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Abstract: Standard large language models (LLMs) are more complicated by the intense
morphological richness and lack of high-quality datasets, as well as the ever-present danger of
factual hallucinations when processing and reasoning over long Arabic text. This paper presents a
novel explainable multi-agent retrieval-augmented framework, called XARAG+ , for long-
document comprehension in Arabic. Unlike a single language model, XARAG+ carries out
operations in a specialized pipeline, comprising of document preprocessing, semantic retrieval,
context verification, logical inference and explanation generation. It is a multi-agent coordination
mechanism which strives to remove inconsistent and redundant retrieved chunks before the final
inference step. The framework should be systematic in its organization and link all of the answers
with the verified texts to make it easy to see and easily checkable. Last, XARAG+ develops a
verifiable modular architecture appropriate to various domains which have a stringent
requirement of factual accountability, e.g. Legal Arabic Document Analysis and Scientific Arabic
Document Analysis.

Keywords: Arabic Large Language Models, Retrieval-Augmented Generation, Multi-Agent
Systems, Explainable Artificial Intelligence, Arabic Document Reasoning.

1. Introduction

Although the adoption of large language models (LLMs) has significantly contributed
to the improvement of natural language processing (NLP) tasks such as language
understanding and text generation for various purposes [1] this extension to long-form
text is still very challenging. This is especially true for the Arabic language, which has a
very dense morphology, a complicated syntax and a wealth of unannotated
disambiguated corpora, but lacks in good and annotated resources, making precise
context-based reasoning very difficult. In this way, these limits in the computation are
contrary to the interests of high stakes areas such as legal analysis, finding interesting
science literature, official governmental reporting, etc.In order to prevent such failures,
Retrieval-Augmented Generation (RAG) adds external chunks of knowledge during the
generation process for consistency . However, traditional monolithic RAG systems often
fail if the user query requires multiple steps and cross-references to be done across the
various parts of a large document [2].

In Multi-Agent Systems (MAS), the hope is to alleviate the burden of this single model
by dividing the macro-reasoning processes into distinct and specialized unit designs, with
independent document preprocessing, semantic search, context verification, logical
inference, and explanation generation agents [3]. It provides a collaborative framework
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that can improve the modularity and scalability of architectures as well as add an
important stage of algorithmic transparency through all the execution pipeline [4].

Worse than that, the current literature focuses on different research streams for
retrieval augmentation and multi-agent orchestration without attempting to integrate
them into a single pipeline to optimize the reasoning for long-document Arabic tasks [5].
This is a clear problem in the architecture that drives us to build a full architecture of
retrieval quality, context validation and multi-step inference under a unified,
collaborative setting.

To fill this gap, this study proposes a conceptual framework called XARAG+
(Explainable Arabic Retrieval-Augmented Multi-Agent Framework) which involves RAG
mechanisms and specialized, coordinating agents for the processing of long Arabic
documents [6]. Optimize Semantic retrieval, Strengthen logical Consistency, Suppress
hallucinated or unsupported Generation and Provide clear answers with references from
the source materials are the main aims of the proposed framework [7]. The modular
engineering makes XARAG+ a flexible, domain independent system appropriate to a
variety of Arabic natural language processing applications, such as legal cases evaluation,
academic information indexing, government decision making support, and intelligent
question-answering pipeline [8].

1.2 Research Contributions

This study makes the following key contributions:

For reasoning over long Arabic documents, a novel explainable retrieval-augmented
multi-agent framework (XARAGH+) is suggested .

Before the reasoning stage, an Evidence Verification process is added to check for
redundancy, consistency and relevance of the retrieved document segments.

An explainable reasoning technique is applied to provide clear answers supported
with retrieved evidence and enhance user trust, for the ease of interpretation.

It explicitly addresses the long document reasoning problem in Arabic, integrating
three processes, namely, semantic retrieval, evidence validation, collaborative reasoning,
and explainable response production, into a single reasoning pipeline.

1.3 Related Work

However, recent progress in Large Language Models (LLMs) has demonstrated
progress and achievement in facilitating Arabic Natural Language Processing (Arabic
NLP) in various areas, including text understanding, and Question-Answering pipelines,
but Arabic computational processing is inherently bottlenecked. The subtle
morphological systems and non-concatenative properties of Arabic, along with a lack of
high-quality, standardized benchmark datasets in Arabic for exact algorithmic reasoning,
still make the story challenging [9].

