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Introduction
Retrieval-Augmented Generation (RAG) is the approach of enhancing Large Language Models (LLMs) answers accuracy and relevance. RAG can reduce hallucinations and outdated knowledge (Oche et al., 2025). The retrieval strategy is an important step into getting the precise answers.
Despite advancements in research in the field of (RAG), specialized studies in Arabic are less compared to those in English, particularly in comparative methodology for different retrieval methods. Furthermore, the complexity of the Arabic language and its grammatical rules may exacerbate these challenges.
In the university environment, users (students) face difficulty in quickly accessing the correct information they need it, such as academic regulations, policies, and procedures, due to the sheer volume and diversity of documents, or because these documents may be located in hard-to-reach tabs on the university website. This necessitates the use of AI systems based on RAG technology to facilitate information access. However, there are no experiments or studies that demonstrate which retrieval methods perform best when applied to university documents in Arabic. The problem addressed by this study is the lack of a comprehensive comparison and evaluation of retrieval methods within the RAG system in Arabic for university documents. Furthermore, the impact of each model on the quality of document retrieval and the accuracy of responses is unclear in this area.
The importance of this study lies in improving the quality of information retrieval in Arabic by comparing and evaluating the best performance of different retrieval methods and reranking within the (RAG) system. It also supports and develops the university's smart electronic system for university student inquiries by improving and facilitating access to information found in documents such as admissions guidelines and policies. 
Furthermore, it provides a scientific guide for researchers and developers to select the most appropriate approach when building (RAG) systems in Arabic, based on the results and metrics.
This study aims to address this gap by comparing and evaluating the performance of Sparse, Dense, Hybrid, and Reranked Retrieval methods from Arabic academic documents in (RAG); therefore, the importance of this study stems from five reasons: (1) To implement these methods into the Arabic RAG system. (2) To compare the performance of these methods in the MidOcean University document. (3) To evaluate each method using standard information retrieval metrics, such as Precision@k, Recall@k, Mean Reciprocal Rank (MRR), and Normalized Discounted Cumulative Gain (NDCG). (4) To identify the best retrieval method in the Arabic RAG system. (5) To provide recommendations for selecting suitable retrieval methods in an Arabic RAG system.
Background
Midocean university is an online university offering bachelors, master's and PhD in many academic programs and various courses. For contacts, technical issues and questions student file a ticket via website and application. Students across our university are constantly asking about academic regulations, admission and registration policies, academic study plans and curricula, examination and graduation policies etc., to help reduce time, and for better communication system, building a retrieval augmented system (RAG) is the best solution. RAG is the optimization of Large Language Models (LLMs) it focuses on a specific domain and limited answers. According to RAG has upgraded the FAQs applications and leveraged the quality of this field (Klesel & Wittmann, 2025).
However, RAG heavily depends on the retrieval approach, which determines the accuracy of the information given to the language model. Many of the retrieval approaches have been proposed such as sparse that work as keywords-based scoring, spares are known to be fast, easy, and cost friendly However, they are extremely cost-effective and scale easily, even on inexpensive hardware such as BM25. Another approach is dense retrieval, it’s called the “semantic vector” as it understands the meaning, and it is strong in context where it operates from embedding. Hybrid retrieval combines sparse and dense retrieval on a certain level taking the benefits of both approaches, however, sometimes it can be computationally complicated and expensive (Arabzadeh et al., 2021). The next step is the reranking approach that refines the initial retrieval results using advanced relevance models (Yu et al., 2024).
Given that Arabic is the mother tongue and primary language of Arab countries, and considering its unique characteristics in terms of diacritics, grammar, and other features, which present a significant challenge in keeping pace with rapid developments and other languages, the evaluation and improvement of Arabic RAJ components remain insufficiently advanced (Alsubhi et al. 2025).
Therefore, our goal in this study to conduct a comparative evaluation of sparse, dense, hybrid, and reranked retrieval methods for Arabic Retrieval-Augmented Generation in the context of MidOcean University academic advising. The result will be evaluated through the following metrics: Precision@k, Recall@k, MRR, MAP, NDCG@k and Latency. Through this study a future work can be done on multiple fields across for the Arabic language.
