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Abstract

Retrieval-augmented generation (RAG) is a hybrid architecture that combines the generative
power of large language models (LLMs) with the factual reliability of information retrieval sys-
tems. Although the emergence of large language models (LLMs) has significantly improved the
performance of natural language understanding and generation tasks. However, these mod-
els often suffer from information distortion, outdated information, and lack of transparency.
Retrieval-augmented generation (RAG) addresses these limitations by introducing an external
retrieval mechanism into the generation process. RAG systems follow the retrieve first, then
generate paradigm, which retrieves relevant documents from knowledge sources and uses them
as input to the language model. This approach enables the model to generate more accurate,
solid, and timely responses. RAG has become an infrastructure for knowledge-intensive natu-
ral language processing (NLP) and LLM. In this review, we comprehensively review the basic
architecture of RAG systems, analyze key components such as retrievers and generators, com-
pare mainstream implementations, and evaluate their performance on various tasks. We also
discuss challenges in the RAG pipeline, including latency, hallucinations, context filtering, and
knowledge freshness. Finally, we highlight future research directions in terms of scalability,
personalization, and integration with structured knowledge sources.

Keywords: LLM, Retrieval-Augmented Generation, Dense Passage Retrieval, NLP,
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1. Introduction

1.1. Motivation aginst the Limitations of Language Models

The development of large-scale transformer-based language models such as GPT [1, 2, 3, 4],
BERT [5, 6, 7], and T5 [8, 9, 10] has led to substantial progress across a wide range of natural
language processing (NLP) tasks. These models leverage vast amounts of unlabeled data to
learn intricate patterns of language structure and semantics, enabling them to generate flu-
ent, coherent, and context-aware responses. Despite their linguistic capabilities, such models
are inherently constrained by the limitations of their parametric nature [11, 12, 13]. Once
trained, their knowledge is statically embedded within their weights, rendering them inca-
pable of accessing or reasoning over dynamic, external, or post-training information sources.
Consequently, these models are susceptible to hallucinations, wherein they generate factually
incorrect or fabricated statements with high confidence. Moreover, they offer limited explain-
ability, as there is no clear attribution of generated content to specific knowledge sources.
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These shortcomings are especially critical in high-stakes domains such as legal reason-
ing [14, 15], scientific research [16, 17, 18], and clinical decision-making [19, 20, 21], where
the verifiability and traceability of information are paramount. The pressing need to extend
language models with the ability to reason over current, reliable, and externally maintained
knowledge bases gave rise to the paradigm of retrieval-augmented generation (RAG).

1.2. Conceptual Foundations of RAG

Retrieval-Augmented Generation presents a hybrid framework [22, 23, 24]. It decomposes
the task of question answering or knowledge-intensive generation into two interdependent
stages, document retrieval and conditioned text generation. Unlike conventional LLMs that
rely exclusively on internalized knowledge, RAG systems explicitly incorporate evidence from
an external corpus during inference. In this architecture, a retriever first identifies relevant
documents or passages based on a user query. These retrieved items are then supplied as
auxiliary input to a generator, typically a sequence-to-sequence transformer, which produces
a grounded response.

This approach reflects a cognitively aligned methodology, closely mimicking how humans
synthesize information, by retrieving relevant content and reasoning over it to construct mean-
ingful answers. The introduction of retrieval as an intermediate step not only enhances factual
grounding but also enables continuous knowledge updates without the need for retraining or
finetuning the generator component. RAG thereby offers a compelling solution to the inherent
trade-off between static knowledge representation and generation flexibility.

1.3. Historical Trajectory and Milestones

The conceptual underpinnings of RAG can be traced to earlier advances in open-domain
question answering (ODQA, [25, 26, 27]), particularly systems that employed retrieval-then-
reading pipelines. Early models such as DrQA [28, 29, 30] utilized sparse term-based retrieval
(e.g., TF-IDF [31, 32], [33, 34, 35]) followed by deep neural reading comprehension modules.
However, these models were limited by their brittle retrieval quality and lack of integration
with generation capabilities.

A pivotal advancement of RAG [22] formalized the integration of dense retrieval and gen-
eration within a unified probabilistic framework. In this model, retrieval was treated as a
latent variable, and end-to-end training was performed via marginal likelihood estimation
over retrieved contexts. Dense Passage Retrieval (DPR [36, 37, 38]) was employed to enable
semantic similarity search in embedding space, improving both recall and relevance. The
generator, implemented using the BART architecture [39, 40], conditioned on both the query
and the retrieved passages, thus achieving superior performance across benchmarks such as
Natural Questions [41] and WebQuestions [42].

Subsequent works expanded the RAG paradigm to include multi-document fusion (e.g.,
Fusion-in-Decoder [43, 44]), feedback-driven retriever refinement (e.g., RAG-Fusion [45, 46]),
and multi-hop reasoning across evidence chains. Research also progressed toward modular
frameworks such as Haystack [47] and LangChain [48], which enabled scalable, composable,
and domain-adaptable RAG pipelines.

1.4. Methodological Advancements and Technical Merits

The architectural modularity of RAG introduces several methodological advantages. By
decoupling knowledge access from generation, it enables dynamic context adaptation and
fine-grained control over the provenance of information. Unlike monolithic models that are
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computationally burdensome to retrain, RAG systems can update their knowledge base in
real time through corpus expansion and reindexing, thereby maintaining temporal relevance
without parameter modification.

Furthermore, RAG systems enhance explainability by allowing users to inspect retrieved
documents that serve as the epistemic basis for generated outputs. This traceability is of
particular significance in domains where transparency and accountability are essential. In
terms of performance, empirical studies have demonstrated that RAG models outperform
purely generative baselines on tasks requiring factual accuracy, domain specificity, and long-
context reasoning.

1.5. Limitations and Challenges

Despite advantages, RAG systems face notable challenges. The reliance on a retrieval sub-
system introduces latency and computational overhead [49, 50, 51], especially when querying
large corpora. Meanwhile, retrieval quality is also critical. If irrelevant or noisy documents are
retrieved, the generator may be misled, resulting in diluted or erroneous output [52, 53, 54].
The effective handling of conflicting or ambiguous evidence remains an open problem, as does
the optimization of retrieval strategies under resource constraints.

Additionally, the fusion of multiple retrieved contexts into a fixed-length input remains
constrained by the context window limitations of current language models [55, 50]. Techniques
such as passage reranking [56, 57] and/or hierarchical encoding [58, 59, 60] can be used to
address this issue, while each introduces its own complexity trade-offs.