However, to overcome these limitations in parametric memory, Retrieval-Augmented
Generation (RAG) frameworks have been introduced to guide generation throughout the
process based on dynamically added external knowledge contexts.Retrieval-Augmented
Generation (RAG) frameworks, which enhance the factual reliability by dynamically
incorporating external knowledge context during generation, help bypass the limitations
in parametric memory. At the same time, the paradigm of mass systems was gradually
been turned on its head from the work of monolithic inference, to that of breaking down
complex reasoning flows into separately situated specialized systems called agentic multi-
agent systems (MAS), which have a goal of achieving the highest possible degree of task
specialization with meta-inferencing by the collective of agents, to boost the quality of
macro-inference [10].

Alongside the efficiency of architecture, Explainable Artificial Intelligence (XAI) has
become critical technology to demystify “black-box” deep learning models in particular
when domain experts need to review the automated products. This is a directly traceable
shift from abstract probabilities to the evidentiary grounds and immediately provides
enrichment to algorithmic accountability, and trust in algorithmic environment of
automated decision-making.
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Importantly, most of the literature is concentrated on these paradigms, and considers
the layers of retrieval engineering, multi-agent orchestration, and interpretability layers
as standalone entities. This break in the structure has a permanent architectural shortfall,
and crippling handicaps in long-document Arabic reasoning. A new XARAG+ framework
is developed to address these disjointed strategies, bringing together semantic retrieval,
pre-inference evidence filtering, collaborative multi-agent reasoning and explainable
output generation in a unified and coherent system. The aim of this closely coupled
integration is to maximize the accuracy of reasoning, stabilize/relax the hallucination
constraint and enforce systemic transparency for complex Arabic NLP tasks [11].

1.4 Recent Advances in Arabic LLMs and Agentic RAG

Recently, Arabic LLM and retrieval augmented generation (RAG) [12] have been
introduced to strengthen Arabic NLP. Incorporating semantic retrieval into collaborative
multi-agent reasoning shows improvement in factual consistency and aids in
understanding long documents [13]. Despite this, an Arabic long-document reasoning
with integrated explainable frameworks, specifically created for this language, is still
limited, motivating the proposed XARAG+ architecture.

1.5 Research Gap

Despite significant success in Retrieval-Augmented Generation (RAG), Arabic Large
Language Models (Arabic LLMs) and multi-agent systems [14] as well as impressive
results, Arabic document reasoning still needs to overcome many challenges. Existing
approaches often rely on ‘one-step' algorithms, with limited abilities to provide
explanations and validate evidence for multi-step reasoning. Moreover, the Arabic
language is intricate and there are limited resources available that might not be accurate
to justify reasoning and retrieval [15]. To date, most research on retrieval, reasoning, and
explainability are treated in isolation, not together [16]. The intended XARAG+ is
designed with a modular structure and addresses these limitations by using explainable
answer generation, multi-agents collaborative reasoning, retrieval augment, and verifying
the evidence from long documents with the aim of reliable and explainable Arabic long
documents understanding [17].

Table 1. Comparative Analysis of Existing Approaches and the Proposed XARAG+

Framework
Study Arabic RAG  Multi- Explain Long- Limitation
Support Agent  ability Document
Reasoning

Recent Arabic Vv X X X Limited Depend
LLM Studies mainly on

parametric

knowledge.
Arabic RAG- N4 N4 X X Partial Focus mainly
based on retrieval
Systems quality.
Conventional Partial N4 X X Partial Limited
RAG reasoning
Frameworks across

multiple

document

sections.
Existing Partial Partia Vv Partial ~ Partial Mostly
Multi-Agent 1 designed for
Architectures general

multilingual

tasks.
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Study Arabic RAG  Multi- Explain Long- Limitation
Support Agent  ability Document
Reasoning
Explainable Partial X X Vv X Explainability
Al is treated
Approaches separately
from
reasoning.
Arabic N4 Partia X X Limited Performance
Question 1 decreases
Answering with long
Systems documents.
Long-Context  Partial Partia X X v High
LLM Methods 1 computationa
I cost and
context
degradation.
Hybrid N4 N4 X Partial Partial Lack
Retrieval collaborative
Methods reasoning
among
components.
Agent-based  Partial Partia Vv Partial Vv Limited
Reasoning 1 support for
Systems Arabic
linguistic
characteristics
Proposed v v v v v Integrates
XARAG+ retrieval,
Framework collaborative
reasoning,
evidence
verification,
and
explainable
response
generation
within a
unified
framework.

