarity.

Discussion.

e All three metrics (BLEU, BERTScore, Embedding) gave broadly similar results
across the libraries, suggesting no strong differences under purely automatic eval-
uation.

e Manual inspection revealed that pdfPlumber was superior for native PDFs and
that the OCRmyPDF -+ pdfPlumber pipeline was best for scanned documents,
primarily due to better handling of table structures and layout preservation.

e Although functional, OCR-based extraction on scanned documents is limited by
the challenges of processing the Greek language and is highly sensitive to the
quality of the scans, with noise or low resolution significantly reducing accuracy.

4.2.3 Text Post-Processing Tests

Methods Evaluated. For this experiment, the Postprocessing module described in
Section 3.1.1 is being evaluated in cleaning, correcting and formatting the extracted
text that the text extraction libraries produce.
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Experimental Setup.

Outputs and Examples

Input: The raw text that the text extraction libraries produce.

Parameters: Chunk Size = 650, LLM = Qwen2.5:32B [32], LLM Temperature

=0

Procedure: Each raw text is passed to the PostProcessing module. The output

is the processed text.

processing are given below:

Some visual examples of the texts before and after the post

# Raw extracted text Postprocessed output Time
(s)

1 | Hxotepyaoiatoveddpoug Mnyaviny H xatepyacia tou €dagoug 8.4
(6pywua) vaetvoauneNdyo (bpywua) var elvon 1 Ay6tepo duvath
OuVATAXOUVOLY (VETOUOTAVTO xan vo ylveton 6Tay To €00pog €xEL TNV
E0APOCEYELTNVIATIANTAN XATEANTAY LY pacia
uypaoctia

2 | Yuviotodvtan2-3epopuoyég Yuviotovtar  2-3 eupuoyée  OTNY 11.4

O TNVXOANLERY T TERIOOO
oedoon30-
60vp.ctal 00N {tpavepd

xoANepyNTIX? meplodo, ue d6om 30-60
ve. ota 100 Arpa vepd.

Table 4: Comparison of raw extracted text and postprocessed output, with emphasis
on the text extraction, with corresponding processing times.

# Raw extracted text Postprocessed output Time (s)
FENIKEZ QYIIKOXHMIKEZ IAIOTHTEX TOY EAAQOYE
Ofutnta Ahatotnta Opyavikr Ohikd Evepyd
BAROZ QEB
Appog Apyiddog Thig Edadoug EdSapoug Ouoia CaCO CaCO
33
EAADOYE # FENIKES OVIIKOXHNIKES IATOTHTEEZ TOY EAAQOYE
%% % pH mS/cm % ¥ % g/cm3 ## OEUTNTa, AAatéTnTa, Opyaviki OAKG EVEpYd
AnobekTd Opux: 6 7.5 <2 2% <18% <5% BAO(‘)Z \ImEBI[ ATuog‘] AT\/IA)I\GQ I I)\\ijg |‘E6d¢‘>ougl| Ouoia CaCc03 | Cac03 | pH | mS/cm | %
@ - 30 cm 14.0 58.9 28.0 7.9 0.417 2.8 9.3 1.24 Anodextd opa: | 6 | 7.5 | <2 | 2% | <ae% | <5k | - | -] -] -|-]-
6-30cm |- | 14.6]58.028.0|7.9|0.417 |20 |9.3]|128|-]-]-
38 - 6@ cm De@@[=l==0=0=0=0=0=0=01=0=1]-
68 - 98 cm 60 -90cm | |- l-1-1-l-T-1-1-T-1-1I-
.. # X 0
1 Xapaktnplopdg: B (C) METP.KAN. KAN. YWHA. YWHA. e —— 168
Napapstpog | AmotzAsopa | M£Bodog |
,,,,,,,,,,,,,,,,,,,,, |,,,,,,,,,,,,,,‘,,,,,,,,,,,,,,,
pH (1:2 H,0) | 8,1 | IS0 1@390:2005]
Appog (%) | 33,3 |
## Soil Plant Ref Meth.
NMapapetpog | AmotéAeopa | MéBobocg |
____________________________________________ ‘
pH (1:2 HO): 8,1 ISO 1@390:2005 Apuoc (%): 33,3 Opvavikf Oveta (%) | 5,9 | IS0 14235:1998 |
2 P.128 | IAog (%) | 32 | |
Opyavikrj Oovoia Soil Plant Ref Meth. 0% Gl Pllam: GeF o
5,9 150 14235:1998 TAUG (%): 32 o1 ant Rer Heth.
(%): P.128 . .
Napapetpo Anotéleoua MéBodo
Soil Plant Ref Meth. e N R e s O |
OAlké CacCo (%): 26,7 ISO 10693:1995 ApylAhog (%): 34,7 Ohiko CaCO; (%) | 26,7 | IS0 18693:1995 |
2 3 P.128 Apy1AAog (%) | 34,7 | 10.4
| Napapetpog | Result | Unit | Method
NAPAMETPOX AMOTEAEIMA MONAAA MEOOAOX XAMHAH TIMH MEXH TIMH YWHAH TImW | .~ " " [ P Jommsmmeeee |
C.E.C. (Ixavétnta Avtaddayrig Katidvtwv) 43,65 cmolc/Kg Ymoloyiotikd | C.E.C. (Ixavétnta AvtaMAayfg Katiévtwv)| 43.65 | cmolc/Kg | Calculated |
Ix£on C/N 17,79 | Ixéon C/N | 17.79 | | |
BaBpog AAkaiiwong (E.S.P.) 2,58 % | BaBuog AAkaAiwong (E.S.P.) | 2.58 | % | |
3 Néyo¢ Amoppédnong Natpiou (S.A.R.) ©,25 | Aéyog Amoppédnong Natpiou (S.A.R.) | @.25 | | | 18'6
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## MEPIEKTIKOTHTA MIKPOOPENTIKON (oe PBaBog £6adoug 8 - 3@ cm)

H#iH# OPENTIKO:

- Zidnpog Fe

- Ysuddpyupog Zn
- Mayydvio Mn

- XoAKOG Cu

- Béplo B

#### Measurement Methods
- (Aabgoipog, DTPA)
- (Awabéorpoc, DTPA)
- (AwaBéorpo, DTPA)
- (Awabéorpog, DTPA)
- (AwaBéorpo, Zéov Youwp)

| ppm | ppm | ppm | ppm | ppm |
OPENTIKO: Z16npog Fe Yeuddpyupog Zn Mayydvio Mn XaAk6g Cu Boplo B I”f”l”’:’l ””” i S
(A1aB€01pog, DTPA) (A1a0£0140¢, DTPA) (A100£01M0, DTPA) | Evpog Emdpkerac: 4 | 10 | 1| 2.5 | 8
(MaBgorpoc, DTPA) (A1aB£01j0, Z£ov Youwp) l20]o08]15]e3]|1]

ppm ppm ppm ppm ppm
EUpog Emdpketlag: 4 10 1 2.5 8 20 0.8 1.5 0.3 1 ### Soil values
4 T oto ESadoc: 34.22 ©.55 5.95 2.64 0.36 - T oto Edadog: 34.22, 8.55, 5.95, 2.64, 0.36 ]_89

Table 5: Comparison of raw extracted text and postprocessed output, with emphasis
on the format, with corresponding processing times.

Observations and Analysis.

e As it is clearly observed in the output examples, the PostProcessing module sig-
nificantly improves the text alignment, readability, word separation and preserves
scientific notation and technical expressions. As a result, the text becomes more
suitable for future processing by machine learning models and greatly facilitates
the accurate extraction of structured information, such as numerical values, units,

and field labels.

e Although the correction applied by the module is generally beneficial, there are
cases—such as the final example in the table—where the initial extraction is so
severely misaligned or inaccurate that even the PostProcessing module cannot
fully recover the original structure or meaning.

e Finally, the main disadvantage of this module is the high execution time, since
the execution of a -locally deployed- LLM is necessary.

4.2.4 Text Translation Tests

Methods Evaluated. This section evaluates different translation methods. More

specifically, the Translation Module introduced in Section 3.1.2, the Google API and

the HuggingFace models Helsinki-NLP/opus-mt-tc-big-el-en (Section 2.7.2) and facebook/m2m100
(Section 2.7.2).