RAG represents a broader shift in the design philosophy of NLP systems toward modular,
interpretable, and dynamically extensible architectures. Its ability to separate retrieval, rep-
resentation, and reasoning into loosely coupled yet jointly trainable components aligns with
the goals of explainable and trustworthy AI. It signals a departure from fully parametric,
end-to-end deep learning pipelines and paves the way for systems that can continuously learn,
reason, and adapt in open-world settings.

1.6. Requirements for efficient AI-driven RAG systems

The need for efficient AI-driven RAG systems has become increasingly prominent due to
the rapid development of LLM and AI applications. First, credibility and transparency are
critical, especially in high-stakes fields such as healthcare, law, and science. RAG systems
must not only retrieve relevant evidence, but also present the evidence in a way that ensures
consistency with the source content and is interpretable.

Second, in a dynamic environment where information is constantly changing, static re-
trieval processes and fixed model weights are no longer sufficient. This makes adaptability
and lifelong learning increasingly important. Future RAG systems must support continuous
learning, real-time updates, and fine-tuning for specific domains and user contexts.

Third, as applications are promoted and businesses become flatter, scalability and efficiency
remain critical for industrial and enterprise deployments. This includes minimizing delays
in the retrieval process, adopting cost-effective generation methods, and ensuring seamless
integration with existing data and infrastructure.

Finally, there is an urgent need to prioritize global inclusiveness. Currently, most RAG
research revolves around high-resource languages and well-structured datasets. To democratize
the benefits of AI, RAG systems must support multilingual reasoning, low-resource knowledge
access, and cultural sensitivity during retrieval and generation.
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1.7. Gaps in Current Research

Despite a growing body of literature, the current research landscape remains fragmented.
Studies vary widely in their focus and methodology, with few adhering to a unified or standard-
ized framework. Much of the literature is driven by specific applications or system prototypes,
often lacking deeper engagement with the underlying architectures, algorithms, or theoretical
foundations of RAG.

This fragmentation poses a challenge for new entrants to the field. The absence of co-
herent methodological structures makes it difficult to gain a comprehensive understanding
or develop innovations at the system level. Moreover, while many review articles emphasize
high-level applications, there is limited systematic exploration of the technical underpinnings
of RAG systems, such as component integration, retrieval strategies, algorithmic mechanisms,
or computational logic.

To address this gap, the present review adopts a bottom-up perspective—focusing on the
core architecture, system logic, and foundational methodologies that form the basis of RAG
systems. This approach aims to provide the community with a more technical, engineering-
oriented understanding of how RAG systems are built, evaluated, and extended.

1.8. Purpose of the Review

This review aims to provide a comprehensive and systematic examination of the current
state of research in retrieval-augmented generation (RAG) within the context of large language
models (LLMs). As the complexity and diversity of information needs grow, there is an
urgent need to move beyond purely parametric models and toward systems that can integrate
dynamic retrieval with generation. RAG represents a promising direction to address these
needs by combining the generative capabilities of LLMs with the precision and adaptability
of information retrieval systems.

The primary objective of this review is to identify dominant research trajectories, consoli-
date key technical solutions, and outline future directions that address the pressing challenges
of factual accuracy, scalability, adaptability, and domain relevance. By synthesizing research
across architecture, retrieval methodologies, generation models, evaluation techniques, and
real-world applications, this work serves as a foundational resource for researchers and prac-
titioners seeking to advance the development and deployment of RAG-enhanced LLMs.

In an era where LLMs are becoming core infrastructure across industries, the demand
for intelligent systems that can retrieve and reason over external knowledge is increasing
rapidly. RAG systems aim to fulfill this need by bridging parametric model knowledge with
contextual, real-time information access. However, to bring enduring value, such systems must
meet several critical requirements.

1.9. PRISMA-Based Methodology for Literature Selection

To ensure methodological rigor and transparency in the selection of literature for this
review on Retrieval-Augmented Generation (RAG) in the context of large language models
(LLMs), we adopted the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) framework. The PRISMA guidelines provide a structured process for identi-
fying, screening, and including research works, which is crucial given the rapidly growing and
heterogeneous body of literature in this domain. As shwon in Figure1, we detail each phase of
the PRISMA process, along with a critical discussion of its technical implications for building
a robust and comprehensive RAG literature review.
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Figure 1: PRISMA Procedure
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1.9.1. Identification Phase

The initial identification stage involved a comprehensive search across multiple academic
databases, including ACM Digital Library, IEEE Xplore, SpringerLink, Elsevier ScienceDirect,
and arXiv. We used combinations of search terms such as ”retrieval-augmented generation”,
”RAG”, ”large language model”, ”dense retrieval”, and ”open-domain question answering” to
maximize coverage. This resulted in a total of 800 potentially relevant articles published from
2019 to early 2025. These articles spanned a variety of publication types including conference
proceedings, journal articles, preprints, and system descriptions.

At this stage, the challenge was not only volume but also heterogeneity. Many papers used
different terminologies or focused on adjacent domains, which necessitated a broad but precise
set of inclusion criteria. This initial pool captured a wide spectrum of studies ranging from
foundational algorithms to downstream applications and extensions.

1.9.2. Deduplication and Screening

Following identification, a deduplication process was performed to remove redundant en-
tries across databases. This step reduced the total corpus by 50 records, resulting in 750 unique
articles. The screening phase then focused on titles and abstracts to filter out works that were
tangentially related or entirely unrelated to the core topics of RAG and LLM integration. At
this point, 350 studies were excluded for reasons such as focusing solely on language modeling
without retrieval, or on IR systems without generation. This left 400 articles for full-text
assessment.

This stage was technically significant, as many RAG-related studies are embedded within
broader discussions of NLP systems or hybrid architectures. Thus, the ability to discern rele-
vance based on abstract-level indicators required domain expertise in understanding whether
the retrieval-generation integration was merely peripheral or central to the paper’s contribu-
tions.

1.9.3. Eligibility Assessment

During the eligibility phase, the full texts of the remaining 400 articles were thoroughly
reviewed. Each paper was evaluated against a set of inclusion criteria which emphasized the
presence of explicit RAG architectures, detailed methodological exposition, empirical evalua-
tion using standard benchmarks, or novel contributions to retrieval or generation mechanisms
in the RAG pipeline.

A total of 212 papers were excluded at this stage. The most common reasons included lack
of methodological depth, insufficient connection between retrieval and generation components,
incomplete systems, or absence of peer review. This phase demanded not only technical dis-
cernment but also consistency in the application of evaluative criteria to ensure comparability
across studies.

Notably, this stage also highlighted gaps in current literature. Many works were found
to reuse existing LLMs without addressing the unique challenges of knowledge integration,
dynamic retrieval, or evaluation groundedness. Such findings further informed our taxonomy
and identified the boundaries of what constitutes core versus peripheral contributions in the
RAG field.