2. Materials and Methods
2.1 Overview of the Proposed Framework

This study proposes XARAG+ (Explainable Arabic Retrieval-Augmented Multi-
Agent Framework), an explicit conceptual design that merges Retrieval-Augmented
Generation (RAG) with decentralized multi-agent orchestration, contextual evidence
validation and interpretable response generation [18] to improve logical inference over
long texts in Arabic. The model proposed distributes both the computational and
analytical load among multiple/adaptive specialized agents, with each of them
responsible for a specific sub-task, while monolithic RAG approaches rely on a single
language model to handle the inference task entirely.

The main structure for processing runs through 5 layers of operations sequentially
[19]. The on-going workflow starts with translating Arabic input into an unstructured
format to be normalized for dense vector indexing, and continues to a subsequent phase
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of semantic retrieval, where the goal is to extract text segments with high similarity scores
[20]. An intermediate evidence verification phase is added that works through the
passages retrieved selecting evidence for topical relevance and consistency of evidence
within each passage, as well as semantic redundancy among passages [21]. Last but not
least, a commitment to a special explanation component specifies a reaction hard linked
to the verified source information, decreasing structural opacity and giving traced out
outputs [22].

This allows agents to run independently but have their results passed to the next agent
in the execution pipeline in a seamless manner [23]. Not just structural maintainability,
but system versatility and scalability are improved too with this engineering, since
researchers can easily swap-out certain embedding model, vector database, or LLM
without breaking the whole architecture layout of the system [24].

2.2 Architecture of the Proposed XARAG+ Framework

This study proposes XARAG+ (Explainable Arabic Retrieval-Augmented Multi-
Agent Framework), an explicit conceptual design that merges Retrieval-Augmented
Generation (RAG) with decentralized multi-agent orchestration, contextual evidence
validation and interpretable response generation [25] to improve logical inference over
long texts in Arabic. The model proposed distributes both the computational and
analytical load among multiple/adaptive specialized agents, with each of them
responsible for a specific sub-task, while monolithic RAG approaches rely on a single
language model to handle the inference task entirely.

The main structure for processing runs through 5 layers of operations sequentially
[26]. The on-going workflow starts with translating Arabic input into an unstructured
format to be normalized for dense vector indexing, and continues to a subsequent phase
of semantic retrieval, where the goal is to extract text segments with high similarity scores
[27]. An intermediate evidence verification phase is added that works through the
passages retrieved selecting evidence for topical relevance and consistency of evidence
within each passage, as well as semantic redundancy among passages [28]. Last but not
least, a commitment to a special explanation component specifies a reaction hard linked
to the verified source information, decreasing structural opacity and giving traced out
outputs [29].

This allows agents to run independently but have their results passed to the next agent
in the execution pipeline in a seamless manner [30]. Not just structural maintainability,
but system versatility and scalability are improved too with this engineering, since
researchers can easily swap-out certain embedding model, vector database, or LLM
without breaking the whole architecture layout of the system [31].
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Figure 1. Overall Architecture of the Proposed XARAG+ Framework
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Figure 1. The general architecture of the proposed XARAG+ is depicted in which all
the modules of document preprocessing, semantic retrieval, evidence verification,
reasoning and explanation production work together.

2.3 Architectural Layers

The XARAG+ (Document Management + Semantic Retrieval + Collaborative
Reasoning + Explanation Generation) proposed framework is based on a layered
architecture where each processing tier is encapsulated and independent from each other
yet interconnected and dependent on each other. This tiered architecture facilitates
independent component development and evolution, and also increases maintainability,
modularity and scalability.

