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Abstract

Question answering (QA) systems are essential tools in natural language processing
(NLP), designed to interpret user queries and generate relevant answers. These systems
have evolved over time from rule-based models to advanced machine-learning-based
approaches. The emergence of the transformers architecture and Large Language Models

(LLMs) have set the stage for modern QA systems.

LLMs have transformed QA by leveraging vast datasets to generate human-like responses
across various domains and their ability to understand complex linguistic patterns.
However, LLMs often generates plausible but incorrect answers particularly in
specialized domains like law and religion where accuracy is critical. This phenomenon is
known as “hallucination”. The risk of “hallucination” is increased when dealing with a
complex language like Arabic. Arabic language, with its rich morphology, diverse
dialects, and its dependency on diacritics, present significant challenges for LLMs

primarily trained on Western languages.

Fine-tuning LLMs for domain-specific tasks is time-intensive, and computationally-
expensive, given their massive parameters size, demanding innovative approaches to

mitigate the LLMs hallucination issue without extensive re-training.

This thesis introduces Nebras, a generic multi-domain QA system leveraging a Retrieval-
Augmented Generation (RAG) framework, LLM agents, and a hybrid retrieval approach.
Nebras’s knowledge base can be dynamically extended by following simple guidelines
and using its built-in mapping component, enabling it to adapt to any textual dataset. By
employing an Agentic RAG pipeline, Nebras optimizes each processing stage using
specialized agents. Furthermore, it utilizes pre-trained LLMs without fine-tuning,
enhancing scalability and reducing computational costs.

XI



Experimentation results demonstrated Nebras’s performance in Arabic domain-specific
QA. In the Islamic fatwa domain, it achieved a BERTScore-F1 of 70.94%, a METEOR
of 13.49%, with 9 accepted fatwas compared to only 7 accepted from GPT-4o0. In the
university help-desk domain, Nebras achieved a BERTScore-F1 of 75.80%, METEOR of
40.20%, and BLEU of 9%, significantly outperforming the BLEU score of 2.3% from
GPT-40's. These results highlight Nebras's ability to enhance factual accuracy, confirming

its potential as a scalable Arabic QA solution.

Keywords: NEBRAS, Multi-domain Arabic question-answering, Agentic Retrieval-

Augmented Generation, Large Language Models
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Chapter One

Introduction and Theoretical Background

Research in language modeling began in the early 1950s with Shannon's work exploring
the predictive and compressive capabilities of simple n-gram models on natural language
[1]. Over time, statistical language modeling became a foundational technique in various
natural language understanding and generation tasks, such as speech recognition,

information retrieval, and question answering [2].

The introduction of neural network-based approaches represented a paradigm shift in
language modeling, moving beyond traditional statistical methods [3]. Early deep
learning approaches laid the groundwork for future progress by enabling the capture of
more complex textual patterns and contextual dependencies [4]. This advancement led to
the development of transformer architectures which revolutionized the field by enabling
the effective handling of long-range dependencies and parallel processing [5]. These
advancements marked a new era of NLP and paved the way for the emergence of

LLMs][6].

LLMs have significantly advanced NLP by demonstrating their ability to understand and
generate human-like text [7]. LLMs scale, architecture, and their training on extensive
and diverse datasets, enabled them to capture hidden and complex patterns in language
[8]. These capabilities allowed the models to achieve state-of-the-art performance across
a variety of NLP tasks, including but not limited to text summarization, sentiment

analysis, machine translation, and question-answering [9] .

LLM capabilities are often tested by the complexities of other languages like Arabic
[10,11]. Unlike most Western languages, Arabic is characterized by its rich and complex
morphology, its dependence on diacritics, and its multiple verb variations and noun forms
[12]. This complexity makes accurate language processing a challenge. Diacritical marks
(harakat) are often omitted in most standard texts in written Arabic, such as newspapers,
books, and other general writing. These marks indicate short vowels and certain
grammatical features, and their absence can introduce ambiguity in word meaning and
pronunciation [13]. This ambiguity arises because many Arabic words are written as
skeletons without diacritics, making the intended word dependent on context. For

example, the root "<iS" (k-t-b) can mean "he wrote" (kataba), or "books" (kutub),



depending on the diacritics and context. This ambiguity becomes even more noticeable
when paired with the wide variety of Arabic dialects, which often differ significantly from
Modern Standard Arabic in vocabulary, syntax, and pronunciation [11]. Combining these
factors with the lack of high-quality Arabic datasets, lead to weaker performance and
frequent misunderstandings in Arabic-language tasks compared to languages with richer

datasets [14].

In the field of QA, LLMs typically rely on the knowledge acquired during training and
stored within their parameterized memory to generate responses [15]. This reliance makes
them exposed to knowledge gaps in specialized domains, and difficulties in processing
diverse languages, increasing the risk of generating irrelevant or factually incorrect
answers —a phenomenon commonly referred to as hallucination [16,17]. Moreover, the
inherent complexity of natural language often results in models misinterpreting questions,
leading to responses that are either irrelevant or incorrect [18]. For instance, when posed

with the Arabic question:
faibgll - el dasls & Lslad) paadsl Jeadll Jare 58 L

(English translation: What is the required GPA for the Accounting major at An-Najah

National University?)

Google's Gemini 1.5 Pro didn’t provide direct answer about the minimum required GPA,
instead it explained why academic majors do not have a fixed minimum required GPA at
An-najah national University, resulting in an irrelevant response. The generated response

is detailed in Appendix A.

When OpenAl’s GPT-40 was presented with the same question, it demonstrated a clear
understanding of the query but incorrectly identified the minimum required GPA for
admission as being between 80-85% while in 2024, the actual minimum GPA for
admission to the Accounting major at An-Najah National University (NNU) is 65%. The

complete response from GPT-40 can be found in Appendix B.

These challenges are further increased when dealing with specialized domains in general,
particularly in sensitive areas like legal counseling and religion, which often require deep
knowledge understanding and reasoning, as well as access to information that may not
have been available to the LLM during its creation [19].

2



In Islamic religious context for example, Fatwas serve as a crucial guide for Muslims on
legal, ethical, and religious matters. Fatwas are formal statements issued by qualified
Islamic scholars (Mulftis) after analyzing Quranic verses, Hadith narrations (teachings
attributed to the Prophet Muhammad), and the established reasoning of past Islamic
scholars and Imams to establish an answer for a specific case [20]. The significance of
Fatwas lies in their ability to translate broad Islamic principles into practical guidance for
individuals facing unique situations. They offer clarification on permitted actions, ethical
dilemmas, and religious obligations in a constantly evolving world. Therefore, inaccurate
or misleading Fatwas can have serious religious and legal repercussions for the user.
Moreover, Islamic Fatwas can differ among scholars due to variations in jurisprudential
schools of thought (madhahib), resulting in a diversity of perspectives on the same

issue[21,22].

These factors highlight the importance of accurate and reliable resources when seeking
guidance through Islamic Fatwas. Accurately understanding the context of Qur’anic and
Hadith verses, and reasoning within Islamic text is crucial for navigating the complexities
of Islamic law [11]. Current LLMs might struggle with this depth of domain-specific
knowledge. For example, Google's Gemini 1.5 Pro and OpenAl's GPT-40 were asked the

following Arabic fatwa question:

e e @2 z55al) Ao ane dapd pe Asee Llie 440 latind gog 5l oS
(translated to English): What is the Islamic Fatwa ruling on promoting a company's

products in exchange for a commission, with a prior condition requiring the promoter to

pay a sum of money?

Both the Gemini and GPT-40 responses presented multiple rulings for various scenarios,
deeming it ¥» (permissible) in some cases, whereas the Mufti's response explicitly
declared it 2\~ (forbidden). The detailed responses from both Google's Gemini 1.5 Pro
and OpenAl's GPT-4o0, along with the Mufti's ground truth answer, are provided in
Appendices C - C.1, C.2, and C.3.

In contrast, academic domains often involve factual queries requiring precision, clarity,
and contextual understanding, such as university policies, course requirements, or
research guidelines. These inquiries are typically based on carefully crafted institutional

policies and thoroughly reviewed documentation [23,24]. Specialized academic domains



pose unique challenges for LLMs due to the diversity, complexity, and constant evolution
of educational systems and their policies. Research highlights that LLMs struggle with
reasoning tasks requiring specialized knowledge which necessitate efforts in domain-
specific data acquisition and fine-tuning [25]. The dynamic nature of academic content
and institutional guidelines further complicates matters, as static training data risks

outdated or biased responses in such domains [26,27].

Fine-tuning is one approach to mitigate LLM hallucinations, either by expanding the
model's knowledge or enhancing its linguistic capabilities. However, updating a model's
parameterized memory through fine-tuning is challenging, as there's no established
method for directly overwriting existing knowledge, leading to potential knowledge
conflicts—an ongoing research area [28,29]. Expanding a model's language capabilities
within a specific domain typically involves fine-tuning on data relevant to that domain.
If the model lacks initial support for the target language, pre-training on a large corpus in
that language is usually necessary before domain-specific fine-tuning [30]. Furthermore,
given the large number of parameters in LLMs, fine-tuning demands significant
computational resources, making it a time-consuming and expensive process. However,
advancements in parameter-efficient fine-tuning (PEFT) methods, such as Low-Rank
Adaptation (LoRA) or adapter modules, can enable targeted updates without requiring
full re-tuning of the model, mitigating some of these challenges but requiring careful

tuning of their hyperparameters, which can impact performance if not optimized [35].

An alternative approach to mitigating hallucination in LLMs is RAG. RAG integrates a
language model with an external retriever that fetches relevant documents from a
knowledge base, enabling the model to generate accurate responses by referencing up-to-
date information [19]. This method can be more efficient than fine-tuning because it
avoids altering the model's internal parameters, reducing computational costs, and
enabling dynamic updates to the knowledge base [32]. However, RAG has its challenges,
including ensuring retrieval accuracy, managing outdated or conflicting information, and
maintaining retrieval latency at scale [33]. Additionally, applying RAG to languages like
Arabic requires effective retrieval mechanisms for morphologically rich languages [34].
Recent advancements in RAG, such as the incorporation of intelligent agents, have
improved retrieval and synthesis processes, addressing limitations like retrieval accuracy

and latency while expanding the system's capabilities [35-37].



Agents in LLMs leverage their extensive reasoning capabilities to autonomously perform
tasks by interpreting complex instructions and execute multi-step processes, acting as
intermediaries between users and computational resources [38,39]. These agents
demonstrate versatility across diverse domains such as social and natural sciences and
engineering, but challenges like maintaining consistent performance, accurate contextual

understanding, and seamless tool integration persist [38,40].

Traditional RAG systems lack decision-making and validation mechanisms. In contrast,
Agentic RAG integrates intelligent agents to dynamically select, process, and validate
relevant information, enhancing response accuracy, contextual relevance, and robustness
compared to traditional RAG systems [15,35,36]. In addition, employing agents into the
RAG approach, implementing Agentic RAG, gives the ability to handle complex, multi-
step reasoning tasks more effectively and deliver contextually appropriate responses

[37,41].

This research introduces Nebras, a novel multi-domain Arabic question-answering
system designed for adaptability across various domains. Unlike traditional models that
require domain-specific fine-tuning, Nebras processes textual datasets provided by users
to expand its domain coverage. This capability allows the system to incorporate new
datasets provided by administrators without the need for costly and time-consuming re-
training processes. Nebras leverages a hybrid retrieval approach that combines multiple
techniques to ensure relevant information retrieval from large-scale corpora. It employs
Agentic RAG pipeline which consist of multiple agents, each performing a specific task
in the system’s proposed pipeline. These agents work in coordination with pre-trained
LLMs, enabling Nebras to deliver accurate, factually grounded, and context-aware
responses. This design ensures that Nebras remains flexible, scalable, and capable of

addressing diverse Arabic language applications across various sectors.

1.1 Theoretical Background

This section presents an overview of the theoretical concepts in the field of question-
answering systems and recent advancements in the field.

1.1.1 Question Answering

QA is a core task within the field of NLP, which deals with enabling machines to

understand and process human language. QA systems are designed to answer questions

5



posed by users in natural language aiming to provide relevant, accurate answers by

analyzing the input query and generating appropriate responses [42,43].

Based on their reliance on different data structures, QA systems can be categorized into
text-based and knowledge-based [44]. Knowledge-based QA utilizes structured
knowledge bases (KBs) that store information as triples in the format (subject, predicate,
object) [45]. These systems answer questions by querying single or multi-relation facts in
the KB, with single-relation questions relying on one fact and multi-relation questions

requiring reasoning over multiple connected facts [46,47].

In contrast, Text-based QA retrieves answers from unstructured text, such as documents
or articles, by identifying and extracting the most relevant passages that matches the query

[45]. These systems typically follow a three-steps pipeline [43]:

1. question processing: involves query formulation and answer type detection using
classifiers.

2. document and passage retrieval: which employs information retrieval (IR) models to
extract relevant text segments.

3. answer extraction: where the system measures the similarity between the query and
candidate answers to determine the most appropriate response.

Advanced deep neural models are often employed to enhance text-based QA by

accurately matching questions with potential answers [44,45].

1.1.2 Large Language Models

LLMs are computational systems designed to understand and generate human language
by leveraging statistical methods to predict word sequences or generate responses based
on input [48]. These models achieve remarkable performance in tasks such as text
generation, translation, and summarization (to name a few) due to their large-scale
training on extensive datasets and their implementation of the Transformer architecture
[49]. Central to this architecture is the self-attention mechanism, which enables efficient
parallel processing and assigns varying importance to input tokens. This allows the model
to capture long-range dependencies effectively [5]. Transformers have powered state-of-
the-art language models like Google's BERT [6], Facebook's RoBERTa [50], and
OpenAl's GPT-3 and GPT-4 [8,51].



The massive size of LLMs, billions to trillions of parameters (hence the name "Large"),
is a critical factor in their performance. This scale enables LLMs to learn complex
language patterns and develop sophisticated linguistic abilities [49]. Moreover, LLMs
have demonstrated the emergence of novel capabilities, such as in-context learning [52].
This ability allows the models to adapt to specific tasks and generate contextually relevant
responses, making them well-suited for a wide range of applications, including dialogue
systems [48], step-by-step reasoning [53], even processing none-textual input like images

and audio (known as Multi-modal Large Language Models) such as Google's PaLM [54].

As knowledgeable and plausible-sounding they are, LLM-generated responses can be
nonsensical or factually incorrect, therefor cannot always be trusted. This phenomenon is

common in LLMs and known as "hallucination" [55,56].

LLMs typically relies on the knowledge they learned from the training process and stored
in their parameterized memory [15]. Hallucinations often arise from models attempting
to fill gaps in knowledge by generating responses based on probabilistic associations
rather than verifiable knowledge [24]. The hallucination problem becomes particularly
concerning in specialized domains, such as legal, or medical fields, where incorrect
information can have serious consequences and can mislead users, undermining trust in
LLM-generated responses. Even with their enhanced capabilities in understanding,
reasoning, and generation, Multi-modal LLMs are not immune to generate hallucinated

content that may appear plausible [57].

One established approach for interacting with LLMs is prompt engineering. This
technique involves crafting specific textual prompts to guide the LLM's response
generation process[62]. Users can steer the LLM's output towards desired outcomes and

tasks by carefully designing these prompts.

1.1.3 Prompt Engineering

Prompt engineering enables LLMs to perform a wide array of tasks without requiring
retraining nor fine-tuning. practitioners can guide LLMs toward generating contextually
relevant and accurate outputs by designing the input prompts thoughtfully, leading to
enhancing the LLMs performance [63].



Prompt engineering involves crafting specific instructions or queries (prompts) that
encourage the model to generate responses aligned with the user's goal. Recent studies
have expanded the landscape of prompt engineering by exploring methods such as zero-
shot and few-shot prompting [60,61]. Zero-shot prompting allows LLMs to perform new
tasks without any task-specific training by relying entirely on the model’s pre-trained
knowledge base [61]. This technique is widely used for large models like GPT-3 where a
well-structured prompt can enable the model to perform tasks it has never encountered
before [51]. On the other hand, few-shot prompting has shown improvements in handling
more complex tasks by providing the model with a few example inputs and outputs, even

with minimal additional input data [62].

A notable advancement in prompt engineering is Chain-of-Thought (CoT) prompting
which was introduced by Wei et al. in 2022 [53]. CoT prompts guide the model through
logical steps, enhancing its ability to process and produce logical, reasoned outputs,
which makes it particularly useful for complex reasoning tasks such as mathematical
problem solving and commonsense reasoning. Further improvements to this approach,
such as Auto-CoT, automate the generation of reasoning chains, thereby enhancing

robustness and reducing human effort in creating example-based prompts [63].

The introduction of role-prompting has also improved the specificity of model outputs by
assigning a "role" to the model in the prompt, such as "acting as an expert" or "a friendly
assistant". This helps guide the model towards more contextually appropriate and accurate

responses in various domains [64].

Despite these advancements, challenges persist in optimizing prompts for more complex
tasks due to the influence of multiple factors, including task complexity, model biases,

and token limitations [65,66].

1.1.4 Retrieval Augmented Generation

RAG is a method that addresses factual hallucination and limitations in domain-specific
knowledge for LLMs by incorporating external knowledge through information retrieval
[32]. As illustrated in Figure 1, a traditional RAG-based QA system consists of three
steps[23]:

1. Indexing: storing vector representations (embeddings) of text chunks. These

embeddings allow efficient retrieval of relevant text based on similarity and often
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2.

stored in a vector database. Vector databases are specialized data management
systems designed for storing, indexing, and querying high-dimensional vectors. They
support similarity search by using nearest-neighbor search algorithms, enabling
efficient retrieval of semantically related data [67]. Unlike traditional relational
databases, which organize data in tables with rows and columns and rely on structured
query languages (SQL), vector databases handle unstructured data by representing it
as numerical vectors. While regular databases perform exact-match searches, vector

databases perform approximate nearest-neighbor searches.

Retrieval: identifies the most relevant text chunks for a given question. It uses the
same embedding model as the vector storage to find similar text based on the question

embedding.

Generation: generating answers from the retrieved text segments using a language

model.

The traditional RAG (also known as Naive RAG) adapts the Retrieve-Read method [68]

which takes the user's query, matches it against indexed documents, then retrieve the most

relevant k£ documents.