Experimental Setup.

e Input: Representative outputs of the PostProcessing module, containing the post
processed text.

e Parameters: The only tunable parameters for this experiment is Chunk Size
= 650, LLM = Qwen2.5:32B 32|, LLM Temperature = 0 for the Translation
Module. More models got tested (ilsp/Llama-Krikri [34, 40]) but due to the weak
performance, especially to the preservation of input text layout, their results are
not presented.
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e Evaluation:

The evaluation focuses on translation accuracy, preservation of

domain-specific terminology, and retention of the original formatting, with refer-
ence to established metrics, such as BLEU and BERTScore, and a custom method
using embedding similarity to evaluate the translation.

e Procedure: Each post-processed text is passed to the input of all 4 different
translators. The output is the translated content from Greek to English.

Outputs and Examples

translation step, for the different translators are given below:

Some visual examples of the texts before and after the

+# Post-Processed Text Translated Output Time (s)
1 | To édagoc ot 0-30 | The soil in the 0-30 cm layer weighs 421.69 4.5
exatootd Cuyiler 421,69 tons
TéVouC
2 | To EVEQYO Bédboc | The active root zone depth where the main 5.1
oloCG TEOUATOC s mass of plant roots develops and where the
HONNLERYELOG 6mou | main root watering takes place is: 0 cm.
avantiooetow N xopLa

udlo Twv pIldV TOV QUTGY
xol OUVTENE(TAL O X0pLog
€Qodlocuos TV plwy Ue
vepo ebvan: 0 ex.

Table 6: Translation of simple text from Greek to English using the Translation Mod-

+# Post-Processed Text Translated Output Time (s)
# DuolKoXNHIKEG 1616TNTeg
# Physicochemical Properties
NAPAMETPOS | AMOTEAESMA | MONAAA | ME@OAOS |
77777777777777777777 RN PN P, PARAMETER | RESULT | uNIT | mETHOD |
- : | | | I
i i I'7.8 I | Naota Kopeopos | pH | 7.85 | | Paste Extraction |
HAzkT. Aywyipotnta | 512,00 | us/cm | Nepo KoRECHOU | Electrical Conductivity | 512.88 | ps/em | water Extraction |
0ALKo €aCo3 | 11,66 % | «.B. | Ovrouetpika | Total Cac03 | 11.66 % | vol.¥ | Volumetrically |
Evepyo CaC03 | 1,88 % | «.B. | c204(nH4)2 | Active Cac03 | 1.88 % | vol.% | C208(NH4)2 |
Opyaviki ovoia | 1,87 % | | YypR ofetbuon |
| organic Matter | 1,87 % | | wet oxidation
## ALaBL0UEC MOPHEC BPETTLKGY
## Available Forms of Nutrients
MAPAMETPOE | AMOTEAEIMA | MONADA | mEGOMOT |
777777777777777777777 [ P P PARAMETER | ResuLT | uwztT | meTHOD |
6 i | |- |
oo Muco (1) | E‘a,gzdf “ " “Kiilgg?”‘ Total Nitrogen (W)| 0,02 % I | Kjeldahl|
Epud fgreo ((WB-LP)] 77, mer e Nitrate Nitrogen (NO3-N) | 7,44 | mg/kg "N kel |
A““"'YWKD ACwto (NHA-N) | | me/100g | N kel | Ammonium Nitrogen (NH4-N) | | mg/1eeg | 1N kCl |
]_ Owod6pog (P) | 13,62 | mg/Ke | olsen | Phosphorus (P) | 13,62 | mg/kg | olsen | ]_32
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### NAnpodopieqg Kataxwpnong

- FXEMNQNYMO:** ZANNIAY

- FXQNOMA:** TOANNHX

- FXATPONYMO: **

- **A_m_m_:**

- **ATEYOYNIH:**

- **TONIKH KOINOTHTA/ NOMOZX:** OPXOMENOXI BOIOTIAX
- **THAEQQONO / E-MAIL:**

### NAnpodopisg ng kar Asiypatog
- **TOMOOEXIA ATPOY:** ORCH 20 - KEQAAEXI MEYKO
- **XQPIO / NOAH:**

- *XEKTATH (ITP):**

- FFKAAMIEPTEIA:** QAKH

- **MNOIKIAIA:**

- **KAIIH EAAQOYZI:**

- **TPOMNOX APAEYIHI:**

- **ETAOY AEITMATQN:** EAAQOX

- **AETITMATOAHYIA:** 0 IAIOX

- F*HM/NIA MAPAAABHI:** 27/2/2025
- **KQAIKOI AEIMMATQON:** 25@219A

### Registration Infermaticn

**SURNAME : ** ZANNIAS

**FIRST NAME:** TOANNIS

**PATRONYMIC: **

**TAX ID NUMBER:**

**ADDRESS: **

**LOCAL COMMUNITY/COUNTY:** ORKHOMENOS BOEOTIA
**PHONE / EMAIL:**

### Soil and Sample Informaticn

**FARM LOCATION:** ORCH 28 - CYPRESS HEADS
**YILLAGE / CITY:**

*EAREA (STR):**

**CROP:** LENTIL

FFEYARTETY: %

*#50IL SLOPE:**

**IRRIGATION METHOD:**

*#SAMPLE TYPE:** SOIL

**SAMPLE COLLECTION:** THE OWNER
**DATE OF RECEIPT:** 27/2/2825
**SAMPLE CODES:** 2582194

**TYPE OF ANALYSIS:** COMPLETE

2 - **ETAOY ANAAYIHI:** NAHPHI 10 6
## 00060p0C ## Phosphorus
XapnAn Low
# NeplexTikoTnTa # Content
## Ynohelppatikog Owodopog ## Residual
- **YmoAeippatiég Quohopog:** 5,8 Kg/ITpippa Phosphorus
- **Npoteivopevn 660n Ouopspou:** 7,00 povades (P) wg P205: 7 pov. - ::ResldualdP:osEhor:S:“ 5.8 Kg/Struma *
_ **Bacikf Edapuoyd pe evowpdtwon Quodopitng:** 35,0 Kg/ITpepun - **Recommended Phosphorus Dose:** 7.8@ units (P) as P205: 7 units
- **p{navon:** (1-20-8) - **Basic Application with Rock Phosphate Incorporation:** 35.8 Kg/Stremma
- **Fertilization:** (1-20-@)
## Ko (K)
- **YmoAzippatixé KaAio:** 103,1 Kg/ITpéppa ## Potassium (K)
o » Sxk - **Residual Potassium:** 103.1 Kg/Stremma
- **Nogooto tng CEC:** 1,68%
- **Mpote1vopevn 660n Kahiou:** @,00 povasec wg K02 = STDEIIEN OF @I E]
: ’ - **Recommended Potassium Dose:** @.88 units as K02
50 FERe G . R ## Magnesium (Mg)
- **anhn NeprektikoTnTa EnapKic via 3-4 xpovia. - **High Content Sufficient for 3-4 Years.**
- **Mooootéd tng CEC pe Mg:** 11,88% - **(EC Percentage with Mg:** 11.88%
## AcBotio (Ca) ## Calcium (Ca)
- **YynAq NMepiextikétnra:** 83,49% tng CEC =*high Content:™ 83.49% of CEC
3 - **pvaAuon:** 31,15 cmol/Kg - ==analysis:*® 31.15 cmol/Kg ]_]_ 6

Table 7: Translation of tables and Markdown formats Using The Translation Module.

avantiooetow 1 xVpta Uil
TOV otllov TOV PUTOV
X0l OUVTEAElTL 0  xUplog
€QOOLICUOC TV PIlWY UE VERO
ebvow: 0 ex.

ter is: 0 cm

# Post-Processed Text Google API Translated Output Time (s)

1 | To édagog ota 0-30 exatootd | The ground at 0-30 cm weighs 421,69 1.0
Cuyiler 421,69 t6vouc tonnes

2 | To EVERYO B&boc | The active depth of root of crop where 1.8
elloC TEOUATOC s the main mass of plant roots develops
HONNLEQYELOG 6mou | and The main supply of roots with wa-

Table 8: Translation of simple text from Greek to English using Google’s API Trans-

lation.