Table 2. Architectural Layers of the Proposed Framework

Layer Components Responsibility

Data Layer Arabic Documents, Vector Document storage and
Database semantic indexing

Retrieval Layer Retrieval Agent Semantic evidence retrieval

Reasoning Layer Evidence Verification Agent, Evidence validation and
Reasoning Agent inference

Explainability Layer Explanation Agent Transparent answer

generation

2.4 Functional Description of the Intelligent Agents

In the proposed XARAG+ architecture, five intelligent agents specifically designed for
tasks of long document reasoning perform these tasks sequentially. The system features
evidence based reasoning and explainable reason for generating a response, thanks to all
agents being assigned to a specific task within the pipeline of processing [32].
2.4.1 Document Processing Agent

The Arabic documents need to be prepared by the Document Processing Agent before
being retrieved. The semantic relation of segments in a document should be preserved
while pre-processing, and this can help to improve the retrieval performance [33].
2.4.2 Retrieval Agent

Once the user question is received, the Retrieval Agent finds the most similar semantic
representation in the vector database [34].
2.4.3 Evidence Verification Agent

The Evidence Verification Agent decides the relevance, consistency and
dependability of the passages retrieved. If there exists redundant information or
conflicting information, it will be filtered out before reasoning [35].
2.4.4 Reasoning Agent

The Reasoning Agent incorporates factual information from multiple aspects of
documents and uses deductive reasoning to form an appropriate conclusion in the
reasoning process, and maintains consistency in the generated text throughout [36].
2.4.5 Explanation Agent

The Explanation Agent performs the final part needed to increase the transparency
and user's confidence in the system, creating explanations through evidence generation
[37].
2.5 Algorithm of the Proposed XARA G+ Framework
Algorithm 1. An overall workflow for the proposed XARAG+ framework.
Input:
User Query Q
Arabic Document Collection D*
Output:
Explainable Answer A
Step 1:
Preprocess all texts in Arabic language.
Step 2:
Part the packets into semantically consistent units.
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Step 3:

Generate embedding vectors for all the chunks of documents.

Step 4:

Embed all of the vectors that will be used for the embedding into a vector database
through FAISS.

Step 5:

Convert the query of the user into the embedding space.

Step 6:

Use Cosine similarity to retrieve document chunks of the Top-k most relevant ones.
Step 7:

Field tested evidence with the Evidence Verification Agent.

Step 8:

Eliminate evidence that may be duplicated or is not very confident.

Step 9:

Send the verified evidence to the Reasoning Agent.

Step 10:

Use Arabic Large Language Model to generate final answer.

Step 11:

Create a scientific explanation supported by evidence (Explanation Agent).

Step 12:

Giving back the final understandable answer.
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Figure 2. End-to-End Data Processing Pipeline

Figure 2. The proposed XARAG+ framework's end-to-end data processing pipeline
demonstrates document preparation, semantic retrieval, evidence verification,
collaborative reasoning, and explainable response production.

Table 3. Processing Stages of the Proposed Framework

Stage Input Output
Document Preprocessing Arabic Documents  Cleaned Text
Semantic Chunking Cleaned Text Document Chunks
Embedding Generation =~ Chunks Vector Embeddings
Semantic Retrieval User Query Top-k Evidence
Evidence Verification Retrieved Evidence Verified Evidence

Collaborative Reasoning  Verified Evidence =~ Generated Answer
Explanation Generation = Generated Answer Explainable Response
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2.6 Design Principles of the Proposed XARA G+ Framework

Based on a set of design principles, the proposed XARAG+ framework was developed
to increase the efficiency, reliability, and transparency of long document reasoning in
Arabic language. These concepts also drove their implementation of the intelligent agents
interactions and drove the evolution of the framework [38]”.

Being modular in architecture, can be expanded in the future, and can be separately
serviced.

Factual retrieval and reasoning (P2): reasoning that is directed by evidence retrieved
from a factual text to increase the reliability of the text evidence and the answer.

P3 Evidence Verification: To enhance the reliability of evidence, evidence is verified
before reasoning.

P4 Collaborative Multi-Agent Processing: agents with specializations coordinate in
undertaking various aspects of reasoning

P5 Explainability by Design: Setting the framework of justifications of transparency
based on data.