Figure 1
Traditional RAG Pipeline
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The Naive RAG approach faces significant drawbacks across its retrieval, generation, and

augmentation stages. During retrieval, it struggles with selecting relevant or well-aligned

content and may fail to retrieve essential information, leading to misaligned (inaccurate)
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responses [76]. In the generation phase, the model often produces hallucinated or
unsupported content, which compromises response quality and reliability. Additionally,
issues of irrelevance in generated outputs can further reduce effectiveness [19,69]. The
augmentation process presents challenges in addressing coverage errors and ensuring
retrieved content aligns effectively with task-specific requirements [71]. Moreover,
generation models can produce repetitive outputs or fail to integrate retrieved content
meaningfully, resulting in responses that reflect surface-level repetition rather than deep
contextual understanding [19]. To address these drawbacks, several modifications have

been introduced:

Index Structuring

A structural index enhances retrieval in RAG systems by organizing documents
hierarchically, creating multilevel parent-child relationships among document chunks
instead of indexing text chunks independently without any relationships or links between
them. This method is called Hierarchical Structure Indexing [19] were each child
document stores its parent document id to retrieve the entire parent document instead of
the text chunk , reducing issues associated with redundant or contextually-disjointed

chunks. Figure 2 illustrates a two-level Hierarchical Indexing for a single document.

Figure 2

Two-Level Hierarchical Structure Indexing for One Document
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Another indexing structure method is Knowledge Graph Structure Indexing, where
document chunks are represented as nodes, and the relation between chunks are

represented as edges. Adding a knowledge graph (KG) index further strengthens this
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structure by linking concepts and entities within the documents. This approach not only
minimizes errors in retrieval but also translates the process into steps the LLM can
interpret, leading to more accurate and contextually relevant responses. Methods like
Knowledge Graph Prompting (KGP) [72] use KGs to represent document sections as
nodes (such as pages or tables) and their connections as edges. This representation allows
capturing semantic relationships and enabling coherent knowledge retrieval and

reasoning across multiple documents [19].

Chunking Optimization

Chunking in RAG is essential for efficient and accurate query answering. It balances
providing enough relevant context with minimizing irrelevant data, thus improving
retrieval quality and computational performance [73]. Fixed chunk sizes are often used in
RAG pipelines and can sometimes lead to insufficient or excessive information within
each chunk. Techniques such as recursive chunking and sliding windows address this
issue by segmenting content based on natural language structures, like punctuation and
sentence boundaries, or by overlapping chunks to preserve coherence [74]. For
documents with clear structures, like financial reports, more advanced chunking methods
like element-based chunking provides a tailored approach by using structural cues like
titles and tables to create chunks, leading to more accurate retrieval [74]. While semantic
and agentic chunking strategies provide improved contextual alignment, their increased
complexity and computational requirements highlight the trade-off between retrieval

accuracy and processing efficiency [73].

Metadata Attachment

Incorporating metadata into document chunks can contribute to enhancing retrieval
performance in RAG systems, particularly in multi-document contexts [75]. Attaching
metadata such as page numbers, document titles, authorship information, timestamps, and
other relevant identifiers allows precise filtering and prioritize most recent information,
thereby improving retrieval relevance and minimizing the potential for confusion between
similar chunks originating from distinct documents [76]. Furthermore, artificially
constructed metadata bridges the semantic gap between user queries and document
content, like paragraph summaries or hypothetical questions generated by LLMs,
resulting into more accurate responses [75,76]. Incorporating metadata annotations also
add contextual layers to each chunk therefore improving the RAG system's capacity to

retrieve and present coherent information from diverse sources therefore [19].
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Re-ranking

Re-ranking models are essential in RAG systems, as they refine document retrieval by
applying a secondary prioritization based on relevance (secondary to the similarity score)
[19]. By reorganizing retrieved chunks, re-ranking ensures that the most relevant content
appears at the top, optimizing the document pool that is provided to the language model
[19,76]. This prioritization process can be rule-based, relying on metrics such as
relevance, diversity, and mean reciprocal rank (MRR), or it can employ model-based

methods leveraging advanced natural language processing models [19,76].

Re-ranking addresses the limitations of initial retrieval methods, which often prioritize
similarity (e.g., through cosine similarity scores) without fully assessing relevance
[19,76]. Advanced re-ranking models, like cross-encoders, are particularly effective in
accurately scoring chunk relevance for a given query, often outperforming simpler bi-
encoder models in this domain [19]. However, these approaches are computationally

intensive, especially those that use pre-trained language models (PLMs) [19,77].

Generative LLMs, such as GPT-3, can further enhance re-ranking by generating synthetic
queries for domain-specific training, enhancing the accuracy of the relevance-based
ordering without requiring vast amounts of new labeled data [77]. Despite their
performance, these re-ranking models are resource-intensive, emphasizing a trade-off

between retrieval precision and computational cost [19].

Context Compression

Context compression is a technique in RAG systems to optimize performance and reduce
inference costs. RAG systems retrieve relevant documents from an external datastore to
augment a language model's response, but incorporating full documents as context can
quickly lead to excessive token usage, exceeding the model's context length limits and
increasing processing time [78]. Instead of simply concatenating numerous documents,
context compression selectively simplifies information to minimize noise and highlight

essential data, allowing the language model to focus on the most relevant content [78].

Several strategies for context compression have proven effective. One method employs
small language models (SLMs) to filter out less important tokens in order to create a
compressed prompt. Although the compressed result might seem disjointed to humans, it

remains interpretable by LLMs and achieves compression without requiring further LLM
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training. Other methods train information extractors to identify relevant content within

large documents [19].

Combining document reduction with context compression further improves model
accuracy [19]. The "Filter-Re-ranker" paradigm, for example, uses SLMs as filters and
LLMs as re-rankers to prioritize relevant content. LLMs can also evaluate and critique
retrieved content before generating a response, discarding irrelevant information and
focusing on key details. These compression techniques are crucial for balancing
relevance, token limits, and processing costs in RAG systems while maintaining language

integrity [19].

Query Expansion and Re-writing

In RAG systems, query expansion enhances retrieval accuracy by adding relevant context
to the input query [19]. Hypothetical Document Embeddings (HyDE) achieves this by
using LLMs to generate hypothetical contexts, which are then embedded with the original
query to improve retrieval precision (Figure 3). This method is particularly beneficial
when limited labeled data or explicit knowledge is available, enabling RAG systems to

create richer embeddings by incorporating potential relevant details [79].

Figure 3
Query Expansion Using HyDE
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However, query expansion using LLMs, including methods like HyDE, can sometimes
introduce inaccuracies or hallucinations—where hypothetical content diverges from
factual information—especially if the LLM lacks knowledge of the query topic. To
address this, multi-query approaches expand the initial query into several targeted queries,

while sub-query methods break down complex questions into simpler prompts [19].
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1.1.5 Agents in Large Language Models

LLM agents are designed to autonomously perform tasks by leveraging the models'
reasoning abilities [38]. These agents can interpret complex instructions and execute
multi-step processes, acting as intermediaries between users and computational resources
[39]. Agents demonstrated their adaptability and potential for transformative impact in
various fields, including social sciences, natural sciences, and engineering [40]. However,
challenges remain in maintaining consistent performance, ensuring accurate contextual
understanding, and achieving seamless integration with external tools [38]. Ongoing
research focuses on improving the agents autonomy, reliability, and human-like

interaction [80].

Agentic RAG leverages LLM agents to enhance the retrieval of information and
overcome traditional RAG systems limitations [15] by incorporating intelligent agents
that dynamically select and process relevant information, thereby improving response
accuracy and contextual relevance [35]. This approach enables the system to handle
complex, multi-step reasoning tasks more effectively than naive RAG, which lacks such
dynamic decision-making capabilities [37]. Furthermore , by leveraging agents with
access to various tools, Agentic RAG can route queries to specialized knowledge sources,
leading to more accurate and contextually appropriate responses [36]. In contrast, naive
RAG systems directly use retrieved information without additional processing, which

may result in coherence issues in generated responses [15].

1.2 Literature Review

QA systems research began in the early 1960s, marking a significant area of study within
natural language processing [81]. Early efforts often adapted rule-based methodologies,
exemplified by the system proposed by Riloff and Thelen in 2000 [82]. However, their
work [82] highlighted several inherent limitations of this approach, including the
resource-intensive nature of rule creation, sensitivity to variations in wording and
sentence structure, and limited ability to draw inferences. Further challenges arise from
coreference resolution, contextual interpretation, and ambiguity management. Scalability
is also a constraint, and errors from earlier processing stages can cascade, negatively
impacting overall system performance. The manual crafting required by rule-based
systems complicates their maintenance and updates, and their inability to generalize can

lead to performance decline with larger datasets [83].
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In the pre-transformer era, machine learning and NLP techniques were combined in
various models to address the challenges of rule-based systems. Poon et al. [84] advanced
machine reading by combining probabilistic reasoning with NLP to infer meaning from
text, aiming to improve structured knowledge extraction from unstructured data using
statistical methods. Lende and Raghuwanshi [85] similarly used NLP techniques like
part-of-speech tagging, named entity recognition, and syntactic pattern matching to build
question-answering systems for educational texts, focusing on interpreting and retrieving

relevant information.

IR techniques were employed for extracting relevant text segments from extensive
document collections in addition to machine learning-driven methods in order to enhance
the overall performance. Dwivedi and Singh [86] conducted a comprehensive review of
question-answering systems showing how IR systems employed different techniques
such as document indexing, keyword matching, and ranking algorithms to locate relevant
information. The field was further advanced by the development of probabilistic IR
models and the introduction of statistical methods for relevance estimation [87]. Early
efforts, such as vector space models [88] and latent semantic analysis [89], laid the
groundwork for more sophisticated retrieval systems. Despite their contributions, these
early systems were often constrained by their reliance on complex NLP pipelines that
required accurate linguistic annotations and handcrafted rules. This dependency not only
increased the computational overhead but also limited their scalability and adaptability

across diverse domains and languages, as emphasized by Lende and Raghuwanshi [85].

Since the introduction of the Transformer architecture [5] and the introduction of BERT
[6], a few systems were introduced as extractive question answering systems [90-93].
The methodologies [90-93] involved fine-tuning BERT or its variants (like ROBERTa)
on domain-specific datasets, often with enhancements like hybrid architectures, semantic
layers, or de-biasing strategies to address specific challenges in extractive QA. Most focus
on leveraging transformer-based embeddings for efficient answer extraction. A common
set of challenges emerges across research on extractive question answering using BERT
and its variants. Many models exhibit domain and dataset dependence, performing well
only on datasets similar to those they are fine-tuned on, which limits their generalization
ability to diverse or unseen contexts [91,94]. Bias issues, such as position bias, cause
models to overly rely on the location of answers within passages rather than their content

[92]. Additionally, advanced architectures and mechanisms for improving performance
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often come with increased computational overhead, making them less practical for real-
world applications [90]. Language limitations are significant, particularly in low-resource
languages, where models struggle due to insufficient pre-training data and linguistic
complexity [91]. Finally, models often face challenges with contextual understanding,
such as handling complex sentence structures or reasoning across multiple sentences,

reducing their effectiveness in answering complex queries [90,93].

A methodology proposed by Alkhurayyif and Sait [95] for Arabic question answering
involves data preprocessing, named entity relationship identification using the
Multinomial Naive Bayes algorithm and Named Entity Recognition (NER), and response
retrieval leveraging ELMo embeddings and Quaternion Long Short-Term Memory
(QLSTM) networks. However, the system faces several challenges, including sensitivity
to real-world variability, difficulty handling complex Arabic sentence structures, limited
support for non-textual queries, and inefficiencies in training time. The complex
morphology of Arabic, particularly verb-noun patterns, hinders contextual understanding,

and scalability remains a concern due to its design being tailored for Arabic-specific tasks.

Building on the foundational advancements of BERT, LLMs emerged as a transformative
innovation in NLP, characterized by their unprecedented scale and capability [96]. These
models significantly enhanced their ability to understand and generate contextually
relevant text, achieving remarkable performance across a wide array of NLP tasks [97].
The adoption of transformer-based architectures, as outlined by Gillioz et al. [98], laid
the foundation for these advancements, enabling LLMs to handle tasks such as machine
translation, text summarization, and sentiment analysis with unprecedented accuracy and
scalability. The vast pre-training of LLMs on diverse datasets across multiple domains
has provided the models with extensive general knowledge, making them highly effective
for open-domain applications. Kamalloo et al. [99] demonstrated LLMs' ability to
provide contextually rich and accurate answers in open-domain question answering,
leveraging their training on large datasets. However, despite their capabilities, LLMs are

prone to hallucinations, particularly in specialized and closed-domain scenarios [100].

While LLMs exhibit impressive capabilities, they are prone to hallucinations, particularly
in specialized and closed-domain contexts. Fine-tuning with domain-specific data has
been shown to enhance performance by improving knowledge representation and

accuracy within those domains. For instance, Guo and Hua [101] employed continuous

16



training and instruction fine-tuning to adapt Meta's Llama 2 base models to the Chinese
medical domain, achieving performance comparable to OpenAl’s GPT-3.5-turbo in
medical question answering. Similarly, Singhal et al. [102] proposed fine-tuning LLMs
with specialized medical datasets to improve their ability to address expert-level medical
inquiries accurately. Huang et al. [103] further demonstrated this principle by introducing
"Lawyer LLaMA", a legal domain LLM that incorporates domain knowledge through
continuous training and acquires professional skills via supervised fine-tuning, effectively
adapting the model to legal-specific queries. These fine-tuning approaches enhance
domain accuracy, challenges remain, notably in supporting multilingual queries. Many
LLMs are initially trained on primarily English datasets, which may limit their ability to
handle languages with less training data [104]. The research by Xu et al. [105] discusses
significant limitations in multilingual LLMs, such as language imbalance and

multilingual alignment, which can decline the performance in low-resource languages.

Additionally, LLMs require frequent updates to their knowledge base to keep up with
rapid advancements and evolving information in specialized domains. Since the
knowledge in an LLM is "learned" within its parameters, updating the model’s knowledge
typically involves computationally expensive retraining or fine-tuning [72] and LLMs
may struggle to integrate new factual knowledge effectively, instead reinforcing their pre-
existing knowledge, which can lead to increased hallucinations [106]. Chang et al. [107]
highlight that adding multilingual data can improve low-resource language modeling
performance, but as dataset sizes increase, adding more data may begin to decrease the
performance due to limited model capacity, known as the "curse of multilinguality"
[107,108]. This limitation poses significant challenge in making LLMs fully reliable and

adaptable across diverse and dynamic specialized domains.

RAG has emerged as a promising alternative to traditional fine-tuning approaches for
addressing the limitations of parameter-based language models [15]. While fine-tuning
involves adapting a model by updating its parameters on specific datasets, it is often
constrained by the static nature of learned knowledge and the risk of forgetting. In
contrast, RAG dynamically integrates external knowledge sources, allowing models to
access and leverage up-to-date information beyond their initial training data [15,19].
Several question-answering systems have been proposed using RAG, demonstrating its
adaptability. For example, the English question-answering system DPR-RAG [109]
integrates dense passage retrieval to enhance the accuracy of generated responses,
17



offering significant improvements over traditional approaches. However, its reliance on
dense embeddings can result in poor generalization to domains or languages with limited
training data, and irrelevant passages retrieved during the process can degrade output

quality.

A research focusing on Islamic question answering is MufassirQAS [110], which employs
RAG to enhance Arabic question answering, particularly within Islamic studies domain
by integrating a vector database of Turkish-translated Islamic texts and prompt
engineering to semantically search for relevant information and provided it to the LLM.
Nonetheless, the authors didn't show any evaluation criteria, metrics, or scores in their
research to reflect the system's performance, although they mentioned that the system's
effectiveness is limited when faced with larger contexts. Integrating and summarizing a
large number of context chunks can disrupt coherence and the flow of information,
resulting in fragmented responses. This challenge suggests a need for improvements in

connecting and synthesizing retrieved data to produce cohesive outputs.

Existing research in QA systems demonstrates significant advancements but also reveals
notable limitations. The MufassirQAS LLM [110] struggles with larger contexts, leading
to fragmented responses and limited applicability to broader questions. Similarly, the
Arabic QA system leveraging deep learning techniques [95] shows strong performance
but suffers from scalability issues, inefficiencies in handling complex Arabic morphology,
and a dependency on extensive training and fine-tuning processes. Lastly, there is a
noticeable lack of generic QA systems that can seamlessly adapt to new knowledge bases
without requiring significant reconfiguration or retraining, highlighting the limited

flexibility and scalability of current approaches.

1.3 Problem Statement

LLMs like OpenAl's ChatGPT and Meta's Llama are often pre-trained on vast datasets of
internet text enabling the models to learn world information, grammatical phrasing,
vocabulary, and lingual context [111]. While these LLMs impress with their natural
language abilities [9], they encounter distinct challenges regarding query understanding
or generating response when applied in some specialized domains. The challenges are
caused by: the broad dataset they were trained on, conflicting facts in the dataset, or
outdated information, among other factors [24]. These challenges are even increased
when the LLM is dealing with complex languages like Arabic [112].
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The phenomenon of generating nonsensical, inaccurate, or factually-incorrect responses
is known as "hallucination" [24]. In the field of question-answering, some sensitive
domains like legal counseling or Islamic fatwa, such inaccuracies are not tolerated. In
Islamic fatwa for instance, where interpretations of Qur’an and Hadith verses are crucial,
even minor errors are unacceptable. Additionally, user queries may involve culturally-
specific and geographically-dependent matters. For instance, one may ask about the
permissibility of using a specific local bank or investing in a regional company. Such
inquiries require a deep understanding of local culture, including events and institutions.
While current LLMs trained on localized data show some cultural awareness, they often
lack in-depth comprehension, hindering accuracy in specialized topics [113]. Moreover,
LLMs like ChatGPT and Gemini often use content filtering to avoid sensitive, ethical, or
potentially harmful topics [114]. While intended for responsible use, these filters can limit
the scope and effectiveness of LLMs for specialized applications like Fatwa inquiries,

where culturally specific responses are crucial.

Fine-tuning LLMs for specialized domains is the traditional solution. However, the
enormous parameter counts of these models requires significant computational resources
for fine-tuning. Robust LLM that can understand the text consists of billions of
parameters, for example OpenAl's GPT-3 models have over 175 billion parameters,
Google's PaLM has over 540 billion parameters [7], and Meta's Llama 3.1 family has 405
billion parameters in some models [115]. Training the GPT-3 davinci model took over 3
years and it cost about 4 million USD to train its 175B parameters. OpenAl's GPT-4 on
the other hand, has trillions of parameters, took about 3 years and 6 months to train and
it cost about 90 million USD given the development in GPU chips which became more

computationally powerful [116].

Even in smaller models like Meta's Llama 3.1 8B, fine-tuning can be resource-intensive.
Techniques such as PEFT, LoRA, and adapter modules reduce computational
requirements for the fine-tuning process, yet the process can still be time-consuming on
systems with limited resources and requires high end hardware [117]. For instance, full
fine-tuning of Llama 3.1 8B typically requires approximately 16 GB of GPU memory,
which is manageable on a high-end consumer GPU [115]. Implementing techniques like
LoRA and adapter modules further reduces memory requirements, making fine-tuning
feasible on GPUs with even lower memory capacities. However, these methods often

introduce additional complexity due to the need for careful hyperparameter tuning, which
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can impact performance if not optimized [118]. Additionally, these approaches may
struggle to generalize beyond the specific tasks or domains they were fine-tuned for,
limiting their flexibility [117]. Parameter-efficient fine-tuning also typically retains the
original base model’s limitations, such as vulnerability to hallucination in contexts outside

the fine-tuned scope [113].