Post-Processed Text

Google API Translated Output

Time (s)
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# Ovoikoxnuikég ISi6tnTeg
MAPAMETPOE | AMOTEAEIMA | MONAAA | ME®OAOZ
-------------------- |s==seecsssssns| |scossassess |oossssacsasananss
pH | 7,86 | | Nédota Kopeopou
HAekT. Aywylpotnta | 512,00 | us/cm | Mepé Kopeopou
OAké CaC03 | 11,66 % | «.B. | Oyxopetpixd
Evepyd CaCO3 | 1,88 % | «.B. | c204(NH4)2
Opyaviki ousia | 1,87 % | | Yvpii oEetbuwon

## A106£01UEC popdEC BpeEmTiKDY

MAPAMETPOZ | ANOTEAEZMA | MONAAA | MEGOMOE
————————————————————— [s=ssssessssas||essssssssss|oossesses|
OAké AZuto (N) | 0,02 % | | Kjeldahl
Nitpiké AZwto (NO3-N)| 7,44 | mg/ke | 1N Kkcl
Appwviakd ACwto (NH4-N) | | mg/106g | 1N KCl

Quodspog (P) | 13,62 | me/Kg | Olsen

# Physicochemical properties

| PARTICULARSEf fec tUNITMETHOD
|ph7.86|Saturation paste
|Elect.Conductivity512,88MS/cm |Saturation water
|Total Caco3 |11.66 %KB|Volumetric

|Active Caco3 |1.88 %KB|C204 (NH4) 2

|Organic matter1.87 %|lLiquid oxidation

## forms of nutrients available

| PARTICULARSE fectUNITMETHOD
___________________ I

|Total Nitrogen (n) |08.82 %|Kjeldahl

|Nitrate Nitrogen (No3-N) |7.44 [mg/kg |1M KCL |

| Ammonium nitrogen (NH4-N) ||mg/l@@g |1N KCL

|Phosphorus (p) |13,62mg/kg |0lsen |

1.5

### NAnpodopieqg Kataxwpnong
FEEMONYMO: ** ZANNIAY
- FXQNOMA:** TOANNHX
- FXATPONYMO: **
- **A_m_m_:**
- FRATEYQYNIH:**
- **TONIKH KOINOTHTA/ NOMOX:** OPXOMENOX BOIQOTIAX
- *XTHAEQONO / E-MAIL:**

### NMAnpodopieg I'ng kal Asiypatog
**TOMNOOEXIA ATPOY:** ORCH 2@ - KEQAAEX MEYKO

- ¥XXQPIO / MOAH:**

- KXEKTATH (ITP):**

- FXKAAMNIEPTEIA:** (DAKH

- FX[OIKIAIA:**

- *XKATIH EAAQOYX:**

- **TPONOX APAEYIHX:**

- *XETAQY AEITMATQN:** EAAQOX

- FXAETTMATOAHYIA:** 0 IAIOX

- FXHM/NIA MAPANABHI:** 27/2/20825

- FXKOATKOI AEITMATON:** 250219A

- *¥ETAQY ANAAYIHI:** [AHPHXI

### Entry information
=% BRAND: ** ZANNIAS
- =% NAME: ** TOANNIS
- % PATRON: **
- ** ADDRESS: **
- *% LOCAL COMMUNITY/ LAW: ** BOOTTIAS ORDER
- *% PHONE / E-mail: **

### of land and sample information
** AGRUS LOCATION: ** ORCH 28 - PEFKE HEADS

- ®% VILLAGE / CITY: **

- *%= LOCATION (STR):

- ** CULTURAL: ** FAKI

- ** DIRECTION: **

- ** TRAFFIC SLOCK: **

- ** EMPLOYEES: **

- *% SAMPLE SPECIAL: ** TEXT

- =% Sampling: ** Own same

- ** DATE OF RECEIVED: ** 27/2/2825

- =% SAMPLY CODES: ** 2582194

- *% SECRETING: ** FULL

1.8

## Ouopopog
XaunAn
# NMepiektikéTnta

## Ynoherppatixés Duodopog

- **YmoAs1ppatixgg 0Wodopoc:** 5,8 Kg/ITpipua

- **Mpoteivopevn 66on Quodépou:** 7,00 povades (P) wg P205: 7 pov
- **Bacikij Eappoyli pe svowpdtwon Owopopitng:** 35,0 Kg/ITpéppa

- **Ainaven:** (1-20-8)

## Kilo (K)

- **YmoAsippatié KGAio:** 103,1 Kg/Itpéppa

- **Mlogoetd tng CEC:** 1,68%

- **Mpotsivopsvn 660n KaAiou:** 0,00 povdssc wg K02

## Mayviioio (Mg)
- FXYPnAf Mepiextikdtnta enapkig yia 3-4 xpovia.**
- **Mooooté tng CEC pe Mg:** 11,88%

## AoBEoTio (Ca)
- FXYPnAR Meprextikdtnta: ** 83,49% tng CEC
- **Avahuon:** 31,15 cmol/Kg

¥ phosphorus
Low
# Content

## residual phosphorus

- ** presidual phosphorus: ** 5.8 kg/acre

- ®* Syggested phosphorus dose: ** 7.0@ points (P) as P205: 7 Mon

- ** Basic Application with Phosphorus Integration: ** 35.8 kg/acre
-** Jubrication: ** (1-20-8)

## potassium (k)

- ** Potassium residual: ** 183.1 kg/acre

- %k CEC: ** 1.68%

- ** Suggested dose of potassium: ** @.80@ units as K02

## Magnesium (mg)
- ** High content sufficient for 3-4 years. **
- ®*% CEC's percentage with MG: ** 11.88%

## calcium (Ca)
- ** High content: ** 83.49% of CEC
- ** Analysis: ** 31.15 cmol/kg

1.6

Table 9: Translation of tables and markdown formats using Google’s API Translation.

Post-Processed Text

Google API Translated Output

Time (s)

=

To €dagoc ota 0-30 exatoctd
Quyiler 421,69 t6évouc

Soil at 0-30 cm weighs 421.69 tons

0.2

ol



To EVEQYO Bdboc
o100 TPMUTOC e
HONNLEQYELOG 61OV
avantuoostow 1 xOplor  udla
v plldvy  TOV  QUTGYV
X0l OUVIEAElTw o  xUplog
£QOdLoUOC TwV plKY YE VERO
ebvow: 0 ex.

The active rootbed depth of the crop
where the main mass of plant roots
grows and the main supply of roots with
water occurs is: 0 cm

0.22

Table 10: Translation of simple text from Greek to English using HuggingFace model
Helsinki-NLP/opus-mt-tc-big-el-en

#

Post-Processed Text

Translated Output

Time (s)

¥ Duotkoxnpikég I816tnteg
MAPAMETPOE | AMOTEAEIMA | MONAAA | ME®OAOZ
———————————————————— R e
pH | 7,86 | | Nédeta Kopeouou
HAekt. Aywyipétnta | 512,00 | us/cm | Nepé Kopeopou
OAké CaCO3 | 11,66 % | «.B. | Oyxopetpixd
Evepys CaCo3 | 1,88 % | x.B. | c204(NH4)2
Opyaviki ouoia | 1,87 % | | Yvpii oEetbuwon

## A1a6£01UEC popdEC BpemTiKDY
MAPAMETPOE | AMOTEAESMA | MONAAA | MEGOAOT
————————————————————— [s=ssssessssas||essssssssss|oossesses|
OAk6 ATwto (N) | 0,02 % | | Kjeldahl
Nitpike ATwto (NO3-N)| 7,44 | mg/ke | 1N Kkcl
Aupwviakd ACwto (NH4-N) | | mg/106g | 1N KCl
Owodpopog (P) | 13,62 | mg/Kg | olsen

#Phytochemical Properties PARAMETROS EFFECT
T coccccccscocosmoncacomcnnns cocmenemoamamomEnananoasaaanas

3.5

### NAnpodopieqg Kataxwpnong
- FXEMNQNYMO:** ZANNIAY

- FXQNOMA:** TOANNHX

- FXATPONYMO: **

- **A_m_m_:**

- FRATEYQYNIH:**

- **TONIKH KOINOTHTA/ NOMOZ:** OPXOMENOX BOIOTIAX

- **THAEQONO / E-MAIL:**

### NMAnpodopieg I'ng kal Asiypatog
- **TOMNOOEXIA ATPOY:** QRCH 20 - KEQAAEXZ NMEYKO
- ¥XXQPIO / MOAH:**

- KXEKTATH (ITP):**

- FXKAAMNIEPTEIA:** (DAKH

- FX[OIKIAIA:**

- *XKATIH EAAQOYX:**

- **TPONOX APAEYIHX:**

- *XETAQY AEITMATQN:** EAAQOX

- FXAETTMATOAHYIA:** 0 IAIOX

- FXHM/NIA MAPANABHI:** 27/2/20825
- FXKOATKOI AEITMATON:** 250219A
- *¥ETAQY ANAAYIHI:** [AHPHXI

Registration Information - **SPECIALITY:** ZANNIA - **DOMINIA **:**
TOANNIS - **PATHONY:** **A_F.M.:** - **pirectory:**

- **Local Community/ LAW:** ORGANIZED BIOTIA

-**TELE / E-MAIL:**

Land and Sample Information **
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## 0Wohopog
XapnAf
# NepilektikéTnTa