P6 Scalability and Domain Adaptability: The framework supports many NLP
applications of Arabic language and also it can easily accept future additions.

3.6 Multi-Agent Communication Strategy
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Figure 3. Multi-Agent Communication Workflow

Figure 3. Communication workflow among the intelligent agents within the proposed
XARAG+ framework.

2.7 Data Flow Analysis

XARAG+ undergoes systematic data propagation gradually from ingesting raw text
to generating a traceable response [39]. The pipeline draws in Arabic documents that are
passed through a normalization layer to reduce syntactic differences and to optimize
vector indexing of the documents [40]. This is followed by the Retrieval Agent extracting
candidate segments through similarity matching, and then passing these raw segments to
the Evidence Verification Agent to remove relevant and redundant contexts and only
provide segments of high-confidence evidence to the Reasoning Agent.
During the latter stages, the Explanation Agent fixes the inferred answer response to
specific text spans of its source, maximizing transparency in the response. Thanks to this
formalized checkpoint workflow, noisy or hallucinated evidence is prevented from
influencing it in the inference stage, thereby optimizing the coordination of multi-agent
in the long-document Arabic NLP tasks [41].
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Figure 4. Evidence Verification Workflow
Figure 4. Evidence Verification workflow used to evaluate retrieved document segments
before collaborative reasoning.

Table 4. Evidence Verification Stages

Stage Objective Output

Semantic Relevance Measure semantic similarity Relevance Score
Contextual Consistency Validate logical coherence Consistency Score
Redundancy Detection =~ Remove duplicated information Redundancy Score
Score Calculation Combine evaluation criteria Verification Score
Threshold Decision Accept or reject evidence Verified Evidence

2.8 Advantages of the Proposed XARA G+ Framework

Table 5. Expected Advantages of the Proposed XARAG+ Framework

Feature

Modular Multi-Agent Architecture
Semantic Retrieval

Evidence Verification

Multi-Step Reasoning

Explainable Response Generation
Evidence-Based Inference

Flexible Architecture

Arabic-Oriented Processing

Expected Benefit

Improved scalability and maintainability
More accurate evidence selection

Reduced irrelevant and inconsistent evidence
Better understanding of long Arabic
documents

Improved transparency and user trust
Reduced hallucination risk

Easy integration with future LLMs and
retrieval models

Better suitability for Arabic NLP applications
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Figure 5. The order in which the intelligent agents interact while processing queries
and producing understandable responses.

2.9 Limitations and Future Extensions

The effectiveness of the proposed framework is always dependent on the base
performance of the large language models and embedding pipelines used, and the quality
of the corpus. Moreover, multi-agent topologies add minor processing cost and latency
effects to conventional ‘traditional RAG pipelines'. However, all the computational
benefits do not negatively affect the system's modularity, meaning that next generation
architecture for retrieval and reasoning components can be easily integrated, since as they
develop, the system can adapt to them in a straight-forward manner [42].

Table 6. Components of the Proposed XARAG+ Framework

Component Primary Function Expected Outcome
Document Normalize and segment Arabic Structured semantic
Processing Agent documents chunks
Retrieval Agent Retrieve relevant document Relevant supporting

chunks through semantic evidence
similarity search
Evidence Validate and refine retrieved Reliable evidence set
Verification Agent evidence
Reasoning Agent Generate evidence-guided Contextually
responses consistent answers
Explanation Agent Produce interpretable Transparent and
explanations explainable outputs

2.10 Applications and Framework Summary

We propose to integrate translate, explain, answer generation, collaborative multi-
agent processing, retrieval augmentation, and evidence verification into one architecture
to support long Arabic document reasoning (the XARAG+ system). The framework is
organized into a sequence of specialized processes that combine to provide relevant
evidence, legitimize evidence collected, perform evidence-based reasoning, and present
explicit documentation of the evidence and clear answers based on the evidence [43].



Vol 3 | No 2 (2026): International Journal of Informatics and Data Science Research 203

In comparison to common pipelines for retrieval-augmented generation, the
proposed pipeline focuses on: modularity explainability collaborative reasoning. The
features are designed to more effectively support factual consistency, more extensible
system, and future research on explainable Arabic Large Language Models (Arabic LLMs)
and long-document comprehension.