Another concern in fine-tuning is the structure of parameterized LLMs makes it difficult
to predict performance before the fine-tuning process is completed [15]. More
importantly, modifying learned data remains an ongoing research challenge [120]. This
often requires complete re-tuning, as there is currently no established method for LLMs
to "unlearn" outdated information effectively [121]. Additionally, parameterized-memory
LLMs lack the inherent capability to provide references for their generated responses,

which limits their reliability in producing verifiable outputs [15,122].

This study introduces a generic Arabic question-answering framework capable of
answering questions across various domains and adapting to any textual dataset without
requiring fine-tuning. The framework processes questions posed in Arabic and generates

a response consists of two key elements:

1. Answer: the generated answer to the user's question.

2. Evidence (if applicable): Supporting references, which may include Qur'anic or
Hadith verses in the context of Islamic fatwa, or relevant legislation for legal
counseling. This component is provided only when the question requires evidence to

support the generated answer.

1.4 Aims of Study

This study aims to introduce Nebras, a novel Arabic question-answering system designed
exclusively for specialized domains. Nebras addresses the unique requirements of Arabic
language applications while providing a scalable, efficient, and context-aware solution
for generating accurate, factually correct answers. The system’s design reflects several

contributions that distinguish it from traditional systems.

One of the key contributions of Nebras is its adaptability. The system’s knowledge base
can be expanded and managed dynamically. Administrators can add new textual datasets

tailored to specific domains, map relevant fields from the dataset for indexing and
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retrieval, and modify the knowledge base by updating or deleting existing documents as
needed. This design eliminates the need for costly and time-intensive model fine-tuning
and allows Nebras to seamlessly adapt to various domains while maintaining an up-to-

date and relevant knowledge base.

Nebras employs a hybrid retrieval approach that combines multiple techniques to ensure
relevant and accurate information retrieval. Its implementation leverages the Agentic

RAG framework where specialized agents collaborate to process tasks effectively.

Nebras addresses the unique challenges of the Arabic language by prioritizing linguistic
and contextual precision. This study demonstrates its potential to advance question-
answering for Arabic-speaking users in specialized domains by proposing a robust,

scalable, and adaptable solution to meet diverse application needs.

1.5 Hypotheses of Study

The following hypotheses have been formulated to guide the research, evaluate the
effectiveness of Nebras, and address the challenges identified in the problem statement.
Nebras is a novel Agentic RAG-based system introduced in this study, designed for

complex Arabic question answering across specialized domains.

1.5.1 Accuracy Hypothesis

Nebras is expected to outperform existing LLMs in providing accurate and contextually
relevant answers to Arabic queries in specialized domains. Nebras enhances response
reliability and reduces hallucinations (factually incorrect yet plausible-sounding answers)
by dynamically integrating external textual knowledge bases. Nebras's performance will
be compared to a baseline established by evaluating responses generated by several top-
performing models, using both automatic metrics and expert evaluations on domain-

specific datasets.

1.5.2 Adaptability and Scalability Hypothesis

Nebras's dynamic knowledge base management system allows seamless expansion and
modification which enables the system to incorporate new datasets for emerging domains
without fine-tuning. Nebras offers a scalable and cost-effective Arabic question-

answering solution deployable even in resource-constrained environments by leveraging
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pre-trained LLMs. This will be validated by analyzing Nebras’s computational efficiency

(memory and processing requirements) and its scalability to large datasets.

1.5.3 Language-Specific Performance Hypothesis

Nebras is hypothesized to outperform existing systems in handling the linguistic
complexities of Arabic (morphology, syntax, and dialectal diversity). Its design is
expected to give it an advantage over general-purpose LLMs when processing complex
Arabic queries. This will be evaluated using both lexical and semantic metrics, and

contextual relevance ratings.
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Chapter Two
Methods

This chapter details the development and implementation of the Nebras, explaining the
design choices, algorithms, and frameworks used to process Arabic queries across
multiple domains. It covers the hybrid retrieval approach, Agentic RAG framework
integration, use of pre-trained LLMs, and the system's dynamic knowledge capabilities.
Subsequent sections explore implementation aspects, highlight its key components, and

clarify the system’s operation.

2.1 Data Collection

This research focuses on two distinct domains: Islamic Fatwas and University
Information Help Desk. Each domain presents unique challenges and requires specific
data structuring. The Islamic Fatwa domain, due to its sensitive nature and the need for
accurate, well-supported answers, demands careful handling. Fatwas require precise
reasoning and the inclusion of correct and specific daleel (evidence) aligned with Islamic
jurisprudence. This daleel, often from the Qur’an or Hadith, must be accurately
referenced; the system must not generate or fabricate it. This makes the domain an ideal
choice for testing the system’s ability to generate contextually accurate responses with
necessary supporting information. Additionally, this domain allows for the evaluation of
the system’s performance with question-answer data structures, as fatwa data inherently

follows this format.
Data for the Islamic Fatwa domain is sourced from two reputable websites:

1. NNU Fatwa Website (https://fatwa.najah.edu/): Maintained by the Faculty of Shari'a
at An-Najah National University, a respected institution in Islamic scholarship, this
website contains over 1,500 fatwas. These address local issues and inquiries specific

to Palestine, making the data highly relevant and credible.

2. Islamweb.net (https://islamweb.net): Overseen by the Ministry of Endowments and
Islamic Affairs in Qatar, Islamweb.net offers a vast repository of over 160,000 fatwas.

Its credibility and reliability make it a valuable resource for this research.
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These carefully selected sources and their credible data sources ensure a robust evaluation
of the proposed system’s ability to handle diverse and complex Arabic queries,

contributing to the development of Nebras, the proposed question-answering framework.

2.1.1 Islamic Fatwa Dataset Collection

To gather data from these sources, a custom scraping template is developed for
Islamweb.net to capture specific fields essential for the system responses. These fields,
as explained in Table 1 and highlighted in Appendix D - Figure D11, include categories,
fatwa topic summaries, unique fatwa identifiers, dates, questions posed, and the detailed
answers provided by muftis. Each entry is appended with a static "source" field with the

value "islamweb.net" to facilitate data source tracking.

Table 1
Islamweb Fatwa Fields Mapping

Field Description Field Name Data Type
1 Fatwa categories can be extracted from fatwa categories Array
breadcrumbs.
2 Fatwa topic. A short summary of what this is about. topic string
3 Fatwa id. fatwa id integer
4 Fatwa date in Gregorian and Hijri. date string
5 Fatwa question asked by a user. question string
6 Fatwa answer from muftis at islamweb. answer string

The initial scraping of Islamweb.net resulted in a dataset of 164,310 fatwas before pre-
processing. For the NNU Fatwa website, similar scraping techniques were used to obtain
1,500 locally relevant fatwas, enriching the dataset with inquiries specific to the

Palestinian context.

2.1.2 University Help-desk Dataset Collection

The dataset for the university help-desk dataset is collected exclusively from NNU and
comprises information specific to NNU. The NNU dataset, by contrast, belongs to a
different knowledge domain, focusing on academic and institutional information
represented in a document-based, semi-structured format rather than a question-answer
structure. This dataset includes factual information about majors, courses, admission

requirements, and faculty members, allowing the evaluation of the ability of the proposed
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system to retrieve and generate accurate responses from semi-structured documents. The
process of collecting data for the NNU dataset involves parsing of web pages from the
university's official site (https://najah.edu), with additional details on the scraping

techniques and categorization to be explained in the subsequent subsections.

However, the NNU website’s protection measures prevent automated data scraping,
making it difficult to automatically gather information across all academic programs.
Consequently, a manual data collection process is implemented for a selected group of
medical and IT-related majors. Due to the time-intensive nature of manually gathering

data for over 200 majors, this selective approach is considered necessary for the research.

Academic Data Collection

The process of collecting academic data focused on obtaining detailed information
regarding the academic majors available at An-Najah National University at both the
undergraduate and graduate levels. This data includes details for each major, covering its
title, affiliated faculty, academic degree (e.g., Bachelor's, Master's, Doctorate), duration
of study, and a corresponding URL. The specific data fields extracted during the
collection process are illustrated in Table 2 and highlighted in Appendix D - Figure D12.

Table 2
NNU Academic Majors Fields Mapping

Field Description Field Name Data Type

1 Academic major title major_title string

2 Major's faculty faculty string

3 Academic degree degree Enum (bachelors, master, doctorate)
4 Major's study duration duration string

5 Major's info URL url url

6 Document type doc type string

The description of each academic major is displayed on its own dedicated page,
necessitating a visit to the page for data extraction. For selected majors in medical and
IT-related fields, as a sample, these academic major pages were manually visited to
retrieve their descriptions. While visiting each academic major's page, information related
to the major curriculum and courses is collected. Table 3 shows information about the
collected fields. The fields are also illustrated in Appendix D - Figure D13 for further
reference. The "doc type" field holds the document's category and set manually while

25


https://www.najah.edu/ar/academic/undergraduate-programs/
https://www.najah.edu/ar/academic/graduate-programs/

collecting the data. The values used to distinguish the documents are: "admission", "staft",

"academic_major", and "academic_ course" for majors, courses, staff, and admission

documents, respectively.

Table 3
NNU Academic Courses Fields Mapping

Field Description Field Name Data Type

1 Plan version version string

2 Curriculum section section string

3 Course number course_number integer

4 Course title title string

5 Credit hours credit_hours string

6 Course prerequisites prerequisites string

7 Course description description string

8 Document type doc type Enum (academic_major,

academic_course, staff,

admission)

Administration-related Data Collection

The collection of administrative data is limited due to the same protection measures
mentioned earlier, information regarding the university's governance and faculty deans is
manually obtained. Some information regarding admission and acceptance is found on
Nawarat An-najah (https://nawarat.najah.edu/), a subdomain for NNU for newly

registered students.

By preparing these two datasets, the study can assess the QA system's performance in

generating answers in different domain with different dataset structures.

2.2 Data Pre-processing and Structuring

Effective data structuring is essential for compatibility with the proposed system. Due to
the distinct nature of the Islamic Fatwa and NNU datasets, each requires specific
processing steps for organization and standardization. The following subsections detail

the structuring methodologies for each dataset.
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2.2.1 Islamic Fatwa Dataset Pre-processing and Structuring

This section details the cleaning and preprocessing steps applied to the Islamic fatwa data.
These steps removed noise, inconsistencies, and irrelevant information to enhance the

dataset's quality. The following subsections provide a comprehensive overview.

Missing Values and Exploratory Data Analysis

Data completeness is assessed by checking for missing values (NaN, whitespace-only
values, or zeros in integer columns). The only column with missing values was the "topic"
column with count of 12 missing values. To mitigate the impact of missing data on
subsequent analysis, these missing values were replaced with human-generated
descriptions derived from a careful analysis of the corresponding fatwa's context. To gain
insights into the textual content of the dataset, an exploratory data analysis (EDA) is
conducted on the "topic", "question", and "answer" fields. The text in these fields is
tokenized by splitting it into individual words using single space delimiter, allowing for
an analysis of token counts. Table 4 presents the maximum, minimum, and mean token

counts for each field.

Table 4

Token Counts from the Scraped Islamweb Dataset

Field Max. Count Min. Count Mean
topic 50 1 7.68

question 2.191 2 78.39
answer 6,076 2 211.44

The "question" and "answer" columns exhibited a minimum token count of 2, which
raised concerns about the potential presence of very short or incomplete entries. Further
inspection of these low-token-count entries was postponed until after the text cleaning

process.

Mulftis often begin fatwas with introductory sentences that do not contribute directly to
the factual content or reasoning of the answer. The length of these messages can influence

the chunking process and potentially impact the retrieval process.

To extract introductory sentences, the line breaks in the scraped fatwas are used. These

sentences are generally found in the first line, although this pattern is not consistent across
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all fatwas. By examining the first lines, the frequent introductory sentences are extracted

through the following steps:

— Splitting each fatwa by line breaks and the HTML <br> tag.

— Extracting the first non-empty text result from the split array, excluding empty HTML

tags or whitespace.
— Calculating the frequency of each extracted sentence across the dataset.

This process identified a total of 17,034 unique introductory sentences. The sentence
“aay Lol dsa g all e 5 dl) Jgu ) e a3l 5 830all 5 dll 2eall” appears most frequently in the
entire dataset, with a total of 138,281 occurrences (84%). The second most frequent
introductory sentence is “3x Ll ¥l 5 (a5 dunia g all o 5 dana b o 2Oladl 5 330all 5 dll 2aall”

which appears is 4,241 fatwas but have the same leading and trailing words.

Text Cleaning
The text cleaning process involved several steps: stripping HTML tags, removing non-
Unicode characters, and eliminating duplicate tokens. Line breaks were preserved at this

stage, as they might be beneficial in later processing steps.

Removing Introductory Sentences

Introductory sentences in fatwas do not contribute directly to the factual content or
reasoning of the answer and usually follow a structural pattern. To remove them without
affecting the context or valuable information, the process involves: extracting starting and
trailing words from each introductory sentence to construct a pattern, identifying the first
sentence in each fatwa, and removing it if it matches the pattern. Further analysis of these
words, as detailed in Table 5, reveals that “xsl” is the most frequent starting word in
introductory sentences (98.5%). The trailing words for sentences beginning with "eall"

are also examined, with results presented in Table 5.
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Table 5

Frequency of Start and Trailing Words in Introductory Sentences in Fatwa

Word Frequency Percentage
Starting Words

2aal) 160,870 98.5%

iada 2,262 1.39%

Ladal) 89 0.054%

Trailing Words for Sentences Strating with ““aall”

2a 84,580 51.8%
ey 58,699 35.9%
e 13,814 8.45%
il 2,268 1.39%
s 580 0.36%

After removing the introductory sentences, the frequency of the starting words is

recalculated and displayed in Table 6.

Table 6

Frequency of First Words After Removing Introductory Sentences in Fatwa

Word Frequency Percentage
BIC 27,234 16.67%
2eal) 17,403 10.65%
2 14,680 8.99%
b 13,837 8.47%

Although the word "2=ll" maintains a relatively high frequency, likely it is part of the
fatwa answer, completely eliminating it could potentially compromise the accuracy of the

factual context within the fatwa.

Subsequent Text Cleaning and Re-evaluation
Following the removal of introductory messages, the dataset is re-evaluated for missing

values and token counts to assess the impact of text cleaning steps on token counts. The
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evaluation showed no missing values in any dataset columns. The results for token counts

are presented in Table 7.

Table 7
Token Counts from the Scraped Islamweb Dataset After Cleaning

Field Maximum Count Min. Count Reduction
Before Cleaning  After Cleaning

topic 50 50 1 0

question 2.191 2,119 1 3.29%

answer 6,076 5,436 3 10.53%

A manual review of questions comprising only a single word revealed a typographical

error in one query. The original, malformed question was:
$lgaY ). (. Jlae V1. i e18). aa . e Lol aa Sl 3 2. (33, 53583150 ) Y14 (8

Given the context and grammatical structure, it is clear that this query represents a user
input error. The question was subsequently corrected to accurately reflect the intended

meaning by removing the periods and replace them with spaces.

For answers with fewer than 10 words, it was observed that some referenced other fatwas

using phrases like:

10794 1485 <1640 1ady (3 —

- @18 32689 tpd) gl (A i b Jraiid —

This suggests that extracting fatwa references from answer texts could be valuable.

Regular expressions can be employed to identify these reference numbers.

The references 1640, 10794, and 32689, mentioned in the short fatwa answers, were not

found within the dataset and are subsequently removed.

HTML Tag Removal and Text Formatting

An analysis of randomly selected fatwas revealed that HTML tags were primarily used
for text formatting and coloring, without a standardized structure for different fatwa
components such as daleel (evidence) or references. This inconsistency made it

impractical to leverage HTML formatting for information extraction.
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Category Extraction

The final step in text pre-processing involved categorizing the fatwas to provide a
structured taxonomy for subsequent analysis and retrieval. The category names were
extracted from the fatwa breadcrumbs (Field 1 in custom scraper template), and the word

“Aau )II” (main) is removed to streamline the categorization process.

The first two words of the category names are retained to represent the main and
secondary categories, respectively. This hierarchical categorization approach provides a
more granular understanding of the fatwas' topics. The distribution of fatwas across the

identified categories is visualized in Appendix E - Figure E14.

2.2.2 NNU Dataset Pre-processing and Structuring

The following subsections outline the structuring process for each NNU document type,

including academic majors, academics, courses, staff, and admissions.

Academic Majors Document Structuring

For academic major documents, additional data from other scraped fields is merged into
the “description field” (as shown in Table 2) to create an entry suitable for indexing. These
fields include “major title”, “faculty”, “degree”, and “duration”. By enhancing the
“description” with relevant information from these fields, it becomes more concise and
informative. The resulting enriched text is stored in a newly created field, "content,"
specifically designed for indexing and similarity searches. The template for the "content"

field is provided in Appendix F.

Staff and Admission Document Structuring
No augmentation is applied to these documents; their content is indexed directly in the
vector database. Staff documents consist solely of staff member biographies, while

admission documents outline the admission rules for new student enrollment.

Generating “topic” for NNU Documents
A "topic" field is added to each collected document, providing a brief summary about the

document’s content. This summary is generated using a LLM with the following prompt:
catisall )l ST o 58 Gadly (3 g gungall il g g aduly N st Jla®

coaill ol g snagall Sy (AalS 50-20 o sl o Uiy <Bage Cragl) 05 of
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“{text} i) L)

Which translates to: “Analyze the following document and extract a brief description of
the topic that summarizes the main idea or focus of the document. The description should
be concise, ideally between 20-50 words, and should reflect the core subject of the text.

Here is the document: {text}”

The “topic” field is also indexed in the vector database, resulting in each document having

two embedding vectors: one for the content field and another for the “topic” field.

The data structuring process standardizes and optimizes both the Islamic fatwa and NNU
datasets for seamless integration with the QA system. By tailoring the structuring methods
to the unique requirements of each dataset, this process ensures that the system can
effectively handle both question-answer data as well as document-based datasets. The
structured datasets, with enriched content fields, facilitate accurate and efficient similarity
searches and response generation, setting a solid foundation for the subsequent stages of

system experimentation and evaluation.
2.3 Implementation

The following subsections delve into knowledge base preparation and the answer

generation pipeline.
2.3.1 Vector Database

To ensure adaptability across various textual datasets, a mapping component is proposed
for dataset preparation in the QA pipeline. Textual datasets serving as knowledge bases
for question answering can be categorized into:

1. QA-based: Datasets comprising paired questions and answers.

2. Document-based: Datasets containing documents on specific topics (e.g., PDFs).

For QA-based datasets, essential fields include:

— Document ID: Unique identifier for each document.
— Question: The posed query.