## YIoRE1ppaTiks Owodopog
- **YnoAelppatixég 0wodopoc:** 5,8 Kg/Itpéuua

- **Mpotelvopevn 660m Qwohopou:** 7,00 povadeq (P) wg P205: 7 pov

- **Baciki E¢apuoyfi pe evowpdtwon Quopopitng:** 35,0 Ke/Itpéupa
- ®FAinaven:** (1-20-0)

## Ka\wo (K)

- **YmoAelppatiné KdAio:** 163,1 Kg/Itpéppa

- **M0c00T6 TG CEC:** 1,68%

- **Mpotetvopevn 86on Kahiou:** 0,80 povdsec wg K02

## Mayvioro (Mg)
- RRYPNAR MEpLekTLROTNTA ENApKG yia 3-4 xpovia.**
- **Mogootd tng CEC pe Mg:** 11,88%

## AoBEotio (Ca)
- FFYPNAR MeprextuedTnTa: ** 83,49% tng CEC
- **AvéAvon:** 31,15 cmol/Kg

Phosphorus Low # Content Residual Phosphorous** Sublimation C(**C) **
Sublimation Phosphoric:** 5.8 Kg/Stremma -

**Recommended Phosphorous Dose:** 7.00 units (P) as P205: 7 mon
**Basic Application with Phosphorite Integration:** 35.e Kg/Strema -**

0.6

Table 11:
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Post-Processed Text Google API Translated Output Time (s)

=

To €dagoc ota 0-30 exatoctd The soil at 0-30 cm weighs 421.69 tons 0.2
Quyiler 421,69 t6évouc

To EVEQYO Paboc | The active root depth of the cultivation 0.6
o100 TPMUTOC ¢ | where the main mass of the roots of
HONNLEQYELOG omou | plants grows and the main water sup-

avantuoostow 1 xOpiae udlo | ply of the roots is carried out is: 0 mm
v plldv  TOV  QUTGYV
X0l OUVIEAElTL o  xUplog
£QOdLoUOC TwV PV YE VERO
elvan: 0 ex.

Table 12: Translation of simple text from Greek to English using HuggingFace model
facebook/m2m100_418M

Post-Processed Text Translated Output Time (s)

# Ouotkoxnpixég I814tnteq

MNAPAMETPOX | AMOTEAEZMA | MONAAA | ME®OAOT |

———————————————————— e e e

pH | 7,86 | | Nédeta Kopeopou |

HAext. Aywyipétnta | 512,00 | uS/cm | Nepé Kopeopou |

OA1ké €aCO03 | 11,66 % | «.B. | Oykopetpikd |

Evepyé CaC02 | 1,88 % | .B. | C204(NH4)2 |

Opyaviki ouoia | 1,87 % | | Yypii oEsibwon |

# Physiochemical properties <unk> <unk> <unk>

## AMaB£oluec popdéc BPeEmTIK@Y

MAPAHETPOS HAWTMEMA HMMAM HMmDMZ\‘ <unk> <unk> <unk> <unk> <unk> <unk> <unk>
OAké Awto (N) | 0,02 % | | Kjeldahl|

Nitpike ATwto (NO3-N)| 7,44 | mg/Ke | an kel | <unk> <unk> <unk> <unk>

Appoviaké Awto (NHA-N) | | mg/1e0g | IN KC1 |

Quogopos (P) | 13,62 | me/Kg | Olsen | 3 5

### NAnpodopieqg Kataxwpnong

- FXEMNQNYMO:** ZANNIAY

- FXQNOMA:** TOANNHX

- FXATPONYMO: **

- **A_m_m_:**

- FRATEYQYNIH:**

- **TONIKH KOINOTHTA/ NOMOX:** OPXOMENOX BOIQOTIAX
- *XTHAEQONO / E-MAIL:**

### NMAnpodopieg I'ng kal Asiypatog

- **TOMNOOEXIA ATPOY:** QRCH 20 - KEQAAEXZ NMEYKO
- ¥XXQPIO / MOAH:**

- KXEKTATH (ITP):**

- FXKAAMNIEPTEIA:** (DAKH

- FX[OIKIAIA:**

- *XKATIH EAAQOYX:**

- **TPOMOT APAEYZHI:** ## Registration Information - **NUMBER:**

- *¥EIAOY AEITMATON:** EAAQOX DEVELOPMENT - **NUMBER:** JOHANNES - **NUMBER:** -

_ **AETIMATOAHYIA:*%* 0 IATOY #¥ALF.M.:*¥* - %% RESPONSIBILITY:** - **TOPICAL COMMUNITY/Law:**

_ K*HM/NIA NAPANABHE : % 27/2/2025 RELATED NUMBER:** NUMBER:** NUMBER:** NUMBER:** NUMBER:** NUMBER:**

NUMBER: ** NUMBER:** NUMBER:** NUMBER:** NUMBER:** NUMBER:** NUMBER:**
- **KQAIKOI AEITMATQN:** 258219A NUMBER: ** NUMBER:** NUMBER:** NUMBER:** NUMBER:** NUMBER:** NUMBER:**

- ¥¥ETAOX ANAAYZIHZ:** [AHPHX NUMBER: ** NUMBER:** NUMBER:** NUMBER:** NUMBER: O 5
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## Owodopog
XapnAn
# MeplexTikOTNTA

## Ynohelppatikég 0wodopoc

- *XYmOAEHHATIKGG QWGHOPOG:** 5,8 Kg/ETpeuua

- **Npotelvopevn §60n Ouohopou:** 7,00 povadec (P) wg P205: 7 pov
- **Baciki E¢appoyf pE EVOwpaTwon QuopopiTng:** 35,0 Kg/ITpeppa

- **Ainavon:** (1-20-0)

## Kako (K)

- *XYmoAelppatixé KaAlo:** 103,1 Kg/Itpeppa

- **Moooot6 Tng CEC:** 1,68%

- **Npotevépevn 860n Kaiou:** 0,00 povdseq wg KO2

## Mayvioio (Mg)
- FEYPNAR MEpleTik6TNTa enapkic yia 3-4 xpovia.**
- **Nocoot6 TG CEC pe Mg:** 11,88%

## Phosphorus Low # Content ## Residual Phosphorus -

*x Residual Phosphorus:** 5.8 Kg/Strack - **

Recommended Phosphorus Dosage:** 7.8@ units (P) to P205: 7 mon. -

** Basic Application with Integrated Phosphorus:** 35,8 Kg/Strack -

** Sweating:** (1-20-8) ## Potassium (K) - ** Residual Phosphorus:** 103.1 Kg/Strack -
** CEC Percentage:** 1.68% - **
to P205: 7 mon. -

** Basic Application with Integrated Phosphorus:** 35,8 Kg/Strack - **

## AoBeotio (Ca)
- EYPnAR MepiexTikéTnTa:** 83,49% tng CEC
- **AvaAuon:** 31,15 cmol/Kg

Recommended Phosphorus Dosage:** 0.8 units (P)

0.6

Results.
and an embedding-based similarity score for four systems: Google Translate API,
Helsinki-NLP /opus-mt-tc-big-el-en, facebook/m2m100 418M, and Transla-

Table 13: Translation of tables and markdown formats using HuggingFace model

facebook/m2m100_418M

Table 14 presents the evaluation of the translation using BLEU, BERTScore,

tion Module.

System BLEU Score | BERTScore | Embedding Score
Translation Module 0.76 0.70 0.94
Google Translate API 0.48 0.56 0.88
Helsinki-NLP /opus-mt-tc-big-el-en 0.34 0.34 0.79
facebook/m2m100 418M 0.39 0.26 0.79

Table 14: BLEU, BERTScore, and embedding-based similarity results for the transla-

tion.

Observations and Analysis.

e Accuracy: The proposed Translation Module consistently produces more accu-
rate and domain-aware translations, particularly in technical contexts. Sometimes,
the other models cannot produce a correct output due to the input format. Greek
agronomic terms, like “pilooroduaros” and "Oluxo Alwro”, are properly translated
as root zone” and “Total Nitrogen”, while the Google API produces incorrect
equivalents (e.g., "text”, "slock”, or "secret”). Moreover, only the Translation Mod-
ule seems to be able to keep the input alignment correctly to the output.

Execution Time: The Translation Module demonstrates significantly higher
latency compared to all the other methods. On average, it takes about 3 to 5
times longer to translate the same Greek text, due to local computationally heavy
model inference.