A variety of Arabic natural language processing applications that need trustworthy
reasoning over lengthy textual texts are supported by the suggested XARAG+
architecture. The flexible modular structure and a capacity of explainable reasoning
allows the framework to be generalized to various application domains, while only minor
modifications of the architecture are required.

2.10.1 Legal Document Analysis

Articles are frequently lengthy in legal documents, as are cross-references.
Furthermore, legal documents contain legal jargon as well! The proposed framework can
provide a pertinent list of legal provisions, confirm supporting evidence, and produce
explainable responses that can be useful for legal practitioners during analyzing
paperwork [44].

2.10.2 Scientific Literature Exploration

Researchers often have to read lengthy scientific journal articles and technical reports.
XARAG+ can identify relevant text from long documents, add relevant data, and
formulate logical bullet points or even a response based on found information [45].
2.10.3 Intelligent Arabic Question Answering

The system does not rely entirely on the internal knowledge of a language model, but
can be used in Arabic QA systems which require evidence based responses. This feature
is particularly convenient when transparency and factual consistency is needed such as in
cases where application is required [46].

2.11 Mathematical Formulation

The mathematical description of the proposed XARAG+ framework outlines the
retrieval, evidence verification and reasoning process in a unified computational model.

Represent the Arabic document collection as:

D = {di,dy ds,...,dys}

where D denotes the complete Arabic document collection and d; represents the i-th
Arabic document.

di = {c1,c2,¢3,...,Cm}

where ¢ denotes the j-th semantic chunk extracted from document d;.

Each semantic chunk is transformed into a dense vector representation using an
embedding model:

v; = Emb(c)
where Emb(-) denotes the embedding function and v; is the embedding vector
corresponding to chunk c;.
qv = Emb(q)
where q denotes the user query and q is its vector representation.
Sim(c;,q) = (v - qv) / (vl % llgvlD)
The Retrieval Agent selects the Top-k document chunks with the highest similarity
scores:
R = TopK(Sim(c;, q))
where R denotes the retrieved evidence set used during reasoning.
Score = aR + FC — yD
where:
R represents the semantic relevance score.
C represents the contextual consistency score.
D represents the redundancy penalty.
a, B, and y are weighting coefficients satisfying:
a+p+y=1
Only evidence satisfying the predefined verification threshold is accepted:
Score =2 T

where 1 represents the verification threshold.

The Reasoning Agent receives the confirmed evidence and uses the Arabic Large
Language Model to provide the final response:

A = LLM(q,R)
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where A denotes the generated answer, q is the user query, and R is the verified

evidence set.

Table 7. Mathematical Symbols Used in the Proposed Framework

Symbol

Description

(D)
(d)

(Cj)
(ej)
C))
(eq)
(Sim)
R)
Vi)

(t)
(A)

Arabic document
collection

Individual Arabic
document
Document chunk
Embedding vector
User query

Query embedding
Cosine similarity
Retrieved evidence
Evidence verification
score

Verification threshold
Generated answer

Algorithm 1. Overall Workflow of proposed XARAG+ Framework
Input: long document D (Arabic) and query Q (Arabic)

Input: Student's explanation (A)

Get the input document (D) in Arabic.

Remove collisions between terms.

Choose the appropriate selection of keywords.

Make semantic paragraphs.

Generate the embedding vectors for all chunks of your documents.
Store the embeddings in the vector database.

Obtain (read) the user query (Q).

(7) Construct embedding representation of (Q).
Retrieve top-(k) most relevant chunks of documents.
Follow the Evidence Verification process.

Ditch inconsequential or repetitive information.

Pass the valid evidence to the Reasoning Agent.

Use evidence to carry out multiple steps of reasoning.

Produce the solution.

Give a clear, but explanation answer with supporting evidence.
Give them the answer (A) that can be explained.

Complexity Analysis

The computing costs of XARAGH+ rise linearly with the number of document chunks
(N) and the latent embedding dimensionalities (d). Preprocessing the corpus and
generating the vectors have linear computational complexity \ mathcal{O}(N), while the
semantic retrieval phase is linear depending on the vector indexing topology used. Most
importantly, downstream evidence verification is limited only to extracted Top-k
candidates (k \Il N), which significantly reduces the global processing costs. The
architecture confines multi-agent inference to this very specific context that is relevant to
that task, to reduce the reasoning distortion, to optimize the execution throughput and to

leave all the explanations traceable [47].