— Answer: The corresponding correct answer.

— Topic: A concise description of the question's subject.
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2 (3

The “question”, “answer”, and “topic” fields are vectorized and indexed in the vector
database, while additional fields serve as metadata. For document-based datasets,

required fields are:

— Document ID: Unique identifier for each document.
— Content: Full document content.

— Topic: A brief summary of the document's content.

The “content” and “topic” fields are vectorized and indexed while any extra fields act as

metadata.

In regards to the vector database collection, each collection must have the following
metadata fields:

— Title: A human-readable collection name.

— Description: Summary of the collection’s content.

— Type: Dataset type ("qa" or "docs").

— ID Field: Field name for uniquely identifying documents.

A collection’s metadata example:

{
"name": "nnu",
"title": "An-Najah National University",

"description": "This collection includes comprehensive documents about An-Najah
National University, covering admission processes, academic programs, and general
university details.",

"type": "docs",

"id_field": "document id"

}

By providing the necessary metadata, the system can efficiently manage and integrate
new collections into its knowledge base. Users need only map relevant fields and provide

collection metadata to incorporate datasets seamlessly as illustrated in Figure 4.
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Figure 4
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2.3.2 Indexing and Chunking

During the indexing phase, documents are processed, segmented, and converted into
embeddings, which are subsequently stored in a vector database. The quality of the index
construction is critical in determining whether the appropriate context can be accurately

retrieved during the retrieval phase [19].

The indexing structure introduced in this research utilizes a Hierarchical Index Structure
with attached metadata. This hierarchical approach addresses the issue of context

mismatch that arises when retrieved chunks are semantically incomplete.

Determining an optimal chunk size is a delicate process that requires balancing
considerations. Chunks that are too long introduce noise to the embedding model and
requires more processing. Additionally, if a chunk exceeds the model’s maximum input
length, it will be truncated, leading to loss of meaning. In contrast, chunks that are too
short may prevent the embedding model from properly capturing the context.
Incorporating a hierarchical index enhances retrieval allows the model to reconstruct the

context [15,19].

The process Involves the following steps:

— Assigning a unique identifier to each document (if not already provided).
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— Split the documents into smaller, fixed-size chunks. Mapping each chunk to its

originating document, thereby creating a parent-child relationship (hierarchy).

— Attaching metadata to documents enhances the filtering process and enriches the

document’s content.

Achieving an appropriate chunk size involves a series of tests across different models and
chunk sizes to find an effective balance which is illustrated in “Chunking Optimization”

section.

2.3.3 QA Pipeline

Traditional RAG frameworks operate in two main steps: retrieving relevant documents
and generating responses based on these documents [15]. While effective for
straightforward queries, standard RAG often lacks the capacity for complex reasoning or

task decomposition across multiple nodes [36].

Nebras’s QA pipeline is implemented using an Agentic Retrieval-Augmented Generation
approach leveraging a Graph-workflow framework for structuring nodes within the
pipeline, where each node (or agent) has a very specific task. The framework organizes
the workflow by enabling different agents and models at each step, handling discrete tasks
rather than dynamically retrieving graph-based data. The pipeline workflow is illustrated

in Figure 5.

The pipeline utilizes a series of specialized agents to ensure the reliability and precision
of the responses. The process begins with Query Decomposition Agent, where complex
questions are handled by breaking them down into smaller, well-defined, and concise sub-
questions. These are then processed by the Query Classifier Agent to determine the type
of question being asked. Next, the Candidate Answer Generation agent formulates
potential answers, which are further refined by the Retriever to identify the most relevant
documents. The Context Relevancy agent assesses the retrieved information to ensure its
applicability to the query. Finally, the Answer Generation agent constructs the final
response, and the Evidence Extraction agent provides the answer with supporting
evidence from provided text (if any), ensuring the response is both accurate and well-

supported by authoritative references
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Figure 5
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The following sections delve into each agent within the QA pipeline, outlining their

individual roles in the pipeline.
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Query Decomposition Agent

The query decomposition agent aims to decompose complex user queries into more
focused sub-queries. This process involves breaking down the original query into smaller
parts, rephrasing them for clarity and conciseness, and correcting any spelling or
grammatical errors. The agent is specifically designed to rephrase user queries into a

format that aligns with the systems knowledge domains. For instance, a query such as:

Joill Jagyd oa L S 3 JL ) Jlad Sagulal) ale jaads o il (A< SL oSS L

Sdaalall i

would be decomposed into the following sub-queries:
Pyl sl -

Skl 2 ladl daals 8 Jpll Lagpd o Lo -

To achieve the dynamic purpose of the system, the title field from the collections’
metadata will be passed to the prompt in order to decompose the queries accordingly.
Assuming the system has two collections with titles: Islamic Fatwa, and An-najah
National University. The knowledge domain topics will be embedded in the prompt and
passed to the system. The model is prompted with the Arabic prompt referenced in

Appendix G.

This process ensures that the generated subqueries are semantically equivalent to the

original query while being more suitable for subsequent agents.

Query Classifier Agent (Query routing)

The classification agent classifies the decomposed queries based on their relevance to the
knowledge base's specialized domains. This agent uses collections’ metadata (name, title,
and description), which is retrieved, reformatted as a structured string, and included in
the LLM prompt. The output is a JSON object pairing each decomposed question with its

classified collection. The specific collection’s metadata fields and their transformation
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into string templates to facilitate the prompt for the classification agent is provided in

Appendix H.

Queries are classified as "irrelevant" if they don't align with available domains. The
classification results, stored as a JSON object with "question" and "collection" keys, are
easily accessible to other processes. The classification agent serves a dual purpose: it
isolates irrelevant queries and determines the most appropriate collection for retrieving

relevant documents.

Candidate Answer Generation Agent

The Candidate Answer agent generates potential answers for relevant queries (those not
filtered by the Query Classifier Agent). It uses the HyDE technique for query expansion
by generating an initial answer from a large language model without context. This initial,
potentially inaccurate response helps retrieve more relevant documents. To maximize
accuracy and relevance, the LLM is instructed to provide clear, concise answers to Islamic
fatwa questions, excluding Hadith or Qur’an verses due to their sensitive nature. The

prompt for candidate answers generation is referenced in Appendix I.

Retriever Agent
In the retrieval process, the decomposed relevant queries and the generated candidate

answers are employed to retrieve relevant documents.

In this research, the proposed hybrid retrieval approach integrates four similarity search
techniques, each employing a Hierarchical Index structure. These methods retrieve the
parent document, along with its attached metadata. A soft reminder that each document is
represented by multiple embedding vectors to capture different aspects of its content. The

similarity search techniques are:
sim
1. query-to-answer (query — answer): similarity search between the query and the
indexed answer.
. Sim . . .
2. HyDE (query + candidate answer — answer): combining the user’s query with the
candidate and answer forming a new query for similarity search against the indexed

anSwer.

sim
3. query-to-question (query — question): similarity search between the query and the
indexed question.

4. query-to-topic (query = topic): similarity search between the query and the
indexed topic.
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If the dataset is not question-answer based, the same techniques are used, but without
employing the query-to-question approach. Alos, instead of matching against the answer

field, the similarity search is performed on the “content” field.

Each retriever returns the top-k most similar documents based on its retrieval criteria. The
results from all retrievers are then combined into a single collection and filtered. This
filtering process is guided by a ranking score, which is calculated using a ranking model,
and the document frequency within the combined collection. The relevance score for each
document is computed as the sum of its ranking score and its normalized frequency score.
The final selection involves choosing the top-k documents based on a predetermined
similarity threshold applied to the relevance score. Figure 6 illustrates the retriever agent
pipeline, with the final output consisting of an array of documents. These documents
retain the same structure and fields as the original input documents, aligned according to

the field mapping defined by the user.

Context Relevancy Agent

The retrieved documents from the Retriever Agent often contain multiple documents
related to the input query. These documents may include sentences that are not directly
relevant to the answer, potentially influencing the model’s response. To address this, the
retrieved documents are passed to a long-context language model to identify and extract

the most relevant sentences. The prompt is referenced in Appendix J.

The agent returns an array of the most relevant sentences related to the query, applying
context compression to ensure the answer generation model focuses more effectively on

the most relevant information.

Answer Generation Agent

The answer generation agent receives the decomposed relevant query along with relevant
sentences identified by the context relevance agent. These inputs are integrated into a
carefully crafted system prompt that defines strict guidelines for generating responses.
The agent ensures that responses are clear, concise, and respectful, avoiding repetition of
the query and maintaining a formal tone. When no context is available, it politely
acknowledges its inability to provide an answer. This approach ensures that the agent
delivers contextually relevant responses. The prompt for answer generation is provided

in Appendix K.
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Evidence Extraction Agent

The Evidence Extraction Agent focuses on extracting Islamic daleel or legal references
for legal queries. A prompt written in Arabic is passed to the LLM to identify and extract
relevant Quranic verses, hadith verses, scholarly references, and legal references (such as
article numbers) that support the generated response. The used Arabic prompt is

referenced in Appendix L.

In the QA pipeline, the workflow iteratively calls agents Candidate Answer Generation
Agent through to Evidence Extraction Agent until all relevant decomposed queries have

been addressed.

Irrelevant Queries Response Agent

The Irrelevant Queries Response Agent is called if the user’s query is deemed irrelevant
to the knowledge base. This agent informs the user about the system’s capabilities and
provides guidance on formulating appropriate queries in case the asked question was
about a topic beyond the system’s knowledge. By leveraging the collection’s title
metadata stored in the vector store, the agent can effectively communicate the system’s
areas of expertise. To ensure a respectful and informative interaction, the agent is
designed to respond politely to inappropriate user input, such as profanity or harmful
questions. While safeguard models were tested (like Meta’s Llama Guard 3) to detect
harmful content, challenges were encountered in identifying profane words, particularly
in Arabic. Additionally, certain questions related to Islamic fatwa, such as marital issues,

were mistakenly classified as harmful.

To address these challenges, the Irrelevant Queries Response Agent utilizes a prompt
designed to guide the model’s response and ensure appropriate behavior. The prompt is

provided in Appendix M.

No Relevant Documents Response Agent

The function of this agent is to respond to the user with a polite message indicating that
the system lacks sufficient information to provide an answer. This agent is only called
when the retrieval agent fails to find any relevant documents, thus preventing inaccurate

responses.
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Figure 6
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Chapter Three

Experimentation and Results

This chapter presents a comprehensive experimental analysis of Nebras. Its performance
is evaluated on two datasets: structured Islamic fatwas and semi-structured documents
from An-Najah National University. Experiments analyze the effectiveness of the
proposed pipeline compared to other retrieval techniques and its impact on the generated
answer quality. Evaluation uses both automatic metrics and human assessments to provide

a comprehensive performance overview across different domains.

RAG system evaluation focuses on two key areas: generation (assessing answer quality)

and retrieval (assessing document relevance) [69,123]. Generation evaluation employs

metrics such as:

— Ground Truth Similarity: measures alignment between the generated answer and the
ground truth.

— Faithfulness: assesses the generated answer's adherence to the provided context.

— Answer Relevance: evaluates the answer's relevance to the question.

For retrieval evaluation, Context Relevance is measured by how relevant the retrieved

documents are to the query [69]. For this evaluation, the following set of lexical and

semantic metrics are used [69,124,125]:

— ROUGE: measures content overlap (n-grams) between generated and reference texts,
focusing on recall-oriented lexical similarity (ROUGE-1, ROUGE-2, ROUGE-L)
[125].

— BLEU: calculates n-gram precision for text translation quality, applying brevity
penalties for overly concise answers, though limited in assessing fluency and

grammaticality [124,125].

— METEOR: offers more robustness to paraphrasing, considering stemming, synonymy,

and penalties/rewards for exact matches and word segmentation [124].

— BERTScore: a contextual metric leveraging pre-trained transformers to capture token-
level semantic similarity, providing precision, recall, and F1 scores for deeper

contextual alignment [124,125].
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—  Semantic Textual Similarity (STS): evaluates the semantic similarity between text
segments, using embeddings and deep learning to assess meaning and context beyond

surface-level word matching [69].

While BERTScore and STS measure semantic similarity, ROUGE, BLEU, and METEOR
provide lexical and syntactic overlap evaluations [124,125]. Human assessments offers
more comprehensive overview by evaluating subjective factors such as relevance,
consistency, and cultural sensitivity, identifying strengths and improvement areas for the

system [69].

The following sections explore the steps of the experimentation process. Initially, an
experiment is carried out to determine the appropriate chunk size and embedding model
for the indexing process. This is followed by the implementation of the system, testing it
using a question-answer dataset (Islamic fatwa), and finally, testing it with a semi-

structured dataset (NNU).

3.1 Indexing and chunking

This experiment selects a suitable Arabic embedding model and optimal chunk length by
systematically assessing various models and lengths. A 128-word Arabic paragraph (R1)
serves as a reference document, compared with four other documents to calculate
similarity scores and evaluate context capture. The following paragraphs are the test

documents used for comparison:

Reference Arabic paragraph (R1), 128 words:

deyall Mo eyl ) ASH Catlsgll e -l iglud (93 (<8 i 8 Baall Ll
W ey ) Jla¥) 138 AL agie i oygeni (Saall (o (S0 ol IS8 Slmiia asll allal) sl
eelld g Jealgilly abaill o Laha e 5 a Las lSa g (g iy (g 3 Slasteall L) Jsaas)
Al o Lol daall e bl il Jie s hass 2yl oaslei€all aaill s b

olds Ciglie LagdiSl Jle slae¥) M Ldy ol L) GHLYL & 5SY) 550250 Liad
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el W)kl (he anlly LnsleiSill (pa 53] G Ol aiad Gl A .cbilul) ey daagndl)

el LT (L e Lo gy i) Wiy ¢ o0 Lo sl 3801 alasiialy auledl aasill (DA (50 2 Lyg 50

Arabic contextually similar paragraph (P1), 120 words:

Ao allad) cilea 38 iy ASH) Cilgl) Anasd) Lnbs (e Ba ¥ Teja comunal Laa)l) il
plall Alila Lasd Jigs unglyiCall 85t 038 253 e puns laglaal) ) Jgaagll (e Cin cBpia
A3 ey Lowedil) daall e Lobad) il e saaa Hhlie dead Lead gty cJualsills
Al dnaddl) Ul leny drasaadll Jon Lload i KA 5)gal) Ao alac) afy b jidll
s o Llally e salial) Gn O)ls oo daadly Hian LagleiSall aladanl lile s
Aaal) @lod) 238 (e Bl (el (3iiat Wi cpramaal) aungilly Liegl) DIA G - Winsendy

Aldiaal laylalie Juig

Arabic contextually different paragraph (P2), 128 words:

Gilaglll . jgeanll yio Csedll S dunty GluY) jelie e ud Al ilagll sl sl sa ol
Oe oY) ledle Al Aabad) Algal) agh W sy el e cDlay B L3 cilgaially Al
Gl Aulie elie i dug allall dalall angy g Q) um (JISEY) Jaghadlly sl Dla
g dhaall dgaal) Gola dadlle A3l Laad o i eJleall g pantll Alisg T o oy
g dally gDl Bay I e V) claslsiSall yeme 3 0sidll anlss ) @bl e p2 )1 e
RN G gend) ol (8 palss aaV) Disp (S 4l chdany S G e Llaad) Lule

VI EOA|

English contextually similar paragraph (P3), 115 words:

“Modern technology has fundamentally transformed our way of life. From smartphones
to high-speed internet, the world today is more connected than ever before. This constant

connectivity allows us to access information anytime and anywhere, enhancing our
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learning and communication capabilities. However, this technological progress also
presents new challenges, such as the negative effects on mental health due to excessive
use of electronic devices. Additionally, the growing reliance on technology raises
concerns about privacy and data security. Therefore, achieving a balance between reaping
the benefits of technology and minimizing its risks has become essential. Through proper
guidance and mindful use, we can enjoy the benefits of technology while reducing its

adverse effects.”

English contextually different paragraph (Ps4), 128 words:

“Art is one of the most significant ways through which human emotions are expressed
and the cultures of different societies are embodied across ages. Paintings and sculptures
take us on journeys through time, allowing us to understand the diverse worlds humans
have inhabited. Through colors, lines, and shapes, artists convey their unique visions of
the world, evoking various emotions within us. Visual arts are not merely a means of
expressing beauty; they also serve as a universal language that transcends geographical
and cultural boundaries. Despite the challenges that art faces in the age of technology, it
remains a symbol of creativity and freedom. Preserving and promoting artistic heritage is

crucial, as it reflects national identity and helps build bridges between different cultures.”

To measure the semantic similarity between the reference sentence (R1) and each test
sentence, cosine similarity is employed. An ideal embedding model should demonstrate
a significant difference in similarity scores between Pi and P, reflecting its ability to
accurately identify contextual relationships within the Arabic language. The difference in

result similarity score between P1, and P> is represented as (APP2) in Table 8.

Conversely, a model that fails to distinguish between P; and P> would indicate a
deficiency in capturing the Arabic semantics. Furthermore, P3 and P4, written in English,
are used to assess the model’s ability to differentiate between languages and maintain
semantic consistency. Given that all embedding models employed in this analysis are
multilingual, an ideal model should exhibit a high similarity score between P3 and Ri,
indicating its ability to accurately capture cross-lingual semantic relationships, and a low
similarity score between P4 and the R; would demonstrate the model’s ability to
discriminate between semantically distinct content, even when presented in different

languages. The difference in result similarity score between P3, and Py is represented as
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(AP3P4) in Table 8. The “Score” column is the average between (AP1P2) and (AP3P4). The

higher the score the better the model in distinguishing contextual meaning.

Table 8
Embedding Models Evaluation

Similarity
Model APP; APs;P4 Score
Ri,Pi Ri,P2 Riy,P; Ry,Ps
intfloat-multilingual-e5-large 95.48 80.91 90.26 74.17 14.57 16.1 15.33
intfloat-multilingual-e5-large- 9536 7797 922 66.04 1739 26.16 21.78
instruct
BAAI-bge-m3 88.06 63.39 91.74 58.81 24.67 3293 28.8

distiluse-base-multilingual-cased-vl  67.97 24.52 74.54 26.73 43.45 47.82 45.63
distiluse-base-multilingual-cased-v2  75.47 30.1 84.64 36.54 4538 48.11 46.74
LaBSE 92.82 47.56 9596 47.49 4526 48.48 46.87
paraphrase-multilingual-MiniLM- 86.49 28.13 85.39 22.19 5836 6321 60.79
L12-v2

paraphrase-multilingual-mpnet- 88.83 33.38 90.11 19.69 5546 70.43 62.94

base-v2

Based on the results presented in Table 8, the paraphrase-multilingual-mpnet-base-v2
model developed by SentenceTransformers achieved the highest score for similarity
difference. This suggests that the model effectively distinguished the contextual

similarities and differences between P1, P3 and P2, P4, respectively, in relation to R;.