1.9.4. Final Inclusion

Ultimately, 188 studies were included in this systematic review. These articles collectively
represent the breadth and depth of contemporary RAG research, from retrieval strategies
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(e.g., sparse, dense, hybrid) and generation models (e.g., BART, T5, GPT) to complex system
extensions like feedback loops and multi-hop reasoning. Their inclusion was based on technical
novelty, experimental rigor, architectural transparency, and relevance to real-world or high-
value applications.

The final dataset offers not only a representative view of the current state of the field
but also a robust foundation for developing the taxonomy, identifying research gaps, and
proposing future directions. This rigorously selected body of literature forms the empirical
and conceptual backbone of the subsequent sections of this review.

1.9.5. Technical Reflection and Value of PRISMA

Adopting the PRISMA methodology introduced multiple benefits beyond systematic filter-
ing. First, it provided traceability and replicability to the review process—key requirements
for any scientific synthesis. Second, it enabled a statistically grounded understanding of the
field’s maturity: for example, the high exclusion rate at the eligibility phase revealed how many
published studies in the broader LLM landscape lack integration with retrieval mechanisms,
indicating an over-reliance on parametric models.

Additionally, the PRISMA process revealed thematic patterns in research evolution. The
majority of eligible studies were concentrated in the post-2021 period, correlating with the
surge in transformer-based retrievers and the broader push toward grounded, fact-aware gen-
eration. It also exposed underexplored areas, such as multilingual RAG, real-time indexing,
and evaluation of groundedness—thus offering data-driven support for future research priori-
tization.

By adhering to the PRISMA framework, this review ensured methodological rigor and
conceptual clarity, while also yielding insights into the structure and development trajectory
of RAG research. The process not only filtered literature but surfaced meaningful patterns,
helped establish research boundaries, and framed the technical scaffolding for the taxonomy
and synthesis that follows.

1.10. Contributions

1.10.1. A Comprehensive Taxonomy

A central contribution of this review is the development of a comprehensive taxonomy
that categorizes the RAG literature into coherent and interpretable dimensions. This taxon-
omy spans retrieval methods, generation techniques, evaluation strategies, applications, and
auxiliary topics such as interpretability and multilingual support.

Beyond classification, the taxonomy enables a data-driven mapping of the field. By com-
bining content-year analysis with co-occurrence patterns across research themes, this study
surfaces critical trends, reveals underexplored intersections, and highlights imbalances across
domains. It not only helps readers understand what has been done, but also uncovers areas
ripe for future exploration.

1.10.2. Focus on Core

This review places particular emphasis on the system-level architecture and core technical
pillars of RAG, dissecting them across several key dimensions:

The RAG Architecture Overview outlines the interaction among the three foundational
components—Retriever, Generator, and Knowledge Source—providing a structured view of
input-output pathways and modular integration at the engineering level.
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In the Retrieval Methodologies section, sparse and dense retrieval techniques are system-
atically categorized, from traditional approaches like TF-IDF and BM25 to advanced neural
methods such as Dense Passage Retrieval (DPR) and ColBERT. This analysis highlights the
trade-offs between precision, latency, and semantic relevance in various retrieval paradigms.

The Generator Methodologies section discusses the evolution and application of generative
models like BART, GPT, and T5. These models form the generative core of RAG systems
and are analyzed in terms of their capabilities to produce context-aware, coherent responses.

The RAG Extensions section examines the scalability and adaptability of modern RAG
systems. Topics such as multi-hop reasoning, conversational RAG, and feedback-based refine-
ment demonstrate the increasing complexity and intelligence expected from next-generation
RAG applications.

Finally, the Evaluation Metrics section presents a multidimensional approach to system as-
sessment. It incorporates traditional NLP metrics (Exact Match, BLEU, ROUGE), retrieval-
specific indicators (Recall@k), and newer criteria such as groundedness, latency, and cost-
efficiency—reinforcing the importance of reproducible and objective evaluation in system de-
velopment.

1.10.3. Toward a More Contextual and Responsible RAG Ecosystem

This review does more than organize existing knowledge—it also seeks to define the func-
tional and ethical expectations for the next generation of RAG systems. In an increasingly
information-rich world, context-aware, adaptive, and inclusive RAG systems will be essential
in domains ranging from enterprise search to scientific discovery.

By identifying structural gaps and proposing targeted directions for research, this review
contributes to shaping a more robust, interpretable, and equitable AI ecosystem. It serves as
both a reference point for current practitioners and a roadmap for researchers aiming to push
the boundaries of RAG-augmented language modeling.

In the subsequent section, we review the architectural components of RAG in greater
technical detail. We focus on the interplay between retriever, generator, and knowledge base,
analyzing how different design choices affect the system’s performance, generalizability, and
scalability. Understanding these architectural underpinnings is essential to evaluating and
improving RAG-based solutions for real-world, knowledge-intensive applications.

1.11. Organization of the Paper

This review is structured to provide a comprehensive, technically grounded, and forward-
looking examination of retrieval-augmented generation (RAG) systems within the context of
large language models (LLMs). The paper is organized into eleven sections, each addressing
a critical aspect of RAG research:

1.11.1. Section 2: Literature Overview and Insights

This section presents a high-level synthesis of the RAG literature from both a temporal
and thematic perspective. It includes an overview of research trends by year, content-based in-
sights, content-year correlation analyses, and co-occurrence analyses to highlight core themes,
empirical trends, underexplored areas, and future research directions.

1.11.2. Section 3: RAG Architecture Overview

This section outlines the core components of RAG systems, including the retriever, genera-
tor, and knowledge source. It also describes the typical data flow and system workflow, offering
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a structural foundation for understanding how RAG systems function at a systems-engineering
level.

1.11.3. Section 4: Retrieval Methodologies

Here, we delve into the technical foundations of retrieval within RAG systems. This
includes a detailed classification of sparse retrieval (e.g., TF-IDF, BM25) and dense retrieval
techniques (e.g., DPR, BERT-based retrievers, ColBERT), along with comparative insights
and architectural implications.

1.11.4. Section 5: Generator Methodologies

This section explores the generative backbone of RAG systems by analyzing various LLMs
used in generation tasks, including BART, GPT, T5, and BERT. The discussion highlights
their respective strengths, architectures, and integration strategies within RAG pipelines.

1.11.5. Section 6: RAG Extensions

This section investigates advanced use cases and system enhancements, such as open-
domain QA, multi-hop reasoning, feedback loops, hybrid retrieval systems, and conversational
RAG. These extensions demonstrate the adaptability and growing sophistication of RAG
architectures.

1.11.6. Section 7: Evaluation Metrics

A comprehensive taxonomy of evaluation approaches is presented here, covering both gen-
erative and retrieval aspects. Metrics include Exact Match, F1, BLEU, ROUGE, Recall@k,
groundedness, latency, and cost. Comparative analyses underscore the trade-offs and contex-
tual relevance of each metric.