Related work
· Retrieval Augmented Generation in Arabic:
In this study, the researchers investigated comparative evaluation of Retrieval-Augmented Generation (RAG) different semantic embedding models and large language models (LLMs) in answering Arabic questions to identify the most suitable combinations of retrieval and generation models for Arabic and prompt optimization in Arabic RAG systems. They used Ar_EduText and ARCD datasets. The results showed that GPT-3.5 Turbo performed best on Ar_EduText, while Mistral achieved the highest performance on ARCD, with Llama 3 showing competitive results on both datasets. (El-Beltagy & Abdallah, 2024).
This study aimed to identify the most effective configurations for Arabic generative augmented information retrieval (RAG) systems, given the complexity and diversity of the Arabic language and its dialects. Using an Arabic dataset (ARCD), researchers compared chunking strategies, multilingual and Arabic-specific embedding models, rerankers, and large language models. The results showed that sentence-aware chunking, BGE-M3 and Multilingual-E5-large embeddings, and reranking techniques significantly improved retrieval quality and answer faithfulness, while Aya-8B achieved the best generation performance. The study concluded that fine-tuning RAG components significantly enhances the effectiveness of Arabic language processing applications. (Alsubhi et al. 2025). 
Abdelazim et al. evaluated ten multilingual semantic embedding models to determine the most suitable and optimal model for retrieving information in Arabic using retrieval-enhanced generation (RِAG) technology. They used the (ARCD) dataset and the and the Recall@k metric, the results showed that the Microsoft E5 sentence embedding model achieved the best retrieval performance, with Recall@10 exceeding 90%, demonstrating its effectiveness for Arabic semantic retrieval. (Abdelazim et al., 2023).
This study aimed he primary objective of the study is to develop an Arabic-focused RAG pipeline capable of improving retrieval and answer generation. The proposed Arabic RAG (ARAG) pipeline consists of three stages: data preparation, retrieval, and generation, coordinated by an intelligent agentic query router. During data preparation, the corpus undergoes text normalization, chunking, embedding generation, named entity recognition (NER), and indexing. The evaluation is conducted on a 322-million-word Arabic corpus using three non-overlapping benchmark datasets derived from the same source. The first dataset contains 575 factoid and definitional questions for chunk-level retrieval evaluation, the second comprises 110 entity-centric questions for assessing the NER-guided retrieval strategy, and the third includes a held-out set of 100 questions for end-to-end generation evaluation. All questions were initially generated using ChatGPT o3 and subsequently reviewed and validated by two native Arabic-speaking annotators. The results show the best-performing retriever, multilingual-e5-large, achieved an Acc@1 of 58.7% and an MRR of 0.715. Meanwhile, the top large language model (LLM), Gemini-2-Flash, reached an answer relevance of 0.83, a context utilization rate of 0.84, and a faithfulness score of 0.94. The main challenges the authors identify several limitations of their framework. First, the system relies on a single prompt template, leaving prompt engineering and alternative reasoning strategies for future investigation. Second, the use of RAGAS as the primary evaluation metric introduces potential bias because its judge models may not fully capture Arabic linguistic and genre-specific characteristics, despite partial mitigation through human evaluation. Third, some large language models occasionally failed to follow the required JSON output schema, producing malformed or free-form responses that required heuristic post-processing. The authors suggest that constrained decoding or stronger format-conditioning techniques could improve output consistency in future work. (Alothman et al., 2026)
This study aims to develop an effective RAG-enabled question-answering system by combining open-source large language models (LLMs) with Retrieval-Augmented Generation (RAG) and fine-tuning on domain-specific course data. The methodology involves constructing a local knowledge base containing course materials, retrieving relevant documents through a RAG to support user queries, and integrating multi-chain-of-thought reasoning to reduce hallucination in LLM outputs. The results demonstrate that the combination of fine-tuned LLMs with RAG and reasoning mechanisms significantly improves answer accuracy. However, one of the challenges facing was they found course content is not just text-based and there is not compare different retrieval strategies to decide which is suppurative retrieval methods. (Wang & Singh, 2025).