To ensure optimal performance of the RAG system, the process of chunking the text
corpus into smaller segments is carefully considered. Given the maximum token count of
128 for the paraphrase-multilingual-mpnet-base-v2 model, a chunk size of 125 tokens is
selected. This choice balances the need to capture sufficient context within each chunk
while avoiding excessively long sequences that could overwhelm the model. By setting
an overlap of 1 token between adjacent chunks, the risk of losing semantic information at
chunk boundaries is avoided. Processing smaller chunk sizes can improve computational
efficiency, especially when dealing with large documents because it requires less

computational resources and can lead to faster response times [73,74].
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3.2 Implementation

For the system’s implementation, Langchain and Langgraph are employed to develop the

agent-based architecture, while FastAPI serves as the backend to handle requests and
stream the generated response. In terms of data storage, the system uses ChromaDB as
the vector store, with support for Elasticsearch, giving users the flexibility to choose the
most suitable vector store for their needs. The agents in the system are powered by two

LLMs: Meta’s LlaMA 3.1-70B and Google Gemini 1.5 Pro

In this implementation, primarily the agents use Meta’s LlaMa3.1-70b which is hosted
remotely on Groq (https://groq.com/), and Google’s Gemini 1.5 pro, which is hosted by
Google, serving as a backup model in case of request failures. Table 9 summarizes the

implementation technologies and specifications.

Table 9

Summary of Implementation Technologies

Component Value

Embedding model paraphrase-multilingual-mpnet-base-v2
Chunk size 125

Ranking model bge-reranker-v2-m3

Vector database engine ChromaDB

Language Models Llama3.1-70B & Gemini 1.5 pro
Frameworks and Libraries Langchain, Langgraph, FastAPI

3.3 Experiment with Islamic Fatwa Dataset

This section presents the experimental results from evaluating language models on
Islamic fatwa-related queries. Initially, the models were tested in a baseline setting,
relying solely on their pre-trained parameters without leveraging external information
retrieval systems. Subsequently, the impact of augmenting relevant context was
examined, followed by the results of using the RAG framework to augment relevant

documents.

3.3.1 Baseline Evaluation: Responses Without Retrieval

To evaluate the performance of LLMs on Islamic fatwa-related queries, the following
randomly selected questions taken from the Najah National University Fatwas website
are posed to OpenAl’s GPT-40, Google’s Gemini Pro 1.5, and Meta’s Llama3.1-70B:
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The generated responses for each LLM are evaluated using a combination of automatic
metrics (BERTScore, BLEU, METEOR, ROUGE, STS) and human assessment by
Palestinian Dar Al-Ifta’a, with the former's results illustrated in Figure 7 (a) and further

detailed in Appendix N - Table N12, while the latter's findings are presented in Table 10.

The results presented in Figure 7 (a), and Table 10 demonstrate that while all models
exhibited varying degrees of competence, OpenAl’s GPT-40 consistently outperformed
the other models across most evaluation metrics. However, even the best-performing
model showed significant shortcomings in generating accurate and comprehensive
fatwas, particularly for complex or detailed queries. This illustrates the limitations of
current language models in effectively addressing the challenges posed by such domains.
Notably, Meta’s Llama 3.1-70b scored lower than other models on nearly all automatic
metrics and had the fewest accepted generated fatwa answers according to Dar Al-Ifta’a’s
evaluation. This performance is expected, as Llama 3.1-70b, being smaller in size, is less
suited for specialized domains and offers limited support for other languages compared

to larger models [115].
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In the next step, the potential of augmenting relevant context to the LLM is explored to
enhance the performance of language models in generating accurate and relevant

responses to Islamic fatwa-related queries.

3.3.2 Context Effectiveness on Fatwa Answer Generation

Before examining the retrieval methods, this experiment focused on testing context
augmentation specifically on Llama 3.1-70b. This model is chosen because it received
the lowest scores in both automatic metrics and Dar Al-Ifta’a’s evaluation during the no-
context baseline assessment. The objective is to determine whether providing relevant
contextual information can improve the model’s ability to handle Arabic text and produce
accurate responses to fatwa questions. The generated responses are evaluated using the
same criteria as in the baseline assessment, employing both automatic metrics and human
evaluation. To ensure consistency and facilitate comparison with the baseline evaluation,
the same 10-question dataset is employed for this experiment. Each question within the
dataset is enriched with contextual information in the form of relevant fatwa answers. The
provided context is a combination of the correct fatwa answer and another fatwa relatively
related to the question. These fatwa answers are obtained from reputable sources,
including:

— Najah University Fatwa (https://fatwa.najah.edu/ar)
— Islamweb.net (https://www.islamweb.net/)
— Binbaz Fatwa (https://binbaz.org.sa/fatwas/kind/1)

The prompt used to generate the answer is constructed by replacing the placeholders
{question} and {context} with the asked question and the combined fatwa answers,

respectively. Detailed prompt used for this purpose is provided in Appendix O.

The hardware used for the experimentation includes an RTX3050 4GB GPU, 16GB
DDRS RAM, and an AMD Ryzen 7 6800H processor with a 3.20 GHz clock speed. It is
important to note that only the LLMs are hosted remotely and not running on the local
device. The hardware specifications are relevant for later stages when re-ranking,

additional models, and the vector database are hosted locally.

The ground truth automatic metrics and human evaluation scores for the fatwas generated

by Llama 3.1-70b after augmenting context are presented in Figure 7 (b) and Table 10,
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respectively, in comparison to the baseline evaluation results. Detailed tabular evaluation

scores are provided in Appendix N - Table N13 for further reference.

Table 10

Palestinian Dar Al Ifta’a Evaluation of Generated Fatwas

Model Number of Accepted Fatwas
Llama 3.1-70B 3
GPT-40 7
Gemini 1.5 Pro 6
Llama 3.1-70B (with context) 8

As illustrated in Figure 7 (b), Llama3.1-70b (with context) outperforms its base version
and shows strong competitive performance against other models like GPT-40 and
Gemini-1.5 Pro across various metrics. Incorporating context led to improvements,
particularly in BLEU (9.56%), METEOR (19.47%), and ROUGE scores (ROUGE-2 at
20.52% and ROUGE-L at 24.26%), surpassing all other models. While it achieves the
highest precision (BERTScore-P at 71.56%) and a well-balanced BERTScore-F1
(68.46%)), its recall (BERTScore-R at 66.37%) and semantic textual similarity (STS at
73.11%) slightly lag behind GPT-40. Nonetheless, these results outline the impact of
contextual information on the generated Arabic fatwa responses, even when Llama 3.1-

70b does not officially support Arabic language [115].
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Figure 7
Ground Truth Evaluation With and Without Context
(a) Ground Truth Evaluation of Fatwas Without Context
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3.3.3 Employing RAG

The following sections explore the key components of RAG implementation, beginning
with indexing and chunking strategies, followed by an examination of vector stores and

retrieval mechanisms.

Vector store
To evaluate the effectiveness of various retrieval techniques, the fatwa documents are
initially split into 125-token length chunks, subjected to the maximum input token limit

of the paraphrase-multilingual-mpnet-base-v2 model.

For this experiment, the answer field serves as the primary vector field for similarity
search, while the remaining fields are stored as document metadata. Each fatwa is
assigned a unique identifier (id) for linking its split chunks back to the parent document
when using a parent document retriever. Although each chunk receives a new id, the
parent fatwa’s id is stored as metadata under the “doc_id” field. By default, the chunks
inherit the parent’s metadata, but to optimize storage, only the “doc_id” field is retained,
ensuring that the original data is stored solely in the parent document and preventing

duplication.

As 1illustrated in Figure 2, the Hierarchical Structure Indexing approach enables the
retrieval of the entire parent document rather than individual chunks [19]. This differs
from a more I approach that solely retrieves relevant chunks. In a question-answering
dataset for fatwas, each fatwa represents an independent case, with its answer tailored
specifically to that case. This means that each document in the vector database is self-
contained and does not rely on other documents for context. Although, multiple similar

fatwas could be concatenated to provide a context.

To evaluate the effectiveness of different vector representations, each fatwa document is
represented with two additional vectors: one for the question field and the other for the
topic field leading to multiple vector representations for a single document. This
representation enabled the retrieval of documents based on similarity searches within
these specific fields. These vectors are subsequently chunked and linked to the parent

document using the previously described technique.
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Relevant Context Retrieval

To evaluate the effectiveness of the RAG approach and the Hierarchical Structure Index
technique which is also known as Parent Document Retriever (PDR) in some frameworks
like Langchain [126], a series of experiments are conducted with varying similarity
thresholds (0) and maximum number of retrieved documents (k). The relevance of the
retrieved context is evaluated using automatic metrics. These metrics assess context
relevance (CR) by measuring the similarity between the retrieved context and the query,
as well as ground truth (GT) by comparing the generated answer to the ground truth

answer. The results of these experiments are summarized in Appendix P - Table P14.

The comparative analysis in Appendix P - Table P14 revealed that the PDR technique
outperformed the RAG approach across all evaluation metrics and parameter
combinations. This suggests that retrieving the entire parent document provides a more
comprehensive context, leading to improved performance in relevant documents

retrieval.

Furthermore, the experiment found that decreasing the similarity threshold (0) generally
resulted in better performance, indicating that less strict similarity criteria can enhance
the relevance of retrieved documents. However, there is a trade-off between recall and
precision when adjusting the maximum number of retrieved documents (k). While
increasing k can potentially improve performance by providing more context, it may also

introduce irrelevant documents, diluting the effectiveness of the retrieved context.

The results also are evaluated by a human expert, categorizing each generated response
into one of four categories:
1. Accepted: Responses that were deemed accurate, relevant, and appropriate by the

human evaluators.
2. Rejected: Responses that were deemed irrelevant or off-topic.
3. Inaccurate: Responses that contained factual errors or inaccuracies.

4. Unanswered: Responses that failed to address the given query or provide a meaningful

answer.

The human evaluation, summarized in Appendix P - Table P15, revealed that the PDR

technique consistently outperformed the RAG approach across all parameter
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combinations. PDR demonstrated a higher acceptance rate, fewer rejected and inaccurate

responses, and overall superior performance in generating relevant and accurate answers.

Increasing the similarity threshold (0) generally led to improved results, indicating that
stricter criteria can enhance the quality of retrieved context. However, the number of
retrieved documents (k) did not have a significant impact on overall performance,

suggesting that the quality of the retrieved context is more crucial than the quantity.

The following subsections examine the effects of various retrieval and techniques,

including document re-ranking and context compression.

Retrieved Documents Re-ranking

In this experiment, the impact of incorporating a ranking model into the retrieval process
is investigated. This experiment leverages the BAAI/bge-reranker-v2-m3 to rank the
retrieved documents based on their relevance to the query. The automatic metrics and

human evaluation results are presented in Appendix Q - Table Q16.

The inclusion of ranking in the retrieval process demonstrates a noticeable impact on the
evaluation metrics across various configurations. Ranking generally improves precision-
oriented metrics such as BERTScore-P, BLEU, and METEOR, particularly in scenarios
with PDR and higher & values. For example, BERTScore-P and BLEU exhibit significant
gains in configurations like PDR (6=0.5, k=10), where precision improves from 72.06%
to 72.96%, and BLEU increases from 2.83% to 3.08%. However, recall-oriented metrics,
including BERTScore-R and ROUGE, show mixed results, with minor reductions in
some cases, likely due to the reduced diversity of retrieved documents. This is evident in
setups such as (0=0.5, k=10), where Recall drops slightly from 64.05% to 64.01%.
Additionally, STS scores consistently improve with ranking, highlighting its ability to
better align retrieved results with ground truth in terms of semantic similarity. Overall,
ranking enhances the precision and relevance of results, particularly in configurations
with high retrieval depth or PDR, but may sacrifice some recall in situations requiring

diverse retrieval.

While ranking demonstrated some positive effects as illustrated in Appendix Q - Table
Q17, it did not consistently improve performance across all parameter combinations. In

certain instances, ranking led to a decrease in accepted responses, suggesting that its
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impact can be variable and dependent on specific factors. However, the consistent
reduction in rejected and inaccurate responses indicates that ranking can contribute to

improved relevance and accuracy of the retrieved documents.

Hypothetical Document Embeddings

One potential improvement is to explore the use of HyDE to enhance the retrieved
context. HyDE uses the input query combined with a potential answer generated by the
LLM using its parameterized memory instead of relying on the input query alone to
retrieve relevant context [79]. The results of this experiment are shown in Appendix R -

Table R18.

By analyzing the automatic metric scores in Appendix R - Table R18, HyDe demonstrates
improvements compared to the standard retrieval with ranking approach across different
parameter configurations. Metrics such as BLEU, METEOR, and STS consistently show
enhancements with HyDe, particularly in lower 0 values or smaller k. For example, BLEU
improves from 0.42% to 2.35% and METEOR rises from 4.81% to 6.62% for 6=0.5 and
k=10. Although slight reductions are observed in metrics like BERTScore-F1 and
ROUGE-1 under specific settings, the differences are minimal and do not diminish
HyDe’s overall advantages. Overall, HyDe outperforms the ranking-based approach

across diverse metrics.

The human evaluation results for HyDE in Appendix R - Table R19 reveal distinct
patterns across different configurations. HyDE without PDR consistently outperforms
HyDE with PDR, indicating that the document relevance scores used in PDR may not be
as effective in identifying relevant documents. Among the HyDE configurations without
PDR, the parameters 0=0.7, k=10 demonstrate the most promising performance,
achieving the highest acceptance rate. This suggests that a moderate similarity threshold

and a larger number of retrieved documents can be beneficial.

Query-to-question Similarity Matching

To further explore the potential of retrieval techniques, additional experiments using
query-to-question similarity are conducted. The automatic evaluation results for query-
to-question retrieval are illustrated in Appendix S - Table S20. The results in demonstrate
the effectiveness of query-to-question matching as a retrieval technique in question-

answer based datasets. Across a range of evaluation metrics, this approach outperforms
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previous methods, including HyDE and ranking-based techniques. Query-to-question
matching exhibits improvements in BERTScore, indicating that the retrieved documents
are more coherent and relevant. While the impact on other metrics, such as BLEU,
METEOR, ROUGE, and STS, varies to some extent, overall, the method is an

improvement.

For further analysis of the retrieval process and to identify potential areas for
improvement, a human evaluation of the retrieved documents is conducted. The results
are presented in Appendix S - Table S21. The human evaluation results for query-to-
question matching reveal a varied outcome. While the approach demonstrates promise in
terms of automatic evaluation metrics, it struggles to consistently retrieve highly relevant

documents.

Despite the high rejection rates, the number of inaccurate and unanswered responses is
relatively low, suggesting that when relevant documents are retrieved, they are generally

accurate.

The choice of parameters, including the similarity threshold and number of retrieved
documents, significantly impacts the performance of question-to-question matching.

Careful tuning of these parameters is essential to optimize results.

Query-to-topic Similarity Matching

To further explore the potential of retrieval techniques, additional experiments using
query-to-topic retrieval are conducted. This approach aims to identify the most relevant
topics (document summaries) within a document and match them to the query. The
automatic evaluation results are presented in Appendix T - Table T22. For most metrics,
query-to-question matching slightly outperforms query-to-topic matching, especially in.
For instance, in 6=0.5 and k=10, query-to-question matching achieves a higher ROUGE-
2 score (14.26% vs. 13.91%) and BERTScore-F1 (67.58% vs. 67.38%) for ground truth
(GT). Metrics such as METEOR and STS also consistently favor query-to-question
matching, with query-to-question achieving 6.65% (CR) and 64.80% (GT) for METEOR
and STS, respectively, compared to 6.44% and 64.09% in query-to-topic.

However, query-to-topic matching demonstrates better performance stability across
configurations. For example, the variability in scores like BLEU and ROUGE is smaller
in query-to-topic matching. BLEU in query-to-topic remains consistently close across
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settings, such as 2.91% (0=0.5, k=5) and 2.57% (6=0.5, k=10), while in query-to-question
matching, the variation is slightly more pronounced, such as 2.89% (6=0.5, k=5) to 2.59%
(6=0.5, k=10). Overall, query-to-question matching tends to achieve slightly higher
performance for most metrics, particularly under parameters that emphasize greater
contextual depth (e.g., lower 0 or larger k values). A human evaluation is conducted to
gain a deeper evaluation of the retrieval process. The results are demonstrated in
Appendix T - Table T23. The human evaluation results demonstrate higher acceptance

rates and lower rates of inaccurate and unanswered responses.

While PDR retrieval demonstrated context enrichment, certain experiments revealed
inefficient performance, particularly when retrieved contexts were extensive in length.
This can be attributed to inconsistencies in the retrieved passages, which often yielded
better results with shorter contexts. Additionally, HyDE retrieval and topic retrieval
demonstrated improvements in the quality of generated results and acceptance rates,
respectively. However, none of these retrieval methods achieved the target acceptance
rate of 70%. To potentially enhance the acceptance rate and overall performance, a hybrid

retrieval approach is proposed in the subsequent section.

Hybrid Retrieval

The proposed hybrid retrieval approach integrates four distinct retrieval methods: PDR
query-to-answer, PDR HyDE, PDR query-to-question, and PDR query-to-topic as
previously explained in the “Retriever Agent” section. To evaluate the effectiveness of
the hybrid retrieval approach, the automatic metrics used in previous experiments are

conducted and the results are demonstrated in Appendix U - Table U24.

The hybrid retriever, as evaluated through automatic metrics, consistently outperforms all
previously explored retrieval methods. This superiority is particularly evident in
BERTScore, a metric indicative of the coherence and relevance of generated responses.
Furthermore, the hybrid retriever exhibits improvements in BLEU, METEOR, ROUGE,
and STS, demonstrating its effectiveness in capturing semantic similarity and generating
accurate results. The parameters, 0=0.5 and k=5, appear to give the best results. Figure 8
compares the GT and human evaluation results from all previous experiments using
parameters 6 = 0.5 and k = 5. The corresponding CR values from these experiments are

illustrated in Appendix U - Figure U15.
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Figure 8

Comparing GT Automatic Metrics & Human Evaluation
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To further assess the effectiveness of the hybrid retrieval approach, a human evaluation
is conducted using the parameters 6=0.5 and k=5, and a ranking score threshold of 0.9.
The human evaluation results presented in Figure 8 compares the highest accepted
number of fatwas in each retriever across different parameters. The hybrid retriever
achieved an acceptance rate of 90%, demonstrating its effectiveness in retrieving relevant

and accurate documents.