1.11.7. Section 8: Applications

This section showcases real-world applications of RAG systems across various domains,
including enterprise search, academic research, legal and healthcare QA, customer support,
and code documentation. These examples illustrate the practical value and versatility of RAG
in different industries.

1.11.8. Section 9: Challenges, Limitations, and System Constraints

This section addresses the critical technical and operational challenges in current RAG re-
search and deployment. Topics include latency, factual consistency, context selection, knowl-
edge drift, scalability, and the limitations of parametric LLMs.

1.11.9. Section 10: Future Directions

Building upon previous sections, this part outlines promising research avenues, including
personalized and multimodal RAG, structured–unstructured knowledge fusion, multilingual
and low-resource adaptation, dynamic indexing, and lifelong learning mechanisms.

1.11.10. Section 11: Conclusion

The final section summarizes the key findings, reaffirms the contributions of this review,
and reflects on the broader implications for the development of more transparent, adaptive,
and contextually aware RAG systems.
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2. Literature Overview and Insights

2.1. Overview and Insights by Year
2.1.1. Overview

We collect the publications from 1998 to 2025. The stats of the collections highlights the
evolution of research in Retrieval-Augmented Generation (RAG) and Large Language Models
(LLMs), tracing a path from foundational principles in information retrieval to their deep
integration in modern AI systems.

Figure 2 shows the trend of collections by year. It can be seen that from 1998 to 2016,

Figure 2: Publications by Year

publication activity was sparse, typically fewer than three papers annually, reflecting a phase
where information retrieval (IR) and generation research developed in parallel but largely in
isolation. This period focused on traditional IR models such as BM25 and early question
answering frameworks, setting the groundwork for later developments.

Shifting around 2017, coinciding with the rise of transformer-based LLMs like BERT, GPT-
2, and T5, research output began to climb, driven by growing recognition of the limitations of
parametric-only models, particularly their struggles with factual consistency and knowledge
scalability. From 2017 to 2020, publication numbers increased steadily, as researchers explored
hybrid architectures that fused retrieval and generation, initiating the conceptual basis for
modern RAG systems.

The acceleration continued between 2021 and 2023. This period marked the mainstream
adoption of RAG as a research priority. Key innovations included the tight coupling of re-
trieval modules with LLM training and inference pipelines, the creation of retrieval-aware
benchmarks, and the increased emphasis on trustworthiness, factual grounding, and explain-
ability. These advances positioned RAG not just as an academic construct but as a practical
necessity for deploying LLMs in high-stakes domains such as healthcare and legal reasoning.

The momentum peaked in 2024, in which the explosion of interest reflected both widespread
industrial adoption and academic investment in fine-tuning, latency reduction, streaming re-
trieval, and domain-specific adaptation. Multi-modal RAG systems also began to emerge,

10



broadening the application landscape. The research focus during this phase shifted from
conceptual design to large-scale optimization, real-world deployment, and system robustness.

In 2025, publications further mature stabilization of the field. The sustained output at
this level suggests a mature and deeply embedded paradigm. Attention has turned toward
refining retrieval strategies for low-resource settings, continual learning, and underrepresented
languages, as well as standardizing evaluation methods and improving interpretability. RAG
has transitioned from an experimental approach to a default architecture for grounded, scalable
generation.

2.1.2. Insights

It can be seen that, the field of natural language processing (NLP) is shifting from purely
parametric models, which encode all knowledge internally, to hybrid systems that dynamically
retrieve external information based on context. The rise of Retrieval-Augmented Generation
(RAG) reflects the maturation of information retrieval (IR), advances in model scalability,
and the growing demand for reliable, cost-effective, and adaptable language generation.

The recent research shift enables models to combine external knowledge access with flexible
generation, addressing limitations of parametric-only approaches. Despite ongoing challenges
in optimizing retrieval relevance, latency, and alignment, RAGs have firmly established their
value in both research and practical applications.

As retrieval quality and efficiency continue to improve, RAG architectures are evolving
toward more interpretable and effective designs. No longer an emerging concept, RAG is now
a foundational strategy for building fact-based, scalable, and adaptive AI systems. Looking
forward, RAG-enhanced LLMs are poised to become the backbone of responsible, knowledge-
intensive AI solutions.

2.2. Overview and Insights by Content

2.2.1. Overview

Figure 3 shows the distribution of publications on Retrieval-Augmented Generation (RAG)
and Large Language Models (LLMs), revealing a robust and retrieval-centric research land-
scape. Retrieval stands out as the dominant focus, with the majority of papers addressing
retrieval strategies, indexing, and relevance optimization, highlighting retrieval as the foun-
dational driver of the RAG paradigm. Closely following are works on model architecture and
generation techniques, reflecting efforts to seamlessly integrate retrieval mechanisms into LLM
frameworks.

A significant portion of RAG-related research overlaps with studies on language models,
encompassing pretraining, fine-tuning, and adaptation for retrieval-augmented tasks. This
intersection underscores the role of LLMs as the technical backbone enabling effective RAG
implementations.

Application-focused research also plays an important role, demonstrating the growing de-
ployment of RAG systems across domains such as healthcare, legal reasoning, and enterprise
automation. In particular, studies centered on healthcare and medical use cases emphasize
the importance of trust, factual grounding, and domain-specific retrieval, highlighting the
practical potential and impact of RAG in high-stakes environments.

Complementing this, a substantial number of studies focus on datasets and analytical
evaluations, indicating a balanced emphasis on empirical assessment and critical reflection on
model behavior, limitations, and trade-offs. Survey papers contribute high-level syntheses and
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Figure 3: Article Category

trend mapping, aiding both newcomers to the field and domain-specific investigations. Mean-
while, benchmarks and evaluation metrics signal an ongoing commitment to standardizing
performance measurement, an essential step for sustained progress.

2.2.2. Insights

Despite the field’s maturity, key areas such as explainability and trust, continual learning,
and multilingual or low-resource adaptation remain underexplored. Their limited representa-
tion suggests the need for deeper investigation, especially given their importance in advancing
responsible and accessible AI. The small number of technical reports may also reflect the cur-
rent publication preferences of peer-reviewed venues, which often prioritize theoretical contri-
butions over non-peer-reviewed dissemination. However, as practical evaluation methodologies
and datasets continue to evolve, these reports may become more prevalent.