Privacy: Cloud API services do not have the advantage of local execution, when
it comes to data protection, since there is no need for transmitting data to external
services.
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4.2.5 Retrieval from Small PDFs

Methods Evaluated. In the following experiments, the retrieval of values, units, and
methods from small soil analysis PDFs is evaluated. For that purpose, the configura-
tions A, B, C, and D, previously described in Section 3.2.1, are tested. Moreover, in
order to evaluate the correctness limitations of the text extraction step, the contents of
the PDFs were also transcribed manually, providing a reference baseline against which
the automated extraction results could be compared. Each experiment introduces one
or more enhancements to the basic pipeline, allowing step-by-step evaluation of their
contribution.

Experimental Setup.

Inputs: A total of 7 small Greek soil analysis reports were used, including 4 native
(digitally generated) PDFs and 3 scanned PDFs consisting of one page each.

Prompts: Fixed field-specific prompts were used across all pipelines to ensure
fair comparison.

Requested Output: The prompts contain direct instructions to the LLM to
produce a valid JSON output. For each field, the schema that must be produced
is the following;:

{

"field name": {
"Value" : nn s
|lunit n : nn s
||methodll : nn

}

}

Evaluation: Manual prototype JSONs were used for ground truth comparison
as described in Section 4.1.2. Each JSON contains the fields together with their
values, units and methods.

Procedure: Each pipeline is tested on all PDF's and each experiment is executed
10 times in order to get the average accuracy, ensuring consistent behavior and
accounting for potential randomness in the language model’s responses.

Metrics And Results

Value Accuracy: Correctness of values extracted for the fields.

Unit Accuracy: Correctness of units extracted for the fields.
Method Accuracy: Correctness of methods extracted for the fields.
Total Accuracy: The average from the value, unit, method accuracy.

Time: Total and per-component execution time measured per PDF.

35



Pipeline Value (%) | Unit (%) | Method (%) | Total Accuracy (%) | Total Time (s)
Baseline (Raw Text) 78.7 71.5 58.4 69.5 21.2
+ Postprocessing 79.9 73.4 58.6 70.6 90.8
+ Translation 88.3 81.6 75.3 81.7 131.2
+ Prompt Expansion 88.1 86.4 76.0 83.5 141.6

Table 15: Performance of different pipeline variants on small Native soil analysis PDFs.

Pipeline Value (%) | Unit (%) | Method (%) | Total Accuracy (%) | Total Time (s)
Baseline (Raw Text) 54.5 17.1 25.5 324 25.5
+ Postprocessing 62.9 30.6 37.1 43.5 98.2
+ Translation 69.4 53.3 58.1 60.7 140.5
+ Prompt Expansion 68.5 58.5 62.3 63.1 151.2

Table 16: Performance of different pipeline variants on small Scanned soil analysis
PDFs.

Pipeline Text Extraction (s) | Postprocessing (s) | Translation (s) | Inference (s) | Total Time (s)
Baseline (Raw Text) 0.3 - - 20.9 21.2
+ Postprocessing 0.3 68.8 - 21.7 90.8
+ Translation 0.2 69.5 40.9 20.6 131.2
+ Prompt Expansion 0.2 69.9 41.0 30.5 141.6

Table 17: Time contribution of each component in pipeline on small soil analysis PDFs.

In the next table, the results of the best pipeline consisting of Post-processing, transla-
tion and prompt expansion is compared with manually transcribed texts from the
input PDFs that are used together with prompt expansion:

Method
Auto Extracted PDFs
Manually Transcribed Texts

Total Accuracy (%)
83.5
90.3

Table 18: Comparison between automatically extracted PDFs and manually transcribed
texts on retrieval accuracy.

Observations and Analysis.

e Impact of Text Extraction Quality: The comparison between automatically
extracted and manually transcribed texts demonstrates the importance of accu-
rate text extraction. The manually transcribed input achieved a higher accuracy
(+6.8%) in native PDFs, confirming that noise, extraction errors, or formatting
inconsistencies in auto-extracted text negatively impact the overall retrieval per-
formance.

e Low Baseline Accuracy in Scanned Inputs: The initial baseline performance
on scanned PDFs is significantly lower than on native PDFs. This highlights the
difficulty of extracting structured content from noisy OCR outputs. However, ap-
plying post-processing, translation and prompt expansion progressively improves
performance, demonstrating their robustness, even on low-quality inputs.

26



e Accuracy Improvements: Each successive addition to the pipeline contributes
to increased accuracy. Notably, translation and prompt expansion yield the
most significant gains in both value and unit extraction accuracy.

e Role of Postprocessing: While the postprocessing step alone does not produce
a huge accuracy improvement compared to the baseline, it plays a critical role in
enabling correct translation, since it clears the text. Poorly formatted or merged
Greek text leads to translation errors or skipped content, which negatively affects
retrieval accuracy.

e Execution Time: With each addition of a module, the overall time increases
significantly, especially with translation and post-processing. Prompt expansion
also increases the inference time, since more invocations of the model are being
executed.

e Resource Considerations: All stages beyond the baseline introduce local com-
putation, since models are executed locally.

e Final Observation: The pipeline configuration that yields the highest overall
accuracy combines Postprocessing, Translation, and Prompt Expansion, demon-
strating the cumulative benefit of each module. While this pipeline achieves the
best results, it is also the most demanding in terms of resources and execution
time.

4.2.6 Retrieval from Small and Large PDFs using RAG

The Full-Context Prompting strategy used in previous experiments is not suitable for
large soil analysis PDFs. As document length increases, the combined size of the input
text and prompt instructions often exceeds the language model’s context window. To
overcome this issue, the retrieval mechanism is replaced with a RAG pipeline.

Methods Evaluated. In the following experiments, the retrieval of values, units, and
methods from both small and large soil analysis PDFs is evaluated. The Full-Context
Prompting technique used in the previous experiments is no longer suitable due to the
increased input size. For that reason, the architecture E, described in Section 3.2.1 is
used, that replaces Full Context Prompting with RAG. To fully evaluate this technique,
it is firstly tested in the same small soil analysis PDFs and then to the large ones.

RAG Parameters.

1. Top-k retrieval (k = 3): For each prompt, the 3 most relevant chunks are
retrieved based on semantic similarity.

2. Chunking: Text is split into chunks of 500 tokens with 50-token overlap using
SentenceSplitter.

3. Context window: The LLM context length is set to 4096 tokens, allowing suf-
ficient room for both prompt and retrieved content.

4. Embedding model: intfloat/multilingual-e5-large [41, 42| from Hugging-
Face is used for generating dense vector representations of text.
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5.

Language model: Qwen2.5:32B [32] is used for generating the final answer from
the input chunks. The temperature is been set to 0 for consistent responses and
easier evaluation.

Experimental Setup.

Inputs: A total of 11 Greek soil analysis PDFs, including 4 small documents (1
page each) and 7 large documents ranging from 3 to 5 pages.

Prompts: Fixed field-specific prompts were used across all pipelines to ensure
fair comparison.

Requested Output: The prompts contain direct instructions to the LLM to
produce a valid JSON output. For each field, the schema that must be produced
is the following:

{

"field name": {
"Value” : nn s
|lunit n : nn s
|lmethodll . nn

}

}

Evaluation: Manual prototype JSONs were used for ground truth comparison
4.1.2. Each JSON contains the fields together with their values, units and meth-
ods.

Procedure: The pipeline of post-processing, translation and prompt expansion
is evaluated using RAG as the retrieval method. It is first applied to the small
PDFs for direct comparison with the previous full-context prompting results and
then to the large PDF's to assess the pipeline’s scalability and robustness on longer
inputs. Each experiment is conducted 10 times in order to get the average accu-
racy, ensuring consistent behavior and accounting for potential randomness in the
language model’s responses.

Metrics And Results

Value Accuracy: Correctness of values extracted for the fields.

Unit Accuracy: Correctness of units extracted for the fields.
Method Accuracy: Correctness of methods extracted for the fields.
Total Accuracy: The average from the value, unit, method accuracy.

Time: Total execution time measured per PDF.
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Input Type | Value (%) | Unit (%) | Method (%) | Total Accuracy (%) | Total Time (s)
Small PDFs 84.3 87.0 77.0 82.7 149.6
Large PDFs 89.1 85.4 76.4 83.6 515.9

Table 19: RAG Pipeline Performance on Small and Large Native Soil Analysis PDFs

Input Type | Value (%) | Unit (%) | Method (%) | Total Accuracy (%) | Total Time (s)
Small PDFs 68.0 57.6 61.2 62.3 156.4
Large PDFs 65.6 55.2 59.8 60.2 526.3

Table 20: RAG Pipeline Performance on Small and Large Scanned Soil Analysis PDFs

Input Type | Text Extraction (s) | Postprocessing (s) | Translation (s) | RAG Inference (s) | Total Time (s)
Small PDFs 0.3 68.4 41.1 39.8 149.6
Large PDFs 0.5 335.4 1324 47.6 515.9

Table 21: Time Breakdown for RAG Pipeline Components on Small and Large PDFs

Observations and Analysis.