· Retrieval methods 
This study presents a comprehensive comparison of retrieval techniques used in Retrieval-Augmented Generation (RAG) systems for financial question-answering tasks involving documents that contain both textual content and tables. The primary objective is to identify the retrieval approaches that perform most effectively on this challenging document type. To achieve this, the researchers evaluated a wide range of retrieval methods, including classical sparse retrieval, semantic retrieval, hybrid fusion pipelines, contextual retrieval, Corrective Retrieval-Augmented Generation (CRAG), and neural rerankers. The evaluation was conducted using a large-scale financial QA benchmark consisting of 23,088 question-context-answer triples derived from three datasets: FinQA (8,281 pairs), ConvFinQA (3,458 pairs), and TAT-DQA (11,349 pairs). These queries are associated with 7,318 unique financial documents, each averaging approximately 920 tokens. The documents contain a combination of narrative text and markdown-formatted tables extracted from real SEC filings and annual reports.The results demonstrate that the BM25 retrieval model outperformed Corrective RAG, while a two-stage retrieval pipeline that combines hybrid retrieval with neural reranking achieved the best overall performance, significantly surpassing all single-stage retrieval methods. The study also highlights the challenges of retrieval in mixed text-and-table documents, where textual descriptions provide contextual information and tables contain precise numerical values. This combination makes information retrieval particularly difficult, as semantic retrieval methods may fail to locate exact numerical data, whereas lexical methods may overlook relevant contextual information expressed through paraphrased text. (Meftun et al., 2026). 
Arabzadeh et al., (2021) discuss the high cost of the traditional dense retrieval methods compared to the spare retrieval this leading to confuse the researchers on the best route to choose. This study aims to help individuals to determine when to use dense retrieval (semantic search) or sparse retrieval (keyword-based search) for better choice for a given query by predicting the trade-off between retrieval effectiveness and computational efficiency. The study evaluates its approach using standard Information Retrieval (IR) benchmark datasets, consisting of document collections, search queries, and relevance judgments. These datasets are used to compare the performance of dense and sparse retrieval methods. The results show that adaptive selection approach achieved a better balance between retrieval quality and efficiency than relying on a single retrieval method, and dense retrieval performed better for semantically complex queries, while sparse retrieval was more efficient and effective for keyword-specific queries. The proposed strategy reduced computational costs while maintaining competitive retrieval performance. However, designing an accurate prediction model for selecting the optimal retrieval strategy is complex and faces a lot of challenges, dense retrieval requires significant computational resources and embedding generation, and sparse retrieval may fail to capture semantic similarities when exact keywords are absent.  
Qu et al., (2021) propose an optimized training approach, called RocketQA, to improving dense passage retrieval. The goal is to improve the retrieval stage of Retrieval-Augmented Generation (RAG) systems by benchmarking, fine-tuning, and deploying reranking models that reorder retrieved documents according to their relevance, thereby increasing the quality of question-answering performance. This study used the dataset of MS-MARCO, BEIR, and other standard retrieval benchmarks used to measure ranking performance. The study addresses challenges such as limited negative samples during training, noisy false-negative passages, and the lack of sufficient labeled data. These issues can reduce retrieval accuracy and limit the model's ability to generalize. RocketQA achieved higher retrieval accuracy than previous dense retrieval methods on benchmarks such as MS MARCO and Natural Questions. It also improved the performance of end-to-end question answering systems by retrieving more relevant passages. 
Hybrid retrieval
This study developed a hybrid framework for retrieval and reranking with answer generation and grounding evaluation to ensure the quality of biomedical and healthcare information. The goal was to reduce inaccurate information and responses based on related documents. The study combined hybrid retrieval, reranking, answer generation, and grounding-evaluation workflows using judging. The study used 25 biomedical queries, and the system retrieved and reranked 500 pieces of evidence. The responses were evaluated against the retrieved evidence with 100% accuracy. The results showed that hybrid retrieval, reranking, and grounding-evaluation of evidence contribute to supporting reliable responses (RAG) when sufficient evidence is available. (Fariba, Sampason 2026). 
In the study “On Complementarity Objectives for Hybrid Retrieval” by Lee et al. (2023), the authors propose a new objective: RoC (Ratio of Complementarity), giving that the traditional hybrid retrieval is limited where it focuses on dense model and oversight the sparse model. The authors used the three standard IR benchmarks: MSMARCO-Passage, Natural Questions, and TREC Robust04. RoC is a metric that measures how complementary sparse and dense retrievers are, proposing a two-level orthogonality designed to improve RoC by encouraging them to representation diversity between sparse and dense retrievers, and to retrieve different yet relevant documents. the study showed a significant result as the model outperformed the traditional methods in all three benchmarks. However, it is challenging to design an objective that encourages the two retrieval methods to contribute distinct yet complementary evidence without sacrificing retrieval accuracy.