This thematic distribution reveals a research ecosystem centered on the engineering of
retrieval-enhanced generation. The strong emphasis on retrieval and modeling aligns with the
technical demands of building scalable, fact-grounded, and context-aware systems. At the
same time, increasing attention to application-driven studies reflects RAG’s transition from
theoretical exploration to operational deployment. Looking forward, research is expected to
deepen in areas such as interpretability, trust, multilingual capabilities, and adaptation to
low-resource settings, factors critical to the advancement of inclusive, transparent, and robust
AI systems.
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Figure 4: Content-Year Co-occurrence Analysis

2.3. Content-Year Analysis

2.3.1. Overview on Trends in RAG and LLM Research

The longitudinal analysis of research on Retrieval-Augmented Generation (RAG) and Large
Language Models (LLMs) reveals a clear trajectory from foundational work toward a mature,
application-driven field. As shown in Figure 4, early years, spanning from the late 1990s
through the early 2010s, show limited and fragmented research activity, mostly focused on
isolated aspects of retrieval or language modeling. During this period, foundational questions
about the integration of retrieval with generative models were only beginning to be posed.
The scarcity of empirical datasets, benchmarks, and applications during these formative years
indicates the nascent stage of the field.

By the late 2010s, there was a noticeable increase in research coalescing around the core
RAG concept—integrating retrieval mechanisms with large-scale generative models. This
period witnessed growing convergence between retrieval strategies and model architecture re-
search, suggesting the formation of a unified paradigm. However, while technical integration
advanced, empirical evaluations and real-world applications remained limited. Early appli-
cations were often proof-of-concept rather than deployment-focused, and challenges such as
latency, relevance, and model alignment were yet to be thoroughly addressed.

From 2021 onwards, the field has experienced rapid expansion in research volume and
thematic diversity. The intertwining of retrieval, modeling, and application research reflects
the shift from conceptual exploration to practical, domain-specific deployment. Healthcare and
legal sectors have emerged as prominent use cases, driven by the need for factually accurate,
trustworthy AI systems in critical domains. This reflects a growing awareness that RAG
systems must meet rigorous domain-specific standards, especially where errors could have
significant consequences.
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2.3.2. Insights into Current Research Landscape

Despite the growth, several thematic areas reveal important gaps and ongoing challenges.
Explainability and trust, though recognized as vital for adoption in sensitive domains, remain
underrepresented in the literature. The limited overlap between explainability and core tech-
nical research suggests that transparency has yet to become an integral design consideration
in RAG architectures. This represents both a challenge and an opportunity: as these systems
are deployed more widely, providing interpretable outputs and understanding model decision
pathways will be essential for user acceptance and regulatory compliance.

Multilingual and low-resource language contexts also remain marginal in current research.
The scarcity of work in these areas indicates that the benefits of RAG and LLM advancements
are not yet equitably distributed across global language communities. This gap points to a
significant research frontier with high societal value, as addressing it would democratize access
to advanced AI technologies and foster inclusivity in language AI.

Continual learning and adaptation show emerging interest but are still in their infancy
within the RAG context. The dynamic nature of information environments necessitates models
that can update knowledge on the fly without costly retraining. Progress in this area will be
critical for maintaining model relevance, reducing obsolescence, and enabling personalized or
domain-adaptive applications.

Another observation is the limited presence of technical introductions and practical tech-
nical reports, which may reflect publishing norms favoring peer-reviewed research over grey
literature or industry white papers. The relative scarcity of such contributions restricts the
dissemination of implementation insights and real-world system challenges, potentially slowing
innovation and technology transfer from research to production.

2.3.3. Future Research Directions and Value Propositions

Addressing the identified gaps presents rich avenues for impactful research. Deepening the
focus on explainability and trust will not only improve the usability and safety of RAG systems
but will also foster regulatory compliance and ethical AI deployment. Research efforts should
prioritize methods for transparent retrieval mechanisms, rationale generation, and uncertainty
quantification to build user confidence.

Expanding multilingual and low-resource language research holds strategic importance for
achieving global AI inclusivity. Developing efficient retrieval and generation methods that
can function across diverse languages and dialects would broaden the applicability of RAG
systems, ensuring they serve a truly global user base.

Continual learning represents another vital direction, enabling RAG models to stay current
with rapidly evolving information landscapes. Research into scalable incremental updating,
domain adaptation, and lifelong learning algorithms can enhance system longevity and reduce
the operational costs of model maintenance.

Finally, encouraging more industry-academic collaboration and fostering avenues for tech-
nical reports and reproducibility studies will enrich the research ecosystem. Sharing practical
experiences and challenges can accelerate the maturation of RAG technology and ensure robust
deployment in complex, real-world environments.

The collected research on RAG and LLMs reveals a dynamic, evolving field with strong
technical foundations in retrieval and modeling, increasingly grounded by real-world applica-
tions and evaluation efforts. However, the underrepresentation of critical areas such as ex-
plainability, multilingual support, and continual learning underscores both ongoing challenges
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and rich opportunities. As RAG-augmented models become integral to knowledge-intensive
AI applications, focusing on these gaps will be essential for developing responsible, scalable,
and inclusive AI systems that meet societal and technological demands.

2.4. Content Co-occurrence Analysis

Figure 5: Publication Content Category Co-occurrence

We also perform the co-occurrence analysis of publication content categories in the domains
of Retrieval-Augmented Generation (RAG) and Large Language Models (LLMs) offers a com-
prehensive view of the field’s topical structure and interdisciplinary relationships. Figure ??
reveals not only the dominant research areas but also the interplay among them, providing
valuable insights into the field’s maturity, thematic diversity, and emerging trajectories.

2.4.1. Core Themes and Their Intersections

The categories of Retrieval and Model stand out as the most frequent and interconnected,
co-occurring in 69 publications. This underscores their foundational role in the RAG paradigm,
which centers on integrating efficient retrieval mechanisms with generative model architectures.
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Language Models similarly serve as a bridge between retrieval and modeling, reinforcing their
pivotal role in enabling retrieval-aware generation.

Application-focused research also features prominently, frequently intersecting with Model,
Retrieval, and Language Models. This indicates that RAG is no longer confined to theoretical
constructs but is being actively adopted in practical scenarios. Notably, its strong presence in
Healthcare/Medical and Legal domains highlights its relevance in high-stakes settings where
factual accuracy and reliability are essential.

2.4.2. Empirical and Evaluation-Driven Research

The categories of Analysis, Dataset, and Evaluation Metrics reflect the field’s empirical
sophistication. High co-occurrence between Analysis and both Language Models and Retrieval
indicates a deep investigation into model behaviors, limitations, and trade-offs. The presence
of Benchmark, often alongside Retrieval and Evaluation Metrics, points to ongoing efforts to
standardize evaluation—an essential step toward reproducibility and meaningful comparison.

Survey papers play a significant role in synthesizing trends and knowledge across the field.
Their frequent intersections with key categories like Retrieval, Model, and Dataset suggest
an active community of researchers curating and contextualizing progress for both newcomers
and experts alike.