When comparing the ground truth scores of Nebras to the baseline scores of other models
(Figure 9), the performance analysis highlights Nebras as a strong contender in semantic-
oriented metrics, excelling in BERTScore (F1:70.94%) and METEOR (13.49%), where

it outperforms all other models. This demonstrates its ability to generate text with high
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semantic similarity to references. Nebras also slightly leads in BLEU (4.79%), indicating
good n-gram precision. However, its performance in ROUGE metrics, particularly
ROUGE-1 (26.13%) and ROUGE-2 (5.51%), falls short compared to GPT-40 and
Gemini-1.5-Pro, suggesting potential weaknesses in capturing unigram and bigram
overlaps. In STS, Nebras remains competitive (72.44%) but slightly underperforms GPT-
40 (74.10%).

Figure 9 also compares the number of accepted fatwas based on human evaluation
highlighting Nebras as the leading model, with 9 accepted fatwas. This significantly
outperforms other models, including GPT-40, which ranks second with 7 accepted fatwas,
and Gemini-1.5 Pro, which follows with 6. Llama3.1-70b, with only 3 accepted fatwas,

shows the weakest performance in this metric.

To further assess the system's ability to generate accurate and factual answers, an
additional evaluation is conducted using 100 fatwa questions. The results of this
evaluation are presented in Appendix V - Table V26. Nebras demonstrates competitive
performance against state-of-the-art models, surpassing Gemini 1.5 Pro across all key
metrics and achieving results comparable to GPT-40. It excels in ROUGE scores,
significantly outperforming both GPT-40 and Gemini, indicating strong recall and
coherence. Additionally, Nebras achieves the highest STS score (74.50%), suggesting
better semantic similarity to ground truth. While its BERTScore-P (71.80%) is the highest
among all models, indicating high precision, its BERTScore-R (64.30%) is slightly lower
than GPT-40, suggesting room for improvement in recall. Moreover, Nebras performs
better than Gemini but slightly below GPT-40 in BLEU (3.20%) and METEOR (7.80%),
indicating a potential area for refinement in phrase-level diversity and exact word
matches. Overall, these results highlight Nebras's capability, performing at a comparable
level to leading commercial LLMs while excelling in structured response generation and

semantic accuracy.
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Figure 9
Ground Truth Comparison Between Nebras and Baseline Models
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3.4 Experiment with An-najah National University Dataset

To evaluate the effectiveness of the retrieval pipeline, a series of experiments were
conducted using a dataset of five questions specifically tailored to An-Najah National
University. These questions were designed to assess the models’ ability to provide
accurate and informative responses to common inquiries related to university policies,

academic matters, and personnel. The following subsections explore the impact of the
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retrieval pipeline by comparing the baseline performance without information retrieval to

the results obtained after incorporating the retrieval process. The dataset questions are:
Phhgll - lail) daals 3 daaigl IS dee 9o 0 .1
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Translated to English:

1. Who is the Dean of the College of Engineering at An-Najah National University?

2. What specializations are available in the College of Information Technology at An-
Najah National University?

3. What is the admission average for the Accounting program at An-Najah National
University?

4. Who is the current president of An-Najah National University?

5. What are the university's mandatory courses for all specializations at An-Najah

National University?

3.4.1 Baseline Evaluation: Responses Without Retrieval

To establish a baseline for evaluating the performance of language models in handling
university-related queries, a comprehensive experiment was conducted. Each of the five
questions designed to assess the models’ capabilities was submitted to Google’s Gemini
1.5 Pro, OpenAI’s ChatGPT 40, and Meta’s Llama 3.1-70b. The generated responses were
subsequently analyzed using a combination of automatic evaluation metrics and human
judgment. The results of these evaluations are summarized in Appendix W - Table W27

and Table W28, respectively.

As shown in Appendix W - Table W27, GPT-40 consistently outperformed the other
models across various metrics, indicating a stronger ability to understand and respond to
these university-specific queries. However, the human evaluation in Appendix W - Table

W28 reveals that even OpenAl’s GPT-40 struggled with providing entirely accurate and
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comprehensive answers, particularly for questions requiring specific numerical data or
detailed academic information. This suggests that while LLMs have made significant
progress, they still face challenges in handling complex and nuanced queries related to

institutional knowledge.

3.4.2 Hybrid Retrieval Pipeline Evaluation with NNU Dataset

To evaluate the impact of the hybrid retrieval pipeline on the quality of generated
responses, A comprehensive evaluation is conducted on the same question dataset used in
the previous experiment, which evaluated the LLMs without context. The evaluation
consists of a set of automatic metrics including BERTScore, BLEU, ROUGE, and STS.
The results, presented in Appendix X - Table X29, provide insights into the system’s
performance in terms of semantic similarity and lexical coherence. The evaluation results
demonstrate the impact of the hybrid retrieval mechanism on the performance of the
system. Incorporating the hybrid retrieval pipeline exhibits improvements across all
metrics, including BERTScore, BLEU, METEOR, ROUGE, and STS. By effectively
retrieving and augmenting relevant information, the model is able to generate more
accurate, coherent, and semantically similar responses, leading to enhancing the overall
quality of the generated responses. Figure 10 compares the ground truth automatic

evaluation scores between the baseline evaluation results the Nebras’s results.

Human evaluation of the generated responses revealed that the system’s performance was
generally satisfactory, with four out of five responses deemed factually correct based on
verification with official university information. However, in the case of the fifth
question, which inquired about mandatory university courses, the system correctly
identified the total credit hours but was unable to provide a comprehensive list of specific

courses. All models’ generated responses in this research are provided in Appendix Y.

Across different pipeline experiments, the total execution time ranged from 9.61 to 13.82
seconds. This variation was mainly due to hardware constraints and the length of the
retrieved contexts. The primary bottleneck is when the Google Gemini 1.5 Pro API is
called as a fallback, triggered by failures in accessing models hosted on Groq

(https://grog.com).
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Figure 10
NNU Dataset Ground Truth Scores Comparison
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The results of benchmark testing reveal that Nebras achieves an average execution time
of 11.7 seconds while utilizing approximately 7.8 GB (48%) of RAM. The ranking model
is entirely offloaded to GPU memory, requiring approximately 3.28 GB (82.1%) and
taking under 3 seconds to rank the retrieved documents. CPU utilization is minimal
(1.22%), as the majority of processing is performed on the GPU and through API requests
to LLM hosting services.

63



Chapter Four

Discussions and Conclusion

Nebras is a RAG-based question-answering system specifically designed to answer
Arabic queries across multiple domains. Designed as a multi-domain solution, Nebras is
tested on two distinct datasets: Islamic fatwas and university-related inquiries related to
An-najah National University. The system’s adaptability lies in its ability to handle
diverse Arabic dialects while providing contextually accurate and evidence-based

résponsces.

One of Nebras’s contributions lies in its adaptability and efficient design. Nebras
combines LLMs and a vector database to provide accurate, contextually relevant, and
well-referenced Arabic answers without requiring LLM training or fine-tuning. This
eliminates costly and time-intensive processes, ensuring high scalability across domains.
Its dynamic and extensible knowledge base allows administrators to easily manage
datasets for specific fields. A hybrid retrieval approach ensures precision and relevance.
Nebras effectively handles Arabic morphology, advancing question-answering
technologies for Arabic-speaking users in specialized fields. This robust and scalable

system represents a significant advance in adaptable and efficient solutions.

Comprehensive testing demonstrated Nebras's:
— Accuracy and Reliability: Effective hallucination reduction through external

knowledge sources.

— Efficiency Without Fine-Tuning: High performance using pre-trained LLMs, proving
the effectiveness of a well-structured RAG pipeline in eliminating domain-specific

fine-tuning.

— Multi-domain Flexibility: The system successfully addresses queries in both sensitive

religious contexts and factual academic domains, highlighting its adaptability.

These findings demonstrate the potential of combining retrieval and generative methods
to overcome the limitations of standalone LLMs in specialized applications. Despite its
strengths, Nebras has some limitations:

— Response Time: Response generation times range from 9.61 to 13.82 seconds,

primarily due to hardware constraints and the length of retrieved contexts.
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— Limited Data Format Compatibility: The system supports only structured and semi-

structured textual data, lacking the ability to process graph data, images, or audio.

The implementation of Nebras opens new possibilities for deploying efficient QA systems
in Arabic-speaking regions. Relying on pre-trained models reduces development
requirements for domain-specific solutions, especially in resource-constrained
environments. Future improvements to Nebras could include addressing its limitations

and expanding its capabilities by:

— Integrating Multi-modal: Extending support to graph data, images, and audio to

enable richer applications.

— Expanded Knowledge Bases: Incorporating additional domain-specific databases to

improve the accuracy and breadth of answers.

In conclusion, Nebras demonstrates the potential of leveraging pre-trained LLMs within
a RAG framework to address the unique challenges of Arabic-language question
answering. Eliminating fine-tuning makes Nebras a scalable, cost-effective solution for
multi-domain applications. With further development, it has the potential to significantly
contribute to Arabic-language Al services, improving knowledge accessibility across

diverse domains.
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List of Abbreviations

Abbreviation Meaning

CoT Chain-of-Thought

CR Context Relevance

EDA Exploratory Data Analysis

GT Ground Truth

HyDE Hypothetical Document Embeddings
IR Information Retrieval

KB Knowledge Base

KG Knowledge Graph

LLMs Large Language Models

LoRA Low-Rank Adaptation

MRR Mean Reciprocal Rank

NER Named Entity Recognition

NLP Natural Language Processing
NNU An-Najah National University
PEFT Parameter-efficient Fine-tuning
PDR Parent Document Retriever
PLMs Pre-trained Language Models
QA Question Answering

QLSTM Quaternion Long Short-Term Memory
RAG Retrieval-Augmented Generation
SLMs Small Language Models

SQL Structured Query Languages
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Appendices

Appendix A
Google Gemini Response to Accounting Major Required GPA

Question: $a:ilagll ~lail) daals & Luwlad) Gawmdn] Jeall Jare o L

Translated to English: What is the required GPA for the Accounting major at An-Najah National

University?

Response in Arabic:

Al 2 laill daala (8 AT aads (gl ol daulaall Ganadil e s3nay Culs Job Jaee ans Y

Hlgie dalse saas g JAY ale e i Jadll ¥ e

cJpll Crslladll Jasall aifiyy 28 Gy cdadliall Cuady) ¢(pesfiall 2ae o) LlS i 0pesfiall 2 @

Gslladl Jasall oY) asl) aalgll (aadsl) ot Aalial ae el aae dan tdaliad)l 2eladl 2e @
-Jsall

Al clilaial b gpeatiall OO elaly Laad Gogllaal) Jaaall iy gpesiiall DU clol o
Aelala Lo ol dalall

laail bl o ol daals b dualadl) aadil Joidll Jaes Joa logladll Gaaal e Jpeanll

Qf:‘ Lo e‘:‘m-’

Glaslas Bale anie Cus cadgall A doacally Joll acd o danl 1 cano)ll daalall aBse 5l @
cpaadd JS) Lglhall e axally ol Jagyd Jga Lbiais

elya Brilie daalall A disadilly Jodl) acdty Jlai) cli€oy : inadilly Joadl) ol e Jualsill @
Hpalad)l aadty Joidll Jae s cihladinl okl ¢ g 5SSV 2l e i Lisla

Jsn Gilaslas fale Laalall duaus)l) Gldle ) Gacain dadlall duall GlDleY) e gDV o

cJsdll gy dratll o2y 2090
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148l il
Adadll D) Jilugs oo lanl¥) dualsill adlgn o daalall Cilabn ol rclanioally HLaY] am
caally Joall Jss LAY Gaaal e Jguaall

e Jsaall sl pamds B pulla OO g dealsil) cli€ey s pullall OO e Lt
cdsdll dlee (o9 aginad Joa Dilagles

(gn Wl i€ 13) A L udaal) ALl e gudoal) Alall Jeuall dag i Cabias 38 :dela ddaadle
cdoll Dy dualald) Jagyall (e Gaaill il an

Ll b gl Gl il

toal Al gl il Ja

Response translated to English:

There is no fixed or predetermined GPA requirement for admission to the accounting
program or any other major at An-Najah National University. The admission requirements

vary each year and are influenced by several factors, including:

e Number of Applicants: Higher competition due to an increased number of applicants
may result in a higher GPA requirement.

e Available Seats: The number of seats allocated for the major determines the minimum
GPA required for admission.

e Performance of Applicants: The GPA requirement is also influenced by the

performance of applicants in high school exams or equivalent qualifications.
Steps to Obtain the Latest Information:

e Visit the University’s Official Website: Check the admissions and registration section
for detailed information on admission requirements and GPA thresholds for each
major.

e (Contact the Admissions Office: Reach out to the admissions office via phone or email

to inquire about the current requirements for the accounting program.
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e Review Official University Announcements: These announcements typically include

details about registration dates and admission criteria.
Additional Tips:

Stay Updated: Follow the university’s social media pages and local media for the latest

news on admissions.

Consult Current Students: Engage with students currently enrolled in the accounting

program for insights into their experiences and the admission process.

Important Note: Admission requirements for international students may differ from those
for local students. If you are an international student, verify the specific requirements

applicable to you.

Best of luck in your academic journey! Do you have any further questions?
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Appendix B
GPT-40 Response to Accounting Major Required GPA

Question: 4kl ~laill daals 3 dsslaal)l paaddl Joidll Jree 52 L
Translated to English: What is the required GPA for the Accounting major at An-Najah
National University?

Response in Arabic:

(Aalal) Lgilill) cguagill Janall e aaiey bl -l daals (A doslaall Gaadsl Joidl) Jaes
%80 o Bole Zohi amadil) 13a b Al Jgil slaall Jaeall IS 68,8 @lgind) . lall
Jealsills reat zralipall dalana) 5aally Grasiiall 230 e 3y elld ity o Sar (K15 %85

sty 4y FSY) Glesbed) o Jgemnll dealal) 3 Joniilly J5l aod as
Response translated to English:

The GPA requirement for the accounting program at An-Najah National University
depends on the student’s high school average (Tawjihi score). In recent years, the required
GPA for admission to this program has typically ranged between 80% and 85%. However,
this may vary based on the number of applicants and the program’s capacity. It is
recommended to contact the university’s admissions and registration office for the most

accurate and up-to-date information.

80



Appendix C
LLM and Mufti Responses to Fatwa on Promoting Products

Question: e il @ 75 el e (aie oyl ae A gee Jilie 48,41 Clatial g 3l oSa

Translated to English: The Islamic Fatwa ruling on promoting a company’s products in

exchange for a commission with a prior condition requiring the promoter to pay a sum of money?

C.1 Google Gemini 1.5 Pro Response in Arabic:
anll sl s
c Bl ala®Y) 8 d)laall cleleally (Bla 2ga Jlgee
Al ety e e gdn Guse Jayd pe dlgee lie 4558 Gilatiad g pll oSa: LD
cade Caaglly adaal) danla
i)
dhids daxd Jilie g odaall aliall S
Sl e il 528 ) Jouasl 7o yall i daie 8 @) ol cAdiiged Slgal sl ccana i
o3 (585 ol Jayd Bila (45 aiall 138 (8 cabae B o2e Ly mosall o il 2503 AT dexa (4]
Aaslia Lgiad (5 Oy gl dalanl Ay pum daal
1Al Clatiad B ehall dilke godaall alaall oIS 1Y)
st ydimng clajme 05 a8 Jaydll e 08 g Al el il el (e A L0 oy Jajds 1 e
- laally e Slaly SSY) (o
ear Guoad allat (8 GUAAY) ke goiaall alall (IS 1)
esi s clepd yma allal) Vs 0l (oAl paladl aias e 2Ll e zosall Jeany G 2 e
sy e
tdayaa agiall 038 Gans Jaas ) WA

Wl 6 el Biaa Y L cJaall 138 (g Nl B ) pae (gl i) a0 e
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B e Ll Wlie 81 7k aase sy (alil glad i Cus i JlnaYl e

Qe Y Glaiie ehd Ao zosall Sl o Cus SY) e

padall Slead Ldlss caalsll Jag il

b JS Slallly Gsin 23m0 s (Bpuay Bualy Siall 06 o g 1kl zoiag @

Bhlaaly Al yalie ge e gl e WA S8l 05K O a1 A e pxe

il sl DY) Jie (eyd ayma al (o kel e YT Comy tahall Gaeiai aae o

cl) e Guly dieyd daliae Gaiad ga Siall e gl (5$ OF o eyl dsliadl) e
-l

oadiey Oy ediueyd e by of paddll o G il 138 e die gl 8 Jsda J: dspa

Aadle Ll () macasil el alall Jal

S oal Al (of el Ja.alef 41 5

Google Gemini 1.5 Pro Response translated to English:

In the name of Allah, the Most Gracious, the Most Merciful
A critical question arises regarding commercial transactions in the digital economy.
Summary:

The permissibility of promoting a company’s products for a commission with a
precondition of paying a fee depends on the nature and purpose of the payment.

Detailed Explanation:
If the Fee is for a Genuine Service:

Examples include training, marketing tools, access to a customer database, or any service
that benefits the promoter and facilitates their work. This arrangement is permissible,
provided the service is necessary for the promotion and its value is clearly defined.

If the Fee is for Mandatory Product Purchase:

For instance, if the promoter must buy a specific quantity of products before starting
promotion, this condition could be impermissible, as it may involve coercion and
exploitation.

If the Fee Involves Participation in a Pyramid Scheme:
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For instance, where the promoter earns by recruiting others, such schemes are prohibited
under Islamic law due to their fraudulent nature.

Reasons for Prohibition in Some Cases:

Uncertainty (Gharar): There is ambiguity in the potential earnings from such work.
Fraud: Participants may be misled with promises of high returns for minimal
investment.

Coercion: Promoters may be forced to purchase unwanted products.

Conditions for a Permissible Contract:

Clarity: The contract must be explicit and clearly define the rights and obligations of
all parties.

Avoidance of Uncertainty: The agreement should not involve elements of risk or
ambiguity.

Compliance with Islamic Law: The contract must exclude prohibited activities, such
as fraud or deception.

Legitimate Purpose: The agreement’s objective should align with Islamic principles,
not mere profit-seeking.

Adpvice: Before entering such agreements, individuals should verify their compliance with
Islamic guidelines and consult knowledgeable scholars to clarify any ambiguities.

Allah knows best. Do you have any other questions?