Comparison with Full-Context Prompting: When applied to the same set
of small soil analysis PDFs, the RAG pipeline achieved a total accuracy of 82.7%,
which is nearly identical to the 83.5% achieved using full-context prompting (Ta-~
ble 15). This indicates that RAG can match the performance of full-context
retrieval, even on small documents.

Execution Time: The RAG pipeline requires slightly more time (149.6s vs.
141.6s) on small PDFs, mainly due to the additional steps involved in chunking,
embedding, and retrieval. However, this increase is modest and does not signifi-
cantly affect practical usability.

Scalability to Large Documents: The pipeline was tested on larger soil anal-
ysis PDFs (3-5 pages), where full-context prompting becomes infeasible due to
context window limitations. The RAG approach maintained high total accuracy
(83.6%), while scaling effectively to longer documents.

Inference Time Stability: Despite the increase in input size, the RAG inference
time remains relatively stable (39.8s for small vs. 47.6s for large PDFs), due to the
use of top-k chunk retrieval (with £ = 3). This ensures that the same amount of
context is passed to the language model, regardless of the document’s total length.

Final Observation: The RAG pipeline, combining post-processing, translation,
and prompt expansion, proves to be the most robust and scalable solution. It
achieves consistent accuracy across document sizes, while keeping the execution
time increase within acceptable bounds. This makes RAG the preferred method
for generalizing the pipeline to diverse and lengthy inputs.
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4.3 Part II: Generalized Field Extraction Experiments with
Multi-Agent Systems

4.3.1 Dataset Description.

For the evaluation of the multi-agent system, all native documents used in the previous
experiments — including both small and large soil analysis reports — were used, but
this time, the requested fields increased in order to capture the majority of the PDFs
entities. In addition, two new document categories were introduced to test the system’s
generalization ability: Greek Invoices and Blood Test Results. The length of these
native PDFs range from 1 to 5 pages. Examples are shown in Figures 5, 77, 7?7. This
expanded dataset allows for testing across multiple domains with varying structure and
terminology.
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MEDITERRANEAN SHIPPING COMPANY GREECE S.A.

MENTT EHNNINIK A.E.

ANTIMPOZQMEVEH - NPAKTOPEYTH NAYTIAIAKQN ETAIPEIQN - MAOION

EAPA:AKTH NOZEIAQNOE 12 - MEIPAIAZ 185 31 - THA.:210-4145500 - FAX:210-4119454

A.©.M.:094383381 - A.0.Y.:OAE EIPALA - Email:GRE-contact@msc.com <%SP1>

Ap.TE.MH:044383107000 (npdiny Ap.M.A.E.:31718/02/8/94/255)

L ]
EIAOE NAPAITATIKOY / DOCUMENT TYPE :EIPA' APIOMOZ/NR I HMEPOMHNIA/DATE _
&-NIZTUTIKO TIMOAOIIO ENI NIZTQZEL / e-CREDIT INVOICE “bedddR00® | 10/03/2023
| I TIMOAOrIO NAPOXHE YMHPEZION

ITOIXEIA NEAATH / CLIENT DETAILS ETOIXEIA NAOLOY / VESSEL DETAILS TR T

Troigeia Neharou-Kwimog 30.00.00 087687 - DOLPHIN: c026788 GAC Shipping S.A.

ARIAN MARITIME AE.
GIAQNOE 133A
NEIPAIA TK:18536

I a
18535 Nepaitg
T.0.80418

Ao MDo41TTEOT
AQYDAE NEIPAIA

iy, NAYTIATAKH-METAGOPIKH SHIPPING AGENGY T +30-210-4140.400
Lo sov 210-
—— 0T QAE NEIPAICY ®at; 1302104140477
ey TAXORICE: e o
NEPITPA®H / DESCRIPTION “AZ1/VALUE (EUR) [oria var =) &Y SHIP EXPORT FHNIA ANAXHE 25007202 VG . o Leom
TAZEI CSCL SYDNEY Kou TASR & —
(OAAAZIIOE NAYAOZ [ SEA FREIGHT M. 096170 E ] o
REF S——
PORT BALTINORE RNAAYEH GOPTOZHE, BAPOT @B KOMAST40 CB
POLTEPAIAZ - PODSAVANNAH
— ] NEAEZ Amity
AMAAAATH ®MA N.2859/2000 APOPO 24 NEPINPAPH -
VAT EXEMPTION L.2859/2000 ARTICLE 24 OCEAN FREIGHT IZMIA1 057 — LSO —
EZCO0A POPTOEHE 24
NPAKTOPEIAKA AIKAIOMATA ESAMOrHE - 24%
PIRAEUS CONTAINER TERMINAL CHARGE - 24%
ZYTIZH - VGM - 24%
KOZTOE NIETOEHE - 24
| Anakiap ®n paor rur dptpw: 24fnoptcar), NI MIZTOZED S 020
[ g e o on - ona
| @il 000 ciniaser nenTaKOmA TPANTA EN1TA EYPO s ACKA ENNEA AE EYNOAO —
Goirs A
PIRAEUS BANK - BLC : PIRBGRAA

ANAAYEH OTIA / VAT ANALYSIS )
KABAPH AZTA/NET VALLE |5 anarvaT | ASIA enAaT vALLE EUROBANK - BC. : ERBKGRAA
L o
o NAHPQTED EYPR/TOTAL IN EURD

QNPOIETAMENCE @ EKaLAQN

THE ACCOUNTS MANAGER THE 1SSUING EMPLOYEE THE CASHIER
— ‘GIEX DI EPTALIEX ANARAMEANONTAI IYWOCNA ME TOYE TENKOYE MAL OPOYE METAGOPAL 0T ENIOMATONONTA! LE DAEL TIE TYMOGHIEE
METAROPAL N0V EMALTE O [ENKOH AL PaTH ZHTHD

Mpurémuno yia NekarryBrototype for Client

(a) First PDF. (b) Second PDF.

ARIAN MARITIME NAYTIAIAKH META®OPIKH A.E.
ARIAN e
MARITIME S.A. it e

ENTOAH ®OPTQLHE Ssses

AP. ENTOAHL : oW

Hyepopnvia | 14101/2025 Mpog
|Arian Number || easmme
|Ap. MepiBag

1 ‘szpnnnmdmmmu |
‘Vdum& |
[@opTwing

[eduvon Sopruong
|

—
[Tk 22260-24735 Fax:22280-24113
Tpcoponos PIRAEUS / RICHMOND
[Cut-Off Dats
Ref EvioAta

Mapahfmng

NpoPAfiTa NapaBoang |PPA -oAn

[Apypac Booking
Depr ——

EAMALA

Nourien
Mhoio [——
i Avezpnong (247172025 12:00:00 i
Nadhog ELOTEPIKH OAIKH META®OPA 24% EUR 330,00
TERwvVEraRr ATOBA
Evéicig OBnyieg

Tivoha: Nootrma_ | 0| Maxré Bapeg | 0,00 Volume 0,00

D iy QRN 5., - Pocng: 210 THLGSTI - mewikanse

(¢) Third PDF.

Figure 5: Examples Of Invoices
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EAAHNIKH AHMOKPATIA

MANEMIETHMIAKOQ FENIKO NOZOKOMEIQ HPAKAEIOY

Tnyi. 2810 - 392592

Eppaaripio Kivwijs Xnueias - Buomuzias TA.LN.H.

Ovopatendvopo: ABANAZAKHI EYAITEAOX Huw/via mapakafiic 27/12/2023
Tatpdvuuo: NIKOAAOL Kud. oaxihou Acf, SN
Kiavo; S AlA: wn
Asippa/ apotheven:  OPOL
BIOXHMIKEEL EEETAXEIEZ AIMATOX
Ovopaaia cEerdozoy Anote. | Movades Tusés avapopic
Thokely 58 mgdL | 74-106
Oupict 54 mgdl [ 1743
Kpeamvi 1.26 mgidl | 0.72-L18
SGOT (AST) OfnhoZeur tpavanpivor 30 UL |50
SGPT (ALT) [vpootaguias tpavoagivion 32 UL |<s0
1-GT 20 UL <55
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ApDS
(a) First Page.
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AIMATOAOIIKO EPTAETHPIO ITA.T.N.H.
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Figure 6: First example of blood test results.
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Figure 7: Second example
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Figure 7: (continued) Second example of blood test results.
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4.3.2 Field Extraction Tests

The purpose of this subsection is to evaluate the detection of fields in a given PDF
document by the Field Detection Agent proposed in Section 3.1.6.