2.4.3. Underexplored Areas and Future Opportunities

Despite this depth, some areas remain underrepresented. Topics such as Explainability and
Trust, Continual Learning and Adaptation, and Multilingual/Low Resource exhibit limited
overlap with other categories, indicating that these crucial research directions are still in their
early stages. The Tech Introduction category appears largely isolated, and the scarcity of
Technical Reports may reflect either the academic emphasis on peer-reviewed publications or
the proprietary nature of industry research, which is often withheld from open dissemination.

2.4.4. Outlook and Research Implications

The current distribution of research suggests a maturing yet evolving ecosystem. While
retrieval and modeling form the technical backbone of RAG systems, the increasing emphasis
on datasets, evaluation, and application demonstrates a shift from conceptual development to
real-world deployment. This convergence of foundational and applied work signals the field’s
progression from exploration to implementation.

To sustain this momentum, future research must expand into underexplored but critical
areas such as explainability, lifelong learning, and multilingual capabilities. These directions
are not only technologically essential but also vital for building responsible, inclusive, and
globally scalable AI systems. As RAG-enhanced LLMs become the backbone of knowledge-
intensive applications, ensuring trustworthiness, adaptability, and equity will define the next
frontier of innovation.

3. RAG Architecture Overview

3.1. Core Components

3.1.1. Retriever

The retriever functions as the initial filtering mechanism, tasked with selecting the most
relevant documents or passages from a large corpus based on a given input query. Traditionally,
retrieval methods such as Sparse Retrieval System BM25 [34, 61, 62] have relied on term-based

16



matching, leveraging lexical overlap between query and documents. However, these classical
approaches often struggle with synonymy and polysemy, motivating the adoption of dense
retrieval techniques. Dense retrievers employ learned sentence embeddings, enabling semantic
similarity matching beyond mere surface-level word overlap. Prominent examples include
Dense Passage Retrieval (DPR [38, 37, 36]) and Contextualized Late Interaction over BERT
(ColBERT [63, 64, 65]). Moreover, hybrid retrieval strategies combine both sparse and dense
approaches, seeking to leverage the complementary strengths of lexical matching and semantic
understanding. The choice and design of the retriever significantly influence the quality and
relevance of the candidate documents fed to subsequent components.

3.1.2. Generator

Following retrieval, the generator module assumes the responsibility of producing coher-
ent and contextually appropriate responses. This component is commonly instantiated as a
Transformer-based sequence-to-sequence model, such as BART [39, 66, 67], T5 [8, 68, 69], or
GPT [70, 71, 72]. The generator conditions on the retrieved documents, effectively integrating
the external knowledge with the input query to produce informative and fluent outputs. The
architecture of the generator, its pretraining objectives, and fine-tuning strategies critically
impact the fidelity and creativity of the generated answers. Its ability to attend selectively
to relevant retrieved context enables the generation of responses that are not only factually
grounded but also contextually nuanced.

3.1.3. Knowledge Source

Underlying both the retriever and generator is the knowledge source, which constitutes
the foundational repository of information. This corpus can vary widely, encompassing en-
cyclopedic knowledge bases like Wikipedia, domain-specific documentation such as product
manuals, or proprietary enterprise data. The size, quality, and topical coverage of this knowl-
edge source directly affect the breadth and accuracy of the information accessible to the RAG
system. Maintaining and updating this corpus is essential to ensure the system’s responsive-
ness to evolving knowledge and information needs.

The RAG architecture synthesizes retrieval and generative modeling through a well-orchestrated
interplay among the retriever, generator, and knowledge source. Each component’s design
choices and implementation intricacies bear significant influence on the system’s ability to
deliver relevant, accurate, and coherent information, positioning RAG as a powerful paradigm
in modern natural language processing applications.

3.2. Workflow and Data Flow in Retrieval-Augmented Generation

The operational workflow of a Retrieval-Augmented Generation (RAG) system is char-
acterized by a tightly coupled interaction between retrieval and generation stages, mediated
through a centralized architecture that orchestrates the query-response cycle. Upon receiving
an input query from the user, the RAG system delegates the responsibility of document se-
lection to a retriever component. The retriever searches a designated knowledge source and
returns the top-k documents deemed most relevant to the input query. These retrieved docu-
ments serve as external evidence or contextual support for the subsequent generative process.

The underlying data flow of this RAG logic pipeline is illustrated in Figure 6. The flow
begins with the user query, which is submitted to the RAG system. The system forwards the
query to the retriever, which interfaces with the knowledge source, a structured or unstructured
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Figure 6: Dataflow of RAG logic pipeline

corpus of domain-specific content such as Wikipedia or enterprise documents. The retriever
searches this corpus and returns the top-k most relevant documents. These documents are
then passed to the generator, which integrates them with the original query to produce a
response. This response is returned through the RAG system to the user, completing the
end-to-end information retrieval and synthesis cycle.

Once the top-ranked documents have been retrieved, the generator component synthesizes
the information from both the query and the documents to produce a coherent, contextu-
ally grounded response. This generator is typically instantiated as a large language model
fine-tuned for conditional text generation, enabling it to attend over the retrieved contexts
and dynamically integrate factual content with fluent language modeling. The final output is
returned to the user in the form of a natural language response, ideally optimized for infor-
mativeness, relevance, and factual accuracy.

To further clarify the temporal and component-wise dynamics of the RAG system, Fig-
ure 7 presents a sequence diagram of the RAG workflow. This representation captures the
runtime interactions between the system’s core actors: the user, the RAG system controller,
the retriever, the knowledge source, and the generator. The sequence begins when the user
issues a query to the RAG system, which then activates the retriever. The retriever accesses
the knowledge source to locate relevant documents and returns them to the system. These
documents are subsequently passed to the generator, which conditions on both the query and
the retrieved context to generate an appropriate response. Finally, the system delivers this
response back to the user.

This tightly coupled interaction between retrieval and generation underpins the core value
proposition of RAG systems. By explicitly grounding generative outputs in retrieved evi-
dence, the architecture not only enhances factual reliability but also mitigates hallucination,
a common shortcoming in standalone generative models. Moreover, the modular separation
between retrieval and generation allows for flexible system tuning, hybridization of retrieval
strategies, and targeted updates to the underlying knowledge source, thereby enabling contin-
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Figure 7: Sequence logic of RAG workflow

ued adaptability in dynamic or data-rich environments. Together, the data flow and workflow
encapsulate the core operational logic of RAG and illustrate the pipeline’s capacity to deliver
high-quality, context-aware responses in real-world applications.