C.2 GPT-40 Response in Arabic:

Hlgiag eyl Ladgung Jagpdl Wy o oIS 1) lepd Sils dlgae Jilhe A58 ilatial g il

Cuny Byeanadl 5 LS die Jia ool 1o A5als 25 el G atall G5 o o 222adl Slsa @

25ns (33 SISy Ty pall b 1aanag g 3iall (35S of oy tillgally ppal) e el 5la e

A ) o les f paget

A5 Rase Wle Gilao 2 5all 4 iy Uy cpacty dkall (IS 13) 2 ymall Lagpail) (e 2kl 513 @

i) IS 13 dals (258 apmall LY ol Ll il 8 Jasy 38 1368 clatiall g 3l) ol

JB e zisell Pl ) 138 (595 My Badase Gilaase ok GBlaie ol Jjise e poiall

48,40
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Y Ll 13 ol e oSl D3 s rgall e b glie ads Jayd ey Sl OIS 13 1Y
S Y el ey Y s g yias Waaly a8 e gl 05 ol calls o pma ) (525

gl hya
OS5 s Al Gt A 5 5al) a e s gia Gy aceall Tyl IS o) s e 3L
Fla e 5% bl 1 lh digecne e hlie 48 OIS S Sl e bie e il I
GPT-40 Response translated to English:

Promoting a company’s products in exchange for a commission is permissible under

Islamic law if it adheres to certain conditions and guidelines, including:

e Legitimacy of the Contract: The agreement between the promoter and the company
must be a lawful contract, such as an agency or brokerage agreement, with a clearly
defined role and a specified commission for the promoter.

e Absence of Ambiguity and Uncertainty: The contract must be transparent, with clear
terms and rewards, avoiding any ambiguity that could lead to disputes.

e Absence of Prohibited Conditions: If the contract requires the promoter to pay an
upfront sum of money to the company as a condition for promoting products, this may
fall into the categories of gambling or usury, especially if the payment is non-
refundable or tied to specific sales targets. Such conditions may result in exploitation
of the promoter by the company.

Thus, if the contract includes a condition requiring an upfront payment by the promoter

to the company, caution is advised to ensure this condition does not lead to any prohibited

actions or injustice. The purpose of the payment must be clear and legitimate, and the

contract should not involve exploitation or harm to the promoter.

If the upfront payment involves significant risks or lacks a direct exchange of value, this

condition would not be permissible under Islamic law.

C.3 Mufti’s Response in Arabic:
only s ldY Sl g lls cajme ) Ay L aadll Jldl e L) dads < Geme Vs cala Mo

Lol pgalenls ¢lgta 12hn pasllacly ¢ yhall o3y Ladaly Gulill Jlgal dguaiall Laily )3)ya Vs 13gunia 52

84



i adn mg el e byl i oS4l (e Jle Qlae zog pill gatall GIS g eL@.AuJ:_ ijge
crailly JLEaY U ¢l (e 5AY) dadall jedng cslad Jaall 138 Caigh dina daal g G
Mufti’s Response translated to English:

This is prohibited and not permissible, as it involves riba (usury) on the money provided
and contains prohibited uncertainty (gharar). Promotion is merely a fagade to conceal
these practices, and it is neither the true purpose nor the intended goal. The actual aim is
to take people’s money under this guise, giving them a portion back while deceiving them
into thinking it represents returns on tasks. If the intent were truly to promote in exchange
for financial compensation, there would be no precondition requiring the promoter to pay
an upfront fee. At a certain point, such schemes abruptly stop, leaving the last tier of

participants to suffer financial losses through fraud and deception.
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Appendix D
Dataset Scraped Fields Mapping

Figure D11

Field Mapping for Fatwa Scraping from Islamweb
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Figure D12

Field Mapping for Academic Majors Scraping from NNU website
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Figure D13

Field Mapping for Academic Courses Scraping from NNU website
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Appendix E
Fatwa Dataset Category Distribution

Figure E14

Fatwa Dataset Categories Distribution
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Appendix F
Field Augmentation for Structuring NNU Dataset

Academic Major Document Augmented Content Field Template:
{faculty} 4 &Ul {major title} (awais
{degree} :As siadll dx A
{duration} :dwl Al 32a

{description} :pewadill e Caay

Academic Course Document Augmented Content Field Template:

{title} :Bluall auil
{course_number} :3ludll 28
{creadit_hours} :sadizall Cilelud)

{section} :asall

{description} :3luall Cia

89



Appendix G

Query Decomposition Agent's Prompt
y p g p

Note: titles = “- {collection 1 title} \n - {collection 2 title} \n ... - {collection n title}

Arabic Prompt (used by the agent):

oalll 8 Baxaiall Chlabia) i & Sliage .gasaill dallas 8 pacadie S5 oaclue el
05 o Qlasa ADla) eladl (o masaal pa ¢ ity maaly JSE it lua Bale) A5 ()
4l wacalgall aaly dalaia g dasgie ALY

{titles}

e ol dhle g Al gl

i e ST llia €13 Alaiie jlhaad ) chludia) s .1

cd) A e Jlged) daays 090 ¢l siSall Aalll e Lleall pe cladin) delua sole) .2
A ladl) maaas .3

A mpalsall aal Bl Blele ae cAasehes dawaly chlemaY) 058 o Glea 4

{titles}

rals po Gaolinl Lgbigaty o8 (adae ye ) (A daalay Bl Lpalad) Chludin¥) clS 1) .5
Auh gl &Ll

caaly sl 8 L lgaey a8 dgilinie ol gacasall Guiy dileie eyl dllia culS 1Y .6

Abgias (e 2aly shao b Aalia) A e desane 0S5 O g Sledll W) LT

s I

Jha el Jlad Szl daalay sulal) ple pamds e il oS S S Lo sdiad) pal
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38 jrw p Lo Shabgll ~laill dasls B Cagalall ple (aadn e aail (2SS oS U

[fasbagll - lail) dnals b Joaill Jagyd o Lo (S

Translated to English:

You are an intelligent assistant specialized in text processing. Your task is to break down
multiple queries in the input text, then rephrase them clearly and concisely, correcting any
spelling errors, and ensuring that the questions are understandable and relevant to one of

the following topics: {titles}
Steps you should follow:

1. Split the queries into separate lines if there is more than one query.

2. Rephrase the queries while maintaining the original language, without translating the
question from one language to another.

3. Correct any spelling mistakes.

4. Ensure the queries are clear and understandable, keeping the context of one of the
following topics in mind: {titles}

5. [If the queries relate to another university or are not specified, adjust them to fit with
An-Najah National University.

6. Ifthere are queries related to the same or similar topic, combine them into one line.

7. The final output should be a set of related questions in a single line within an array.

Example: Input text: What is the ruling on usury? How do I apply for the computer science
major at An-Najah University? How much is the price of this book? What are the

admission requirements at Birzeit University?

Output: [ What is the ruling on usury?, How do I apply for the computer science major at
An-Najah National University?, What is the price of this book?, What are the admission

requirements at An-Najah National University? ]
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Appendix H
Query Classification Agent's Prompt

Table H11

QA Piepline Classification Fields String Templates
Prompt Variable Metadata Field String Template
titles_list title {title_1} ({name_1}): {description_1}
titles_str title {title 1}, {title 2}, ..., {title n}
names_str name {name 1}, {name 2}, ..., {name n}
classes name {name 1} / {name 2} /.../{name n} /irrelevant

Arabic Prompt (used by the Agent)
Ldyral Cle ganall ity 53ana Cile gingar daleiad)l ABY) i Lo yte e aclua

{ titles_list } 4wl

il o Lol daalay ddlatie Aliad o A

ol Ay b saladl ple Gamds b Jeidll bagyd 2 L —
Sl daals A Joidll (5Sa pe Jualgill €0 S —

Sz o) deals L Aeigh LIS 8 Aalid) ) mabd) & Lo —
tAalay) (ol daleie diad o Ak

CyBU SIS abs eme o -

falaY) A Sl ()l b e Qe ehdaSa b -

¢ shadl ol aluall Sema Ja -

tila il pe Al e AR

Tl daale o Lo -

foehll Chlea Grant e S -

Callad) 8 Js ST 0 e -
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and aladialy cal L dla @l e {titles str} o dalaie cul€ 1Y) Lo daag A00H ABGY) ol 28
{ names_str } casliall il de gasll

] :"results"} :daiill Jla

, {classes} :category ,l Jls« :question

{classes} :category ,2 Jls :question

{[ {classes}:category ,3 Jl3 :question ,

Translated to English:

You are a knowledge assistant trained to classify questions related to specific topics

according to the following knowledge categories: {titles list}
Examples of questions related to An-Najah National University:

- What are the admission requirements for the Computer Science program at An-Najah
University?

- How can I contact the admissions office at An-Najah University?

- What study programs are available at the Faculty of Engineering at An-Najah

University?

Examples of questions related to Islamic Fatwas:

- Is it permissible to give zakat to relatives?
- What is the ruling on purchasing a house through a bank loan in Islam?

- Is fasting allowed during travel?

Examples of irrelevant questions:

- What is the capital of France?
- How can I improve my cooking skills?

- What is the tallest mountain in the world?

Analyze the following questions and determine whether they are related to the following
categories {titles list} or irrelevant. Answer using the appropriate category name:

{names_str}
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Example of the result:

{"results": [

question: Question 1, category: {classes},
question: Question 2, category: {classes},

question: Question 3, category: {classes},

i
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Appendix I
Candidate Answer Agent Prompt

Arabic Prompt (used by the agent):
S Jgadl el
o &ald b aladiad e LlaY) 0sSs of g o3l gl Ll Cilegumgan laty Jlgadl (IS 13)
Aoy Gualal

Al ARG ZlaY) 0S8 o Gany LS

Translated to English:

Answer the following question:

If the question is related to Islamic topics or fatwas, the answer must be given without

using Qur'anic verses or Hadiths. The answer must also be in Arabic.
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Appendix J

Context Relevance Prompt

Arabic Prompt (used by the agent)

Beli (b linga cAayal) Gaseaill (ha Alal) 3 Cilasladll zhadal 8 aadie e aclas o

) Jeal) Jah daiil) (et o Cang ozgphaall Jlgaalls 8yilee Jasip ) Jead) aaiy 3lad)

Hlee bl Gany Y lshaall L Jlgadl e aYL dlia 3 5adaas daaly cilogles

usthall lasheall daail dagiiy 13 Jlgeedl DA Jlguadl agd

ey i gl Bydlae cand () Jaall dang adiall (GBladl) ebil) aill galy Gladl ala

Ll e oSy clgaally Bpilan dlin \gb ) ALK Jaad) Jah o paias) sdliall <l Jaad) 2 haa)

Aulaie DlaY dygpall loglaal) Ao (ggian

ALY B aala Y dle ahle sl dla @ld s des gl sl sl e sgiaal cuan .
i) Jeall (e g€ ol £lkall Aula bl axsis Y sdalall Gl dlee cuiss

e daalds gl ) Sa (5ine o Al sl ) chlal (6l aeiiad 1gys pall e ssiadl ALl .

cAdasiye

Ayl Gl GsS5 250 maen o (g 2SB tapal) ARG Al

ALalSie 588 g JalSIL Al <l A i Ales JS o (e ST 2Ly Ay

1

2

s G

Caagnll (g il b D) o Lo 2l

2l Wl s o olgaall ST a8y AdlaY) Ayl 6 Ciloyaall (e Liad dgnyl) gl Gk

Syadll (i iy oo LV ) il 1) sgs Ll o LeaYls sl il 8 8351 Ay l) (pmgeall e

gty degpdal) CHLEN) (st P G L) o Tl Bl al of LS elaie Vg el oo
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e dady Gilie o 4l W Lyl dalaill (e el danydll cpda a8y L 85Lall bl laslaal
Al dayal) ASY Ty g Ll e slas ) & el g @l . asinally 34

$danil)

“isond
"relevant_sentences’: [Audluy) danydll & Clomall (e s Lg)l (gl clgadll T N,
glaa¥ls dsuil) daad) A 83)lel) Locpdll pasail) o 2l Wl daja e Hlhl g5 L)Y
sLie¥ly ehadll (s Bendll e ayy oo lany)

de g ydall hleiiay) (i DA (e 2l e Tobe hlial o S 2l dasyall cujds 53
ainally 3l Ao dadg Clse e 4l Ll Lyl dalaall (1

I}

Translated to English: You are a knowledge assistant specialized in extracting relevant
information from Arabic texts. Your task is to read the context and identify the sentences
that are directly related to the question asked. The result should only include the sentences
that provide clear, specific information relevant to answering the question. Steps to

follow:

1. Understand the question: Read the question thoroughly and understand it to identify
the required information.

2. Analyze the context: Review the provided contextual text (the source) and identify
the sentences that directly answer or are linked to the question.

3. Extract relevant sentences: Only extract full sentences that are directly related to the
question, ensuring they contain the necessary information for a coherent answer.

4. Avoid unrelated content: Exclude any irrelevant sentences or general statements that
do not contribute to the answer.

5. Avoid comparing Quranic verses: Do not use Quranic verses for comparison or as part

of the extracted sentences.
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6. Remove unnecessary content: Exclude references to other fatwas, repeated content,
or unrelated details.

7. Result in Arabic: Ensure that all responses are in Arabic.

8. Accuracy and completeness: Ensure that each extracted sentence is fully relevant and

provides a complete idea.
Example: Question: What is the ruling of Islam on usurious loans?

Context: Usurious loans are considered forbidden in Islamic law. Scholars have affirmed
the prohibition of usury based on the religious texts found in the prophetic traditions and
consensus. Usury leads to social injustice and widens the gap between the poor and the
rich. It also has a negative impact on the economy by undermining legitimate investments
and encouraging harmful financial practices. Islamic law warns against dealing with
usury due to its severe consequences for both individuals and society. Halal loans are

those that are free of usury and are conducted according to Islamic law.

Result:""*json{"relevant sentences": ["Usurious loans are considered forbidden in
Islamic law.", "Scholars have affirmed the prohibition of usury based on the religious
texts found in the prophetic traditions and consensus.", "Usury leads to social injustice
and widens the gap between the poor and the rich.", "It also has a negative impact on the
economy by undermining legitimate investments.", "Islamic law warns against dealing

with usury due to its severe consequences for both individuals and society."]}
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Appendix K

Answer Generation Agent Prompt
Arabic Prompt (used by the agent):
Calide e ALY e DY) o chage. LY aulgs 3 re el o’ g clend
I ol ) . adiall Blaad) alasiuls gacalgall
Ayl el Bpas S 201 L1
Y1 Capen Y ol Y Gl 5LV elay (Bl o3 A 132
sl 8 gl Y a6y 3
celila) 3 Ausal) e Sl AT ¥ SE iy Bpeaiieg daals S axdid .4
ciahaly Cige cliglul o (e Sy e33l) Jlsha dafinag dnan) B e Lils 5
2ol danled Bl ) 3had) aadiy 4By catial) Gladl ilie Jalas (DIA (ge dug j2e Dila] a8 .6
-z ) JSail Ledaal i 428
e Lagd San BlaY) of o aslil pe cpgumsalls daboiall onlaall ) eluls] (b anul 7
g sagall
cpedl) Agusg daaly 58 Cuma cBghady Sglad e g .8
{question}: J)ul)
{relevant_sentences}: il

Translated to English:

Your name is "Nibras," a polite and well-informed knowledge assistant. Your task is to
answer questions from various topics using the provided context. Please follow these
guidelines:

1. Respond exclusively in Arabic.

2. Ifno context is provided, kindly indicate that you do not know the answer.

3. Do not repeat or refer to the question in your response.
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Use clear and concise sentences, avoiding the mention of Qur'anic or Hadiths verses
in your answer.

Maintain a formal and respectful tone throughout your response, ensuring that your
style is courteous and polite.

Provide a thoughtful answer by logically analyzing the provided context, breaking it
down into key points, and explaining how they relate to form the conclusion.

Base your answer on principles related to the topic, ensuring that it reflects a deep
understanding of the subject.

Clarify your reasoning step by step, making it clear and easy to understand.
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Appendix L

Evidence Extraction Agent Prompt
Arabic Prompt (used by the Agent):
gl o diglal) aabally sl o) daep sl AN s 3 pamdie dyme ol cul
A i) sl yally sl )1 ) ALY cgl) Cualally ATl i) 2 DAt o dliege Aanyal
Balae 3l Y AN ol galie (5 Jalad g hadd) dlsedl o aaulss @3 ) aY) ae ) aabially
el o sl
sl Arpally damill angy o8
4 opal) Jdall*
Bsadl aud = AV i -
Bsedl pud = AN i -
ladl = Cuaall ey -
ladl = Cuaall -
gl — Jadl o sl lgie -
gl — Jadl o Ul lgie -

Sl Jaal**

Ll = agayall ol 0)5lall a3,

asayall sl il — salall a3,

Calgall = Sl Jaa) o GBSl Glgie -

LS o i gl g a8 Y sl o DY) pex Al ealiall 638 e (gl anss ol 13) 2idaadle
s Jba

oo dunn (i) mamea b 2)5 85 (B3 15T DLl Tsadl) tajmdl sy b s A JB 2 i

101



Aol N ) GBS ) aggil asialy g sl 5el) oSie g Uil G talug adde ) e il

skl Lal) Alagll Ziall) (€ 22023 il (4) o8y alisll psenall 3 2y LS L oSall Va3

el
fheliall oy Gl dag T 8 zls )l Ko Lo tlgd
slasg e 4 Lo i) o ) slelall iy cale 5 (oal conions DLY) B 2130 Ay

'C}-):\:‘h Scu‘ eSJA &Uah\ u,a'
Translated to English:

You are a knowledge assistant specialized in extracting legal proofs or laws and legal
references from Arabic texts. Your task is to extract Quranic verses and Prophetic hadiths,
in addition to the numbers of laws, legal decrees, and references that support the generated
answer or the asked question. Ignore any references or proofs that are not directly related

to the answer or question.
Provide the result in the following format:
Legal Proof:

- Verse text - Surah name

- Verse text - Surah name

- Hadith text - Source

- Hadith text - Source

- Title of the book or article - Author
- Title of the book or article - Author

Legal Evidence:

- Law or decree number - Year
- Article number - Law or decree

- Title of the legal book or article - Author

Note: If none of these elements support the answer or question, do not generate any text

or write anything.

Example:
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Text: Allah says in Surah Al-Baqarah: (And establish prayer and give zakah). It was
reported in Sahih al-Bukhari that the Prophet, peace be upon him, said: "Whoever among
you is able to marry, should marry." The jurist referred to the book "Al-Mughni" by Ibn
Qudamah in this ruling. It is also mentioned in Presidential Decree No. (4) of 2023

regarding the formation of the High National Committee for Industry Development.

Question: What is the ruling on marriage in Islam? Does it relate to industry

development?