Table 8. Computational Complexity of Framework Components

Component Complexity
Document Preprocessing (O(N))
Document Chunking (O(N))

Embedding Generation

(O(N \times d))
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Component Complexity
Semantic Retrieval Depends on vector
index implementation
Evidence Verification (O(k))
Multi-Agent Reasoning (O(k))
Explainable Response Generation (O(k))

Algorithm 2. Evidence Verification

Input: Evidence set R={r_1,r_2,\1dots, r_k} recovered
Input: A set of evidence that has been verified (V)

Set a verified evidence set (V) to be empty.

For each document chunk retrieved (r_i):

Calculate semantic relevance score.

Calculate contextual consistency score.

Compute the redundancy score.

Use a dot product to determine the verification score:
[Score = a x Relevance + 3 x Consistency - y x Redundancy]
The a, p and y are weightings such thata + g+ vy =1.

Compare the score of voting with a predefined threshold (\tau).

If (Score>\ tau):
Accept the evidence.

Add it to verified evidence set (V).

Otherwise:
Discard the evidence.

Continue until all of the recovered chunks are assessed.

Return verified evidence set (V).

Evidence Verification Criteria

The Evidence Verification Agent checks the contents of retrieved document segments
on three main aspects: semantic relevance, contextual consistency and redundancy
thresholding. After this multi-criteria analysis, the system generates a composite
(weighted) verification score which only the candidate chunks that exceed a threshold
passed to the system are moved to the Reasoning Agent. With this validation loop, context
stripping for non-essential and duplicated context directly improves the accuracy and
empirical validity of downstream EBI [48].

Table 9. Evidence Verification Metrics

Objective Description Metric

Improve retrieval quality Similarity between Semantic
query and retrieved Relevance
evidence

Preserve logical consistency Coherence with Contextual
neighboring document Consistency
context

Remove repeated evidence Identification of Redundancy
duplicated information =~ Detection

Select reliable evidence

Combined weighted
score

Verification Score

2.12 Scalability Analysis

The system scalability features of XARAG+ come as natural attributes of its modular
design, separating the retrieval pipelines, embedding strategies, vector engines and core
language models. In this way, the separation in the structure makes the friction changes
in the architecture as low as possible, and allows the Arabic NLP applications with high
flexibility to be deployed in the production environment, which has a dynamic structure

[49].
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Table 10. Scalability Characteristics of the Proposed Framework

Benefit Description Property

Easy maintenance Independent intelligent Modularity
agents

Reduced response time Simultaneous execution of ~ Parallel Processing
multiple agents

Better adaptability Supports different Flexible Embedding
embedding techniques Models

Easier deployment Compatible with various Retrieval
vector databases Independence

Future-proof architecture New agents can be added  Expandability
without redesign

Wide applicability Applicable across multiple Domain Adaptation
Arabic NLP domains

2.13 Comparative Advantages over Conventional RAG

Table 11. Comparison Between Conventional RAG and XARAG+

Feature Conventional Proposed
RAG XARAG+
Multi-Agent Collaboration X v
Evidence Verification X Vv
Explainable Response Generation Limited v
Modular Architecture Partial v
Arabic Long-Document Reasoning Limited v
Scalability Moderate High
Evidence Transparency Limited High
Flexible Component Integration Partial v

2.14 Evaluation Methodology
2.14.1 Evaluation Framework

This assessment framework offers a conceptual way of measuring the XARAG+
architecture at the implementation level in the future. It correlates the basic reasoning
workflow, the pre-processing layers and the semantic retrieval strategies directly with the
intermediate  verification check-scoring, thus uniformizing the performance
measurements, rather than using a generic testing. This organized structure makes it easy
for this to be used as a clearly defined and repeatable win-base for measuring the
reliability of a system in complex and long document Arabic reasoning problems [50].
2.14.2 Evaluation Metrics