4. Retrieval Methodologies

4.1. Sparse Retrieval Techniques

4.1.1. Term-Based Retrieval Methods

Term-based retrieval techniques, which include simple models like Boolean retrieval [73,
74, 75] and the Vector Space Model (VSM [76, 77, 78]), form the foundation of many infor-
mation retrieval systems. These methods focus on ranking documents based on the presence
or frequency of query terms in the documents, without considering the semantic meaning or
context of the terms involved.

The Boolean retrieval model is the simplest approach in this category. It retrieves docu-
ments based on the exact presence of query terms. In this model, a document is considered
relevant if it contains the query terms, and irrelevant if it does not. The Boolean model, while
computationally efficient, lacks the ability to rank documents by relevance or handle partial
matches. This binary approach makes it unsuitable for more complex retrieval tasks that
require nuanced judgment about the importance of terms within documents.

In contrast, the Vector Space Model (VSM) represents a more sophisticated approach,
where both documents and queries are modeled as vectors in a high-dimensional space. Each
dimension corresponds to a term in the corpus, and the weight assigned to each term typically
reflects its importance, often measured by TF-IDF. The relevance of a document to a query is
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determined by calculating the similarity between the query vector and the document vectors,
with cosine similarity being the most commonly used metric. The formula for cosine similarity
between a query vector q and a document vector d can be formulated as

cosine similarity(q, d) =
q · d

∥q∥∥d∥
(1)

where q and d are the vector representations of the query and document, and ∥ · ∥ represents
the Euclidean norm of the vector. This similarity measure computes the cosine of the angle
between the two vectors, providing a quantitative measure of the relevance of a document to
the query. Cosine similarity allows for the ranking of documents by how closely they match
the query in terms of term distributions, offering a more flexible approach compared to the
Boolean model.

4.1.2. TF-IDF: Term Frequency-Inverse Document Frequency

The Term Frequency-Inverse Document Frequency (TF-IDF) model is a cornerstone of
information retrieval and text representation. It is commonly employed to evaluate the signifi-
cance of a term within a document relative to a corpus. TF-IDF consists of two components, in-
cluding Term Frequency (TF [79, 80, 81]) and Inverse Document Frequency (IDF [82, 83, 84]).
The former measures how often a term appears within a document, while the latter gauges
the importance of the term across the entire corpus. The product of these two values gives
a score that reflects the relevance of the term in the document, considering its rarity in the
larger corpus. The mathematical expression for Term Frequency (TF) is defined as

tf(t, d) =
f(t, d)∑

t′∈d f(t′, d)
(2)

where f(t, d) denotes the frequency of term t in document d, and the denominator sums the
frequencies of all terms in d. This normalization prevents longer documents from having an
unfair advantage, ensuring that term frequency is balanced across varying document lengths.
The Inverse Document Frequency (IDF), which quantifies the informativeness of a term across
the entire corpus, is calculated as

idf(t,D) = log

(
|D|

|{d ∈ D : t ∈ d}|

)
(3)

where |D| is the total number of documents in the corpus, and |{d ∈ D : t ∈ d}| counts the
number of documents that contain the term t. IDF reduces the weight of common terms that
appear in many documents, which are likely to be less informative, and increases the weight
of rare terms that appear in fewer documents, highlighting their uniqueness.

The TF-IDF score for a term t in document d within a corpus D is the product of the TF
and IDF, which can be formulated as

tf − idf(t, d,D) = tf(t, d) × idf(t,D) (4)

This formulation ensures that terms which are frequent in a given document but rare
across the entire corpus are emphasized, making TF-IDF particularly useful for document
retrieval and classification tasks. It is computationally efficient, scalable, and interpretable,
which explains its continued popularity in information retrieval systems.
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However, despite its strengths, TF-IDF comes with notable limitations. The method as-
sumes that terms are independent of each other, neglecting any syntactic or semantic rela-
tionships between them. This assumption limits the model’s ability to capture more complex
linguistic structures, such as polysemy (words with multiple meanings) and synonymy (words
with similar meanings). Additionally, TF-IDF does not account for word order, which can
result in a loss of semantic meaning that is context-dependent. As a result, more sophisticated
techniques, such as word embeddings and transformer-based models, have been developed to
better capture the deeper relationships between words and their contexts.

4.1.3. Best Match 25 (BM25)

The BM25 model, an extension of the probabilistic information retrieval framework, is one
of the most effective term-based retrieval techniques in practice today. It builds upon the
Vector Space Model by incorporating a probabilistic approach that adjusts for term frequency
saturation and document length normalization. The BM25 formula for ranking a document d
given a query q is

score(d, q) =
∑
t∈q

idf(t) × tf(t, d) × (k1 + 1)

tf(t, d) + k1 × (1 − b + b× |d|
avg len

)
(5)

whereq refers to the query, d the document, tf(t, d) the term frequency of term t in document
d, idf(t) the inverse document frequency of term t, |d| the length of document d, avg len the
average document length in the corpus, k1 and b parameters that control the sensitivity of the
model to term frequency and document length.

The BM25 model incorporates two key features, i.e. term frequency saturation and doc-
ument length normalization. The term frequency saturation ensures that the relevance score
does not increase indefinitely as the term frequency grows, which reflects the diminishing re-
turns of adding more occurrences of a term in a document. The length normalization term
adjusts for the fact that longer documents are likely to contain more terms, and it ensures
that shorter documents are not unfairly penalized.

BM25 has become the actual standard in information retrieval systems, such as search
engines, due to its ability to effectively balance term importance and document characteristics.
It is widely used because it provides a robust and interpretable ranking method that adapts
well to different corpus sizes and query types.

4.1.4. Remarks

Term-based methods continue to offer value in certain contexts, highly effective for tasks
where efficiency, simplicity, and interpretability are critical. Furthermore, for smaller corpora
or applications where exact term matching is sufficient, models like TF-IDF and BM25 remain
highly relevant. The simplicity of these models allows for rapid implementation and easy
tuning, making them invaluable tools in a wide range of information retrieval applications.

While term-based retrieval methods such as TF-IDF and BM25 have served as the foun-
dation for many information retrieval systems, recent advancements in the field have shifted
towards models that incorporate deeper semantic understanding. Dense retrieval methods,
which leverage word embeddings and neural networks, represent a significant departure from
these traditional approaches. These methods embed both terms and documents into contin-
uous vector spaces, allowing for more flexible and accurate retrieval by measuring semantic
similarity rather than relying on exact term matching. Models like Dense Passage Retrieval
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(DPR [38, 37, 36]), which are based on pre-trained neural networks, have demonstrated sig-
nificant improvements in retrieval performance, especially for complex queries involving syn-
onyms, polysemy, or other semantic nuances.