Answer: Marriage in Islam is recommended for those who can afford it, and scholars refer
to the hadith of the Prophet, peace be upon him, "Whoever among you is able to marry,
should marry." As for industry development, it is not directly related to the ruling on

marriage.
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Appendix M
Irrelevant Query Response Agent Prompt

Note: titles = “- {collection 1 title} \n - {collection 2 title} \n ... - {collection n title}
Arabic Prompt (used by the agent):
el hludind Gle 3l ge Jgjenn iy yae aolin (g e
Oo gl 13 e 2yl A€ Y zdsall o g 13) a8 ABY e LU e (gginy il (IS 1)
Mol i hluiia) gea o macash g ABLUIL AN sl (e Callaly (ALY
tHla U A0 Cilegleal) axiiul (e o cload Jie) z3sailly (3heiy lgadl GIS 13)
Vo Slas
L aalgall b LAYl acall a8 pasadie yee solies g o
{titles}

8583l maalsalls dilaia Cilila] asil dgase il
B dlsadl () gy 13) 228z dgailly dalaia yie ol 8)6S0al) pialsally dha (53 e Jlgaadl (IS 1Y)
ghaas i€ Al pudalgall SO ae clgale LY iy Al il gall Gl
Nebiaad 25y ALY paes o S

Translated to English:

Your name is "Nebras," a knowledge assistant, and you are responsible for responding to
user inquiries. If the question contains inappropriate language, provide a response
indicating that the model cannot respond to such questions, kindly requesting the user to
maintain decorum and clarifying that all inquiries are recorded. If the question is about

the model (such as its name or role), use the following information to answer:

- Your name is "Nibras."

- Your role is a knowledge assistant specializing in providing support and answers on the
following topics: {titles}

- You are here to provide answers related to the listed topics.
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If the question is unrelated to the listed topics or the model, provide a response explaining
that the question is outside the scope of topics you can answer, while mentioning the

topics you can cover.

Remember that all questions are logged.
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Appendix N

Islamic Fatwa with No Context (Baseline Evaluation)

Table N12
Islamic Fatwas Baseline Evaluation Scores Without Context
. Gemini-1.5 Pro GPT-40 Llama3.1-70b
Metric
AR GT AR GT AR GT
BERTScore-P 72.4% 69.1% 72.7% 69.6% 71.4% 66.4%
BERTScore-R 62.6% 67% 63.2% 68.6% 61.5% 64.2%
BERTScore-F1 66.9% 68% 67.3% 69%  65.8% 65.2%
BLEU 2.9% 4.3% 32% 4.7% 3.1% 3.4%
METEOR 7.2% 12.4% 79% 13.1% 6.9% 10.2%
ROUGE-1 30.3% 29.1% 31.8% 34.2% 30.1% 27.7%
ROUGE-2 15.3% 5.9% 16.1% 11.1% 17.6% 6%
ROUGE-L 21.3% 12.5% 21.9% 17.4% 23.1% 14.1%
STS 75.1% 72.9% 743% 741% 74.7% 71.3%
Table N13

Islamic Fatwas Llama3.1-70b Scores with Context

Llama3.1-70b
Metric

AR GT
BERTScore-P 73.53% 71.56%
BERTScore-R 65.5% 66.37%
BERTScore-F1 68.88% 68.46%
BLEU 8.03% 9.56%
METEOR 16.13% 19.47%
ROUGE-1 33.87% 34.05%
ROUGE-2 21.78% 20.52%
ROUGE-L 25.81% 24.26%
STS 73.12% 73.11%
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Appendix O

Prompt for Generating Context-based Answers

You are a respectful and knowledgeable Arabic Mulfti.

You are tasked with answering Islamic fatwa questions using the provided context.

Follow these guidelines:

1. Respond exclusively in Arabic.

2. If no context is provided, kindly state that you do not know the answer.
3. Do not repeat or reference the question in your response.

4. Use clear, concise sentences, avoiding any Quran or Hadith verses.

5. Maintain a formal and respectful tone throughout your response.

6. Provide a well-reasoned answer by logically analyzing the provided context. Break

down the context into key points and explain how they connect to form your conclusion.

7. Justify your response by referencing Islamic principles, ensuring the answer reflects a

deep understanding of the topic.
8. Elaborate on your reasoning step by step, ensuring the logic is clear and easy to follow.
Question: {question}

Context: {context}
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Table P14

Appendix P

PDR Evaluation

Chunks and PDR Automatic Evaluation Metrics Scores

Chunk PDR

Metric 0=0.7 0=0.5 0=0.7 0=0.5

k=5 k=10 k=5 k=10 k=5 k=10 k=5 k=10
Context Relevance (CR) %
BERTScore-F1 6698  67.11 67.17 6736 67.03 67.15 67.14  67.55
BERTScore-P 7138  71.57 7158  71.69 7143  T71.65 71.57  72.06
BERTScore-R 63.60 63.69 63.79 64.02 63.65 63.69 63.74 64.05
BLEU 2.81 2.83 2.71 2.42 2.89 2.89 2.83 2.68
METEOR 6.42 6.52 6.62 6.65 6.49 6.60 6.64 6.87
ROUGE-1 25.17 2539 2558 2553 2522 2552 2536 @ 26.01
ROUGE-2 13.03 13.19 1349 1328 13.05 13.26 1324 13.54
ROUGE-L 20.30  20.44  20.65 20.50 20.31 20.52 2046 @ 20.76
STS 6247 62.89 6336 6456 6249 63.04 6281 65.02
Ground Truth (GT) %
BERTScore-F1 ~ 66.99  67.14 6720 6747 67.06 67.18 67.19 67.68
BERTScore-P 71.38  71.57 71.58 7172 7144  71.66 7159 7212
BERTScore-R 63.62 63.72 63.83 64.19 63.68 63.73 63.80 64.22
BLEU 2.82 2.84 2.73 2.46 2.90 2.90 2.84 2.73
METEOR 6.43 6.54 6.66 6.76 6.50 6.62 6.68 6.98
ROUGE-1 2520 2541 2563 25,66 2523 2552 2537  26.03
ROUGE-2 13.05 13.21 13.54 1341 13.06 1328 13.27 13.61
ROUGE-L 2032 2046  20.69 20.61 20.31 20.52 2047  20.75
STS 6247 6290 6337 6461 6250 63.05 62.83 65.10
Table P15
Chunks and PDR Human Evaluation Metrics Scores
Retriever Accepted Rejected Inaccurate Unanswered

0=0.7, K=5 0 0 6 4
6=0.7, K=10 1 2 4 3
0=0.5, K=5 0 2 2 6
6=0.5, K=10 1 3 2 4
PDR 6=0.7, K=5 3 2 3 2
PDR 6=0.7, K=10 0 5 0 5
PDR 6=0.5, K=5 1 0 1 8
PDR 6=0.5, K=10 2 6 0 2
Total 10% 25% 22.50% 42.50%
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Appendix Q

Retrieval with Ranking Model

Table Q16
Chunks and PDR With Ranking Automatic Metric Evaluation Scores
Chunk PDR
Metric 0=0.7 0=0.5 0=0.7 0=0.5
k=5 k=10 k=5 k=10 k=5 k=10 k=5 k=10
Context Relevance (CR) %
BERTScore-F1 ~ 66.94 67.17 6724 6548 67.01 6722 6733  67.95
BERTScore-P 7140 71.67 7181  69.69 7145 7177 71.88  72.96
BERTScore-R 6351  63.69 63.69 6232 6357 6371 6379 64.01
BLEU 280 290 257 042 289 294 286  3.08
METEOR 6.29 6.58 6.29 4.81 6.38 6.62 6.54 7.38
ROUGE-1 2520 2555 2590 20.75 2526 2565 2591  27.08
ROUGE-2 13.06  13.30  13.75 6.39 13.08 13.34 13.71 1345
ROUGE-L 20.36  20.55 20.95 14.68 2037 20.59 2092 2091
STS 6237 6278  63.75 6449 6241 6297 6349  66.76
Ground Truth (GT) %

BERTScore-F1  66.96 67.19 6728 6893 67.03 6726 6740  68.58
BERTScore-P 71.40 71.68 71.81  69.11 7147 7179 7191  73.31
BERTScore-R 6353 6374 6375 69.00 63.60 63.76 63.88 64.83
BLEU 280 292 258 038 290 296 288 331
METEOR 6.31 6.61 6.33 8.74 6.40 6.66 6.60 7.94
ROUGE-1 2523 2558 2599 22.16 2527 2565 2593  27.25
ROUGE-2 13.08  13.34  13.83 6.01 13.09 1336 13.77 13.78
ROUGE-L 20.38  20.58 21.02 1439  20.38 20.59 20.94  20.88
STS 6238  62.79  63.77 66.69 6242 6298 63.53 6727

Table Q17

Chunks and PDR With Ranking Human Metric Evaluation Scores
Retriever Accepted Rejected Inaccurate Unanswered
6=0.7, K=5 0 0 6 4
0=0.7, K=10 2 2 2 4
6=0.5, K=5 0 0 6 4
0=0.5, K=10 2 2 2 4
PDR 6=0.7, K=5 3 2 3 2
PDR 6=0.7, K=10 1 6 2 1
PDR 6=0.5, K=5 1 4 2 3
PDR 6=0.5, K=10 0 8 0 2
Total 11.25% 30% 28.75% 30%
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Table R18

Appendix R

HyDE

HyDE Automatic Metrics Evaluation Scores

Chunk PDR

Metric 0=0.7 0=0.5 0=0.7 0=0.5

k=5 k=10 k=5 k=10 k=5 k=10 k=5 k=10

Context Relevance (CR) %
BERTScore-F1  ¢7.00 67.12 67.17 6739 67.02 67.11 67.07 67.52
BERTScore-P 7139 7159 7158  71.81 7144 7158  71.51  72.08
BERTScore-R 6361  63.68 63.77 6398 63.62 63.66 63.65 63.99
BLEU 2.84 2.81 2.77 2.35 2.87 2.86 2.82 2.67
METEOR 6.44 6.53 6.66 6.62 6.47 6.54 6.56 6.79
ROUGE-1 25.18 2540 2551 2550 2523 2546 2528  26.09
ROUGE-2 13.03 13.17 1340 1320 13.06 13.19 13.17  13.67
ROUGE-L 2029 2043  20.59 2043 2032 2048 2045 20.92
STS 62.47 6294 6320 6454 6252  62.89 6255 64.86
Ground Truth (GT) %
BERTScore-F1  ¢7.01  67.14 67.19 6748 67.04 67.13 67.10 67.62
BERTScore-P 7140 7159 7159  71.84 7144 7159 7153 7213
BERTScore-R 6363  63.71 63.81 64.12 63.65 63.69 63.70 64.12
BLEU 2.85 2.82 2.79 2.39 2.88 2.87 2.83 2.71
METEOR 6.45 6.56 6.69 6.72 6.48 6.57 6.59 6.89
ROUGE-1 2520 2542 2555 2559 2523 2546 2530  26.11
ROUGE-2 13.05 1320 1345 1332  13.07 1321 1320 13.74
ROUGE-L 2030 2044  20.62 2049  20.32 2048 2045  20.90
STS 62.48 6295 6322 6459 6253 6291  62.56 6493
Table R19
HyDE Human Evaluation Scores

Retriever Accepted Rejected Inaccurate Unanswered
6=0.7, K=5 4 2 2 2
0=0.7, K=10 4 2 3 1
6=0.5, K=5 2 1 2 5
6=0.5, K=10 6 1 1 2
PDR 6=0.7, K=5 4 1 3 2
PDR 6=0.7, K=10 1 8 0 1
PDR 6=0.5, K=5 0 1 3 6
PDR 6=0.5, K=10 3 3 2 2
Total 30% 23.75% 20% 26.25%
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Table S20

Appendix S

Query to Question

Query to Question Retrieval Automatic Evaluation Metrics Scores

Chunk PDR

Metric 0=0.7 0=0.5 0=0.7 0=0.5

k=5 k=10 k=5 k=10 k=5 k=10 k=5 k=10

Context Relevance (CR) %
BERTScore-F1  ¢7.06  67.02 67.11 67.52 67.04 67.10 67.05 67.57
BERTScore-P 7151 7147 7157 7212 7146  71.57 7148  72.12
BERTScore-R 6364  63.58 63.67 6394 63.63 63.65 63.65 64.03
BLEU 2.90 2.81 2.89 2.59 2.88 2.85 2.83 2.62
METEOR 6.52 6.38 6.61 6.57 6.50 6.49 6.57 6.78
ROUGE-1 2543 2538 2554  26.57 2533 2547 2533 2641
ROUGE-2 13.21  13.17 1334 1422  13.14 1320 13.19 1391
ROUGE-L 2046 2048 2060 2143 2038 20.52 2045 21.21
STS 62.73  62.63 62.68 6476 62.63 62.86 62.50 6491
Ground Truth (GT) %
BERTScore-F1  ¢7.08  67.03 67.14 67.58 67.06 67.12 67.09 67.66
BERTScore-P 7151 7148 7158  72.15 7147  71.58  71.50  72.17
BERTScore-R 6366  63.61 63.72 64.03 63.66 63.68 63.70 64.16
BLEU 2.90 2.82 2.90 2.62 2.89 2.86 2.85 2.65
METEOR 6.53 6.40 6.65 6.65 6.52 6.52 6.60 6.87
ROUGE-1 2543 2538 2555  26.59 2533 2547 2534 2643
ROUGE-2 13.22  13.18 13.37 1426 13.16 1322 1323  14.01
ROUGE-L 2046 2048  20.61 2143 2039 20.52 2047 21.23
STS 62.73  62.63 62.68 6480 62.64 62.88 62.53 65.01
Table S21
Query to Question Retrieval Human Evaluation Scores

Retriever Accepted Rejected Inaccurate Unanswered
6=0.7, K=5 4 3 3 0
0=0.7, K=10 2 7 0 1
6=0.5, K=5 4 3 3 0
6=0.5, K=10 0 8 0 2
PDR 6=0.7, K=5 2 5 3 0
PDR 6=0.7, K=10 2 7 1 0
PDR 6=0.5, K=5 1 7 2 0
PDR 6=0.5, K=10 4 5 1 0
Total 23.75% 56.25% 16.25% 3.75%
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Appendix T

Query to Topic
Table T22
Query to topic Retrieval Automatic Evaluation Metrics Scores
Chunk PDR
Metric 0=0.7 6=0.5 0=0.7 0=0.5

k=5 k=10 k=5 k=10 k=5 k=10 k=5 k=10

Context Relevance (CR) %
BERTScore-F1  ¢7.08 6697 67.14 6732 67.04 67.06 67.07 67.53
BERTScore-P 7153 7142 7162 7191 7148 7152 7152  72.09
BERTScore-R 63.64 6353  63.69 63.76 63.63 63.61 63.66 63.97

BLEU 2.90 2.80 2.91 2.57 2.89 2.83 2.88 2.60

METEOR 6.51 6.32 6.59 6.38 6.52 6.42 6.61 6.65

ROUGE-1 2542 2526 2551 2611 2539 2542 2545  26.51

ROUGE-2 13.18  13.09 13.27 13.87 13.19 13.19 1330 14.09

ROUGE-L 2043 2040  20.53  21.11 2043 20.50 20.55 2134

STS 62.73 6246  62.67 64.06 62.67 6273  62.55 64.79
Ground Truth (GT) %

BERTScore-F1 6709 6698 67.17 6738 67.06 67.07 67.10 67.60
BERTScore-P 71.54 7143  71.63 7194 7149 7153 7153  72.12
BERTScore-R 63.66 63.56 63.73 63.84 63.65 63.64 6370 64.08

BLEU 2.91 2.81 2.92 2.59 2.90 2.84 2.90 2.63

METEOR 6.52 6.34 6.62 6.44 6.53 6.45 6.65 6.73

ROUGE-1 2542 2526 2552 2611 2539 2542 2546 @ 26.52

ROUGE-2 13.19  13.10 1329 1391 1320 1320 1333 14.14

ROUGE-L 2043 2040  20.54 21.11 2044 2050 20.57 2134

STS 62.73 6246  62.67 64.09 62.67 6273 62.55 64.83
Table T23

Query to topic Retrieval Human Evaluation Scores

Retriever Accepted Rejected Inaccurate Unanswered
0=0.7, K=5 6 2 2 0
6=0.7, K=10 0 6 2 2
0=0.5, K=5 5 2 3 0
6=0.5, K=10 0 7 1 2

PDR 6=0.7, K=5 6 2 2 0
PDR 6=0.7, K=10 0 5 3 2

PDR 6=0.5, K=5 5 2 3 0
PDR 6=0.5, K=10 6 0 4 0
Total 35% 32.50% 25% 7.50%
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Appendix U
Hybrid Retriever

Table U24

Hybrid Retriever Automatic Metrics Evaluation Scores

Retriever GT CR

BERTScore-F1 70.94% 68.32%
BERTScore-P 70.39% 70.77%
BERTScore-R 71.54% 66.38%
BLEU 4.79% 2.51%
METEOR 13.49% 7.42%
ROUGE-1 26.13% 21.79%
ROUGE-2 5.51% 7.13%
ROUGE-L 15.75% 15.59%
STS 72.44% 66.13%

Figure U15
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Appendix V
Ground Truth Evaluation for 100 Fatwas

Table V26

Ground Truth Automated Evaluation for 100 Fatwas
Metric Gemini GPT-40 Nebras
BERTScore-F1 64.30% 68.20% 67.50%
BERTScore-P 64.40% 68.00% 71.80%
BERTScore-R 64.50% 68.60% 64.30%
BLEU 2.50% 3.80% 3.20%
METEOR 7.80% 12.80% 7.80%
ROUGE-1 24.30% 29.80% 29.90%
ROUGE-2 3.70% 7.60% 14.10%
ROUGE-L 11.80% 14.40% 20.60%
STS 59.30% 74.00% 74.50%
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Appendix W
NNU Baseline

Table W27

NNU Baseline Automatic Evaluation Scores

Metric Gemini-1.5 Pro GPT-40 Llama3.1-70b

AR % GT % AR% GT% AR % GT %
BERTScore-P 63.30 50.30 71.60  61.40 68.40 57
BERTScore-R 59.70 62.40 71 75.40 65.50 68.60
BERTScore-F1 60.40 55.60 70.50  67.60 65.90 62.20
BLEU 1.10 0.40 3.90 2.30 1.90 0.80
METEOR 3.30 3.90 23.50  31.10 15.40 15.80
ROUGE-1 20.90 8.60 37  30.30 25.50 12.70
ROUGE-2 14.40 3.10 2840  23.50 19.70 7.40
ROUGE-L 18.50 6.90 3130 28.10 22.30 10.90
STS 57.90 40.80 67.10  56.20 63.10 49.60

Table W28

NNU Baseline Human Evaluation Score

Model Accepted
Gemini-1.5 Pro 0
GPT-40 2
Llama3.1-70b 3
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Appendix X

NNU Hybrid Retrieval

Table X29

NNU Hybrid Retriever Automatic Evaluation Scores
Retriever GT
BERTScore-F1 75.80%
BERTScore-P 71.40%
BERTScore-R 81%
BLEU 9%
METEOR 40.20%
ROUGE-1 37.80%
ROUGE-2 25.30%
ROUGE-L 36.30%
STS 62%
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Appendix Y

Experimentation Download Link

All experimental results and generated responses can be accessed at the following link.

https://bitbucket.org/sam-ai-projects/nebras-data/src/main/
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