The multi-level metric system that is used to evaluate the performance of XARAG+ in
operation is based on the retrieval, generation and computational footprint metrics [51].
For the downstream response, BLEU score, ROUGE-L score and BERTScore score are used
to measure the response accuracy, and for retrieval quality, standard Precision, Recall and
F1 Score are used. To achieve a balance between factual consistency and costs of execution,
the framework tracks computational efficiency by measuring processing time, latency
overhead and hallucination rates. Meanwhile, the explainability of the system is based on
some qualitative requirements: evidence explicability and the reasoning transparency.
Their combination offers a full-fledged measure of cognitive, manipulative and effective
architecture.
2.14.3 Baseline Models

The architectural effectiveness of XARAG+ is directly compared with the
conventional state-of-the-art baselines, such as pipelines with conventional Retrieval-
Augmented Generation (RAG) approach and single monolithic Arabic Large Language
Models (Arabic LLMs). Each of these systems will be tested on the same
computational/experimental platform, thus providing a base level for calibration. This is
a comparative setup that allows isolation and comparison of incremental gains with
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regard to four key performance metrics: semantic retrieval precision; longer/document
reasoning capabilities; tracing explanations; overall architectural throughput.
2.14.4 Evaluation Procedure

The performance of this system evaluation method is applied to six phases of the
system operations, namely document preprocessing, embedding and indexing
documents/stories, semantic retrieval of documents/contexts, verification of contexts,
evidence-driven reasoning and output of explainable responses. Adopting this particular
execution sequence ensures a defined, clear, and repeatable benchmarking context for the
XARAG+ framework laying a uniform verification procedure for subsequent system
deployments.

3. Results
3.1 Retrieval Effectiveness Discussion

The effectiveness of retrieval can be measured by calculating common informational
parameters like precision, recall and Fl-score. To minimize the chance of errors, the
proposed architecture places a direct relationship between semantic search and an
intermediate verification step.

It is a loop for integrated processing, designed to improve the isolation of passages of
longer Arabic manuscripts that are relevant to the given context. There is also an attempt
to avoid noisy or redundant text being transferred to the next levels of the inference. From
a conceptual point of view, the filtering process also reinforces the stability of retrieval,
with highly calibrated inputs of data, enabling reasoned prediction of evidence, with
accuracy and confidence.

3.2 Reasoning Capability Analysis

The logical belief of structure is directly improved by compiling known evidence from
various parts of the documents. This is an agentic interaction, in which more than one step
of interpretation is made within different paths of execution and these steps are aligned
appropriately, in context, minimizing the factual hallucinations and the production of
unsupported claims.

3.3 Explainability Analysis

Structural algorithmic explainability is an integral part of the XARAG+'s. Thus, by
systematically linking each and every response generated with the exact same content
from the support data source it is possible to provide for strong reinforcement of systemic
transparency, a higher level of decision support validation and inspire users to trust
information from the automated results.

4. Discussion

Finally, Proposed Architecture combines retrieval augmentation, intermediate
context validation, multi-agent reasoning and interpretability in a single framework. The
layers are unified with making the structure more flexible, factual consistency in the
processing, transparency of operation in the processing of long document form and
documents of complex Arabic language.

5. Conclusion

The study introduces a new Explainable Arabic Retrieval-Augmented multi-Agent
Framework called XARAG+ to tackle the challenge of optimizing the reasoning process
for longer Arabic texts. The architecture introduced here enables dense retrieval
augmentation, pre-inference context validation, collaborative multi-agent orchestration,
interpretable response generation, while also logically consistent and maximising output
transparency and minimising or eliminating factual hallucinations. The modular topology
has the additional advantage of smooth growth of the system in order to meet the various
Arabic NLP applications and enables the users to have faith in the system because of the
accuracy of its decisions, which are based on proof.

The focus of future development will be mainly on the empirical implementation and
deployment of the framework. Some of the main research directions are to analyze the
performance of XARAG+ on datasets with different length and format to assess its
effectiveness on the Arabic long document set; to explore the potential of adopting the
next-generation LLM to Arabic actively contribute to the learning process; and to
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investigate how to utilize the adaptive retrieval loops and multilingual pipelines to create
more explainable architecture and also obtain higher throughput.
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