The authors participated in the QIAS 2025 shared task, which was designed to evaluate large language models (LLMs) ability to understand and reason about Islamic knowledge. They used two subtasks: (1) Islamic Inheritance Reasoning. (2) Islamic Knowledge Assessment. The benchmark provided training and validation question datasets. Using hybrid retrieval methods, the system achieved competitive performance and significantly improved evidence result, study showed subtask 1: Islamic inheritance reasoning accuracy is 82.8% and ranks in 5th place, and subtask 2: Islamic knowledge assessment accuracy is 78.6% and ranks in 4th place. However, the authors address the challenges of the complexity of Islamic reasoning; these documents require a deep understanding. Additionally, the documents contain lengthy classical Islamic books; selecting the most informative passages from these documents is challenging and can affect the retrieval quality (Ahmed et al., 2025).
In the study of Biomedical Retrieval-Augmented Generation Bal and Puhan (2026) studied the comparison of five retrieval strategies: Dense Vector Search, Hybrid BM25 + Dense retrieval, Cross-Encoder Reranking, Multi-Query Expansion, and Maximal Marginal Relevance (MMR). The study is conducted by using biomedical benchmark datasets, primarily PubMedQA and BioASQ of 250 question-answer (QA) pairs. The main objective of their study is to systematically compare different retrieval strategies for Biomedical Retrieval-Augmented Generation (RAG) and choose which methods provide the most accurate document retrieval for biomedical question answering.The results show that retrieval strategy significantly affects RAG performance. Hybrid retrieval generally provides the best balance of accuracy and robustness, while dense retrieval performs well in capturing semantic relevance for biomedical queries.The Authors describe the challenges by highlighting the complexity of biomedical terminology, the need for highly accurate retrieval, and ensuring fair comparisons across different retrieval methods using consistent evaluation settings. 
Sawarkar et al. 2024, researchers developed a hybrid retrieval framework called Blended RAG, which combines dense and sparse retrieval techniques with hybrid querying. To improve data retrieval performance in the RAG system, the methodology integrates dense and sparse retrieval with a hybrid query strategy. The evaluation was conducted in two phases: first, retrieval was performed separately, and then the impact of retrieval on the RAG system was assessed using retrieval metrics. The researchers used diverse datasets, including Natural Questions (NQ), TREC-COVID and SQuAD. The results demonstrated the superiority of the hybrid relative (Blended RAG) and confirmed that improved retrieval had a positive impact on RAG performance. Despite these positive results, reordering models were not added during the retrieval phase to further enhance retrieval accuracy. 
Arivazhagan et al. (2023), They proposed the Hybrid Hierarchical Retrieval (HHR) method to improve retrieval in Open-Domain Question Answering (ODQA). The study aimed to reduce existing limitations and address retrieval methods. The researchers applied dense, sparse, and hybrid retrieval methods, in the document retrieval phase. The proposed work was evaluated on a dataset (Natural Questions (NQ), Web Questions (WebQ) and TriviaQA ) using the Recall@100 scale, and the results showed that the (HHR) method outperformed the (DHR) method by 4.69%. Despite the promising results, the study was limited by the type of data used. 
· Ranking models
This study aimed to enhance text retrieval by evaluating, refining, and deploying reranking models in RAG systems. The researchers evaluated several existing, robust reranking models (e.g., MiniLM, BGE, Jina, etc.) on the BEIR benchmark datasets, including Natural Questions (NQ), HotpotQA, and FiQA, using NDCG@10. The retrieval metrics, such as NDCG, MRR, and Recall@k, were used to assess the datasets. A state-of-the-art ranking model, NV-RerankQAMistral-4B-v3, was introduced, achieving a significant accuracy increase of 14% compared to other reranking pipelines. However, researchers have addressed the challenge of improving performance, which impacts indexing and serving latency/throughput. (Moreira et al., 2024). 
Despite the lack of studies in the field of sparse, dense, hybrid, or reranked retrieval methods individually employed, very few offer a comprehensive evaluation of Arabic retrieval techniques. Furthermore, while Arabic studies exist in this area, they have relied on general data. This research aims to address these gaps by comparing and evaluating the performance of Sparse, Dense, Hybrid, and Reranked Retrieval methods from Arabic academic documents in (RAG) framework.
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