Parameters.

1. Chunking and Overlap: Text is split into chunks of 480 tokens with 20-token
overlap using SentenceSplitter. Overlap is used in order to eliminate the risk
of losing important contextual information that may occur at chunk boundaries,
ensuring smoother transitions between chunks.

2. Language model: Qwen2.5:32B [32] is used for generating the final answer from
the input chunks. The temperature is been set to 0 for consistent responses and
easier evaluation.

Experimental Setup.

e Input: Chunks of translated, postprocessed text extracted from Soil Analysis
PDFs of both sizes, Invoices and Blood Test Results.

e Evaluation: For each input PDF, a manually constructed JSON contains all the
important fields that need to be extracted, as described in Section 4.1.2. Each
field accounts for possible variations in naming (e.g., name, Surname) to ensure
accurate matching, regardless of formatting or capitalization. The evaluation
score is defined as the percentage of important fields correctly extracted from the
total number of expected fields. Any additional fields that are not part of the
important set but are extracted, are ignored during scoring.

e Procedure: Each PDF from the dataset is firstly chunked and then passed to
the input of the Field Detection Agent, which produces a JSON object contain-
ing a list of extracted fields. The process is repeated, until all chunks have been
processed. Each PDF is tested five times to compute an average score, ensur-
ing consistent behavior and accounting for potential randomness in the language
model’s responses.

Results The results of the test are presented in Table 22. The overall accuracy,
reported as 87%, is calculated as a weighted average of the individual scores to account
for the different number of documents in each category.

Document Type Field Detection Accuracy (%)
Soil Analysis Reports 93.9
Invoices 2.7
Blood Test Results 90.1

Table 22: Field Detection Accuracy across different document types.
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Observations And Analysis As seen from the results, there is a significant drop in
the performance of the agent, when dealing with invoices. The cause of this drop lies
in the structure of these documents, which is more inconsistent and complex than the
other two types, with tables often lacking clear separators, such as lines. Even after post-
processing, the format remains challenging for the agent leading to weak performances
and lack of understanding of the format.

4.3.3 Prompt Builder Tests

The purpose of this subsection is to demonstrate the capabilities of the Prompt Builder
Agent, introduced in Section 3.1.8, in constructing prompts based on the provided
instructions.

Parameters.

1. Chunking and Overlap: Text is split into chunks of 480 tokens with 20-token
overlap using SentenceSplitter. Overlap is used in order to eliminate the risk
of losing important contextual information that may occur at chunk boundaries,
ensuring smoother transitions between chunks.

2. Language model: Qwen2.5:32B [32] is used for generating the final answer from
the input chunks. The temperature is been set to 0 for consistent responses and
easier evaluation.

Experimental Setup.

e Inputs: Receives a list of extracted field names (e.g ph, name, address, etc.) from
a document.

e Evaluation: The Prompt Builder Agent is evaluated on its ability to correctly
follow the provided instructions and construct a valid, unambiguous prompt for
the extraction method. The evaluation considers whether the generated prompt
enforces the required constraints and contains all necessary elements. The key
evaluation criteria are:

— Rule 1: JSON requirement. The produced prompt must explicitly in-
struct the extraction method to return output strictly in JSON format, with-
out any additional text or commentary.

— Rule 2: Schema conformity. The prompt must explicitly contain the
requested output format that consists of a full JSON schema with value,
unit, and method keys for every field.

{
"<field 1>": {"value": value,
"unit": unit,
"method": method},

"<field 2>": {"value": value,

"unit": unit,
"method": method},
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— Rule 3: Field completeness. The prompt must include all fields specified
in the input list.

— Rule 4: Missing values handling. The prompt must state that missing
attributes must be filled with empty strings ("").

— Rule 5: Separation of value and unit. The prompt must enforce the rule
that value and unit are strictly separated (the unit must not be included in
the value).

The production of each prompt gets a score from 0/5 to 5/5, since there are 5
rules that must be followed.

e Procedure: Fields extracted from the Field Extractor Agent are passed through
the input of the agent. For batches of 5 fields, the agent creates the correspond-
ing prompts. Each prompt is evaluated with the criteria described above. The
procedure is repeated for all the dataset.

Results: The results of the experiments are given in the following table:

Rule 1 | Rule2 | Rule 3 | Rule4 | Rule 5 | Total Score (Avg.)
100 % 98 % 100 % 100 % 100 % 99.6 %

Table 23: Evaluation of the Prompt Builder Agent across individual criteria and total
average score.

Example Output: For the input field names: Surname, Name, LocalCommunityRe-
gion, FieldLocation, Crop the agent produces the following response:

You are an Extractor Agent tasked with extracting the following fields
from the source document:
Surname, Name, LocalCommunityRegion, FieldLocation, Crop.

Provide your output in this exact JSON format:

{"Surname" : {"value " . nn "l.l].’lit" . nn "method” : " n}
llNamell : {llvalue n : nn , Ilunit n : nn , "methOd" : n II} s
"LocalCommunityRegion": {"value": "", "unit": "", "method": ""},
"FieldLocation": {"value": "", "unit": "", "method": ""},
llCropll : {llvalue n : nn "llnlt n : nn |lmethodll : n Il}
}.

If a value is not found, set Value="", unit="", method="".

SEPARATE the value, from the unit. Do not include the unit in the value.
Return ONLY valid JSON.
Do NOT add any introductory or explanatory text - return the dictionary ONLY.
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Observations And Analysis The evaluation demonstrates that the Prompt Builder
Agent achieves near-perfect accuracy across all defined rules. The only small inconsis-
tency appears in the 2nd rule, which is the most complex one. This outcome can be
attributed to the relative simplicity of the task and the limited input size, which consists
only of the instruction template and the list of fields leading the agent to achieve great
performance.

4.3.4 Multi-Agent Configuration Tests

This section presents the evaluation of the different architectures of the multi-agent
system described in Section 3.2.2. The configurations (A, B, C, and D) explore varia-
tions in system design, including the integration of an intermediate Postprocessor Agent
between the Field Detection and the Prompt Builder Agent, as well as the choice of re-
trieval method employed in the final stage, namely Chunk-Level Retrieval (Section 3.1.5
) and classic RAG Retrieval (Section 3.1.4 ).

Parameters

1. Chunking And Overlap: All of the Field Detector, Post Processor Agents and
the Chunk-Level Retrieval method recieves the text splitted in chunks. Text is
split into chunks of 480 tokens with 20-token overlap using SentenceSplitter.
Overlap is used in order to eliminate the risk of losing important contextual in-
formation that may occur at chunk boundaries, ensuring smoother transitions
between chunks.

2. Language model: Qwen2.5:32B [32] is used from every agent for generating the
responses. The temperature is been set to 0 for consistent responses and easier
evaluation. The same model and temperature is also used by the Chunk-Level
Retrieval method.

3. RAG Parameters

(a) Top-k retrieval (k = 3): For each prompt, the 3 most relevant chunks are
retrieved based on semantic similarity.

(b) Chunking: Text is split into chunks of 500 tokens with 50-token overlap
using SentenceSplitter.

(c) Context window: The LLM context length is set to 4096 tokens, allowing
sufficient room for both prompt and retrieved content.

(d) Embedding model: intfloat/multilingual-e5-large [42] from Hug-
gingFace is used for generating dense vector representations of text.

(e) Language model: Quen2.5:32B [32] is used for generating the final answer
from the input chunks. The temperature is been set to 0 for consistent
responses and easier evaluation.

Experimental Setup

e Inputs The extracted, post-processed, translated text from PDFs in the expanded
dataset consisting of both small and large soil analysis reports, invoices and blood
test results.
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e Requested Output: For each field, the schema that must be produced is the

following:
{
"field name": {
"Value" . nn s
|lunit n : nn s
|lmethodll : nn
}
}

e Evaluation: Manual prototype JSONs were used for ground truth comparison,
as described in Section 4.1.2. Each JSON contains the fields together with their
values, units and methods.

e Procedure: For every input PDF, its content is extracted, post-processed, trans-
lated and then passed through the multi-agent system. At first, the Field Detector
Agent extracts the possible field names. Depending on the configuration, the Post-
processor Agent evaluates and refines the extracted fields. This step is present only
in the Configurations C and D. The fields pass through the Prompt Builder for
prompt construction. Finally, the prompts pass through one of the two differ-
ent retrieval methods. This procedure is repeated 5 times for every PDF in the
dataset to get the average accuracy, ensuring consistent behavior and accounting
for potential randomness in the language model’s responses.

Metrics And Results
e Value Accuracy: Correctness of values extracted for the fields.

e Unit Accuracy: Correctness of units extracted for the fields.

Method Accuracy: Correctness of methods extracted for the fields.

Total Accuracy: The average from the value, unit, method accuracy.

Correct Fields: The ratio of correctly extracted field names to the total number
of fields that were expected to be extracted.

Results: The results are reported separately, according to the type of input PDF,
with a dedicated table for each document category. The tables contain the dedicated
accuracy of each one of the value, unit and method parameters, a total accuracy and
the percentage of the correctly extracted field names. An additional summary table
is provided at the end to present the overall performance across all types. For Soil
Analysis Reports specifically, two tables are included. The first one (Table 24) reports
results for the subset of approximately 30 fields that were originally targeted in Part
1 (Section: 4.2.5) tests of the thesis. The second table (Table 25) provides the overall
performance for Soil Analysis Reports, when using the Field Detection Agent from
Part 2, which considers a much larger set of fields. Importantly, the original 30 fields
from Part 1 are fully contained within the broader field set of Part 2, enabling both
focused evaluation on the original subset and overall assessment on the extended set.
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Configuration | Value (%) | Unit (%) | Method (%) | Total Accuracy (%)
A 88.8 87.7 81.2 85.9
B 81.7 80.9 73.4 78.7
C 82.2 85.0 79.2 82.1
D 77.5 79.5 75.2 77.4

Table 24: Performance of each Multi-Agent Architecture for Part 1 Set Soil Analysis

Reports

Configuration | Value (%) | Unit (%) | Method (%) | Total Accuracy (%) | Correct Fields (%)
A 77.0 77.0 73.0 75.7 93.9
B 78.3 77.5 73.3 76.4 93.9
C 70.0 74.2 71.0 71.7 90.1
D 73.4 76.0 72.2 73.9 90.1

Table 25: Performance of each Multi-Agent Architecture for Part 2 Soil Analysis Reports

Configuration | Value (%) | Unit (%) | Method (%) | Total Accuracy (%) | Correct Fields (%)
A 56.4 67.5 71.8 65.2 2.7
B 57.8 67.0 71.8 65.5 72.7
C 49 63.3 61.8 58.0 62.6
D 51.5 59.8 62.8 58.0 62.6

Table 26: Performance of each Multi-Agent Architecture for Invoices

Configuration | Value (%) | Unit (%) | Method (%) | Total Accuracy (%) | Correct Fields (%)
A 80.6 83.0 82.0 81.9 90.1
B 80.3 83.3 83.3 82.3 90.1
C 75 76.3 75.7 75.7 83.2
D 75.3 76.7 76 76.0 83.2

Table 27: Performance of each Multi-Agent Architecture for Blood Test Results

Depending on the input size, the execution time of the agents varied significantly.
Specifically, the Field Detection Agent required between 10—40 seconds, the Field
Postprocessing Agent between 15—60 seconds, and the Prompt Builder Agent between
40-160 seconds.

Observations And Analysis

e Effect of the Postprocessor Agent: The introduction of the Field Postproces-
sor Agent, although designed to filter noise and clarify ambiguous fields, does not
lead to overall improvements in performance. This is because, in several cases, it
mistakenly removes fields of actual interest, resulting in a decrease in the number
of correctly extracted values. The cost of losing valid fields outweighs the benefits
of cleaning noisy ones.
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Relation between Correct Fields and Overall Accuracy: The results show
a strong correlation between the percentage of correctly detected fields and the
overall extraction accuracy. When a field is not detected, it is excluded from
the prompt built for the retrieval phase, meaning that no extraction instruction
is passed forward. Consequently, the completeness of field detection is a critical
factor in determining the quality of the overall pipeline.

Comparison with Part 1 Field Subset: As seen in Table 24, the performance
on the subset of approximately 30 fields is the same or slightly better in Part 2
compared to Part 1. This may be attributed to the improved prompts generated
by the Prompt Builder in Part 2, which are smaller, more structured and precise
than those used in the first phase.

Configuration Comparison: In general, Configurations A and B demonstrate
superior performance compared to C and D. Between the two, Configuration A
has a slight advantage, achieving marginally higher overall accuracy and correct
field percentages across most document types. This suggests that the addition of
the Postprocessor Agent in Configurations C and D does not provide consistent
benefits.

Performance on Invoices: The most pronounced performance drop is observed
in invoices, where total accuracy falls below 66%. This decline is primarily due
to the inconsistent formatting of invoices, which often lack clear tabular structures
or separators, such as lines. Even with additional processing, the irregularity and
variability of invoice layouts present a significant challenge for field detection and
extraction.
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5 Conclusion

5.1 Summary

This thesis project aimed to develop and evaluate methods for extracting and retriev-
ing information from semi-structured PDF documents, focusing on Greek soil analysis
reports at first, but later generalizing across different domains, such as invoices and
blood test results. The objective was to design an effective pipeline that combines text
extraction, postprocessing, translation, and retrieval augmented generation (RAG).

Both native PDF extraction and OCR-based approaches were tested to address
digital and scanned documents. Postprocessing module corrected errors and improved
formatting, while translation standardized the text into English. Several retrieval work-
flows were compared, and a Field Extraction Multi-Agent System was introduced, con-
sisting of detection, postprocessing, and prompt-building agents to structure field infor-
mation for RAG.

Experiments showed that OCR on Greek scanned documents is highly dependent
on scan quality, whereas native extraction was more reliable. Postprocessing and trans-
lation significantly improved text quality, and the multi-agent framework proved effec-
tive in automating the extraction process, by identifying fields of interest, constructing
prompts for retrieval methods and finally extracting the values, units and methods of
each field.

Furthermore, the experiments demonstrated that RAG achieved comparable accu-
racy to full-context prompting in small documents, while also scaling effectively to larger
reports, overcoming the context length limitations of LLMs.

Overall, the thesis contributes a comparative study of extraction and retrieval tasks
on technical PDFs, the design of a multi-agent framework for field extraction, and
insights into the application of large language models and RAG to heterogeneous doc-
ument processing.

5.2 Limitations

Despite the positive outcome of data retrieval automation, several limitations of the
present research must be acknowledged. A primary challenge lies in the accuracy of
text extraction, which directly affects the quality of subsequent retrieval. In particular,
errors or inconsistencies introduced during extraction propagate through the pipeline,
reducing the reliability of the final results.

A further limitation concerns the use of OCR for scanned PDF documents. Due
to the Greek content and the variability in scan quality, OCR-based extraction often
produced incomplete or noisy outputs, highlighting the sensitivity of this approach to
document quality.

Resource constraints also imposed restrictions. LLMs require a huge amount of
computational resources, especially on GPU memory, in order to be invoked. The ex-
periments were conducted using locally executed large language models, which limited
the scale of testing and the range of models evaluated. Inference time was another bot-
tleneck, as multi-stage pipelines—particularly those involving postprocessing, transla-
tion, and RAG retrieval—introduced significant delays, making deployment in real-time
applications challenging.

Finally, even when the models were tuned to produce deterministic responses by
setting the temperature to zero, instances of unexpected outputs still occurred. This
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inconsistency posed challenges during the evaluation phase, as it required multiple ex-
perimental runs in order to obtain reliable average results.

These limitations underline the dependence of the proposed methods on both doc-
ument quality and computational resources, and they point to areas where future work
can improve robustness and efficiency.

5.3 Future Work

The field of document understanding and retrieval is highly dynamic, with new models
and techniques emerging at a rapid pace. Consequently, there are several directions for
extending the present research.

Firstly, future work can explore alternative models at all stages of the pipeline. More
recent embedding models, as well as advanced LLMs, may be integrated both within the
agents of the multi-agent system and in the supporting modules, potentially improving
performance and efficiency.

Secondly, additional methods can be investigated in the extraction phase. Beyond
the current text-based libraries, machine learning approaches specifically designed for
document layout analysis could be applied. Vision-language models may also be em-
ployed either for direct extraction or for reconstructing complex document layouts,
offering more robust handling of heterogeneous inputs. Moreover, machine learning
models can be fine-tuned on unstructured PDF's in order to automatically recognize
and classify fields within the content.

Finally, the retrieval process itself can be extended by adopting more sophisticated
paradigms, such as agentic RAG, where autonomous agents manage retrieval strategies
adaptively. Such approaches may enhance scalability, robustness, and adaptability in
real-world applications.
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