4.2. Dense Retrieval Techniques

Dense retrieval models, which leverage dense vector representations of both queries and
documents, have gained significant prominence in the field of information retrieval. These
models are typically powered by deep learning-based methods, which produce continuous
embeddings for text, rather than relying on sparse term-based representations such as TF-
IDF. The transition from sparse retrieval methods to dense retrieval represents a shift towards
capturing the semantic meaning of text, rather than just keyword matching. This move is
particularly beneficial for handling complex queries that involve synonyms, polysemy, and
other linguistic variations. Dense retrieval models, which generally incorporate pre-trained
language models, such as BERT, are designed to provide more flexible, accurate, and context-
aware retrieval.

4.2.1. Dense Passage Retrieval (DPR)

Dense Passage Retrieval (DPR) is a state-of-the-art dense retrieval method that leverages
dense representations of both the query and the document passage. DPR utilizes two separate
neural encoders, one for encoding the query and one for encoding the document passages, both
of which are typically based on transformer architectures. These encoders are trained jointly
to produce vector representations for both queries and passages in a shared embedding space,
allowing for efficient retrieval based on vector similarity.

The core idea behind DPR is to map both queries and passages into the same dense vector
space such that the vector of a query is close to the vectors of the relevant passages. The
model is trained using a contrastive loss function, typically the InfoNCE loss [85, 86, 86],
which encourages the distance between the query vector and the correct passage vector to be
smaller than the distance between the query vector and any irrelevant passage vector. The
loss function can be expressed as

LDPR = − log
exp(sim(q, dpositive))∑

d∈D exp(sim(q, d))
(6)

where sim(q, d) is the cosine similarity between the query vector q and a document passage
vector d, and D is the set of all passages. The model maximizes the similarity between the
query and the correct passage while minimizing the similarity between the query and other
passages.

DPR has demonstrated remarkable success in various information retrieval tasks, partic-
ularly in scenarios that involve large-scale document corpora and complex queries. One of
the primary advantages of DPR is its ability to capture rich semantic relationships between
queries and documents, making it more effective than traditional sparse methods in capturing
the intent behind the query.

However, DPR models require substantial computational resources for training, as they
involve training large neural networks on massive amounts of text data. Moreover, retrieval
during inference can be slow, as it requires calculating the similarity between the query and all
document passages in the corpus, although this can be mitigated by employing approximate
nearest neighbor search techniques.
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4.2.2. BERT-based Dense Retrievers

BERT-based dense retrievers represent a powerful class of models that extend the pre-
trained BERT (Bidirectional Encoder Representations from Transformers) architecture for
information retrieval tasks. Unlike traditional retrieval models, which rely on keyword match-
ing or shallow term frequencies, BERT-based retrievers aim to represent both the query and
the document passages as dense vectors in a continuous vector space. These vectors capture
more sophisticated semantic relationships and contextual information, enabling the retrieval
system to perform better on tasks that involve nuances such as synonyms, polysemy, and
paraphrasing.

A key feature of BERT-based dense retrievers is the fine-tuning of a pre-trained BERT
model on the retrieval task. During this fine-tuning process, the BERT model is trained
to generate embeddings for both queries and documents in such a way that the similarity
between the embeddings of a query and a relevant document is maximized. This fine-tuning
process typically employs a contrastive loss function similar to that used in DPR. The general
formulation for BERT-based retrievers is as follows

LBERT = − log
exp(sim(q, dpositive))∑

d∈D exp(sim(q, d))
(7)

where q and d are the query and document embeddings generated by the BERT model,
respectively, and D represents the set of candidate documents. The loss function ensures that
the query and its relevant document are closer in the embedding space compared to other
non-relevant documents.

While BERT-based retrievers have proven effective, they often face challenges in terms of
computational efficiency and scalability. One solution to mitigate the computational overhead
of BERT is the use of interpolation with BM25, which combines the strengths of dense retrieval
models and traditional sparse retrieval models. BM25, with its efficient and interpretable
scoring mechanism, is used to narrow down the set of candidate documents, which are then
ranked using the dense representations provided by the BERT model. This hybrid approach
improves retrieval speed while maintaining high accuracy in document ranking.

Furthermore, BERT-based retrievers require substantial hardware resources, especially
when dealing with large-scale datasets. In practice, these models often need specialized hard-
ware such as GPUs to enable efficient training and inference.

4.2.3. ColBERT (Contextualized Late Interaction over BERT)

ColBERT, which stands for Contextualized Late Interaction over BERT, represents an
innovative approach that seeks to combine the efficiency of traditional sparse retrieval meth-
ods with the power of dense, context-aware embeddings. The ColBERT approach can be
formulated as

score(q, d) = max
t∈d

sim(q, t) (8)

where t represents a token in the document passage d, and sim(q, t) measures the cosine
similarity between the query q and the token t. The max-pooling operation selects the token
that is most semantically similar to the query, which reduces the number of comparisons that
need to be made, significantly improving retrieval efficiency.

Unlike traditional BERT-based retrieval systems, which perform full interactions between
the query and every document, ColBERT introduces a novel two-phase mechanism, including
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a late interaction between the query and document representations. This approach balances
the need for fine-grained semantic understanding with computational efficiency.

In the first phase, ColBERT generates dense, fixed-length representations for both the
query and document passages using the BERT model. In the second phase, instead of per-
forming expensive, full interactions between the query and all documents, ColBERT applies
a fast interaction technique where the query is compared to a compressed version of the doc-
ument passage, typically by using max-pooling over the token embeddings of the document.
This allows the model to reduce the computational cost significantly while still benefiting from
the rich semantic information contained in the dense embeddings.

ColBERT has shown to be particularly effective in large-scale retrieval tasks, where tradi-
tional full-interaction models like BERT can be prohibitively slow. By applying late interaction
techniques, ColBERT achieves a good trade-off between the high-quality semantic retrieval of
BERT-based models and the computational efficiency of traditional sparse methods. Addi-
tionally, ColBERT can be easily integrated with existing sparse retrieval systems, making it
highly adaptable for real-world applications.

While ColBERT improves efficiency, it still requires substantial training time and resources,
especially when dealing with large-scale document corpora. Moreover, like other dense re-
trieval methods, it benefits from the use of approximate nearest neighbor search techniques
for efficient retrieval during inference.

4.3. Remarks

The evolution from sparse retrieval methods to dense retrieval techniques such as DPR,
BERT-based retrievers, and ColBERT marks a significant leap forward in the field of informa-
tion retrieval. Dense retrieval models provide superior semantic understanding by leveraging
powerful transformer-based models like BERT, enabling more accurate retrieval of relevant
documents. However, they come with trade-offs in terms of computational complexity and
scalability. As retrieval systems continue to evolve, hybrid approaches that combine the ef-
ficiency of sparse methods with the rich semantic representations of dense models are likely
to become the standard. Models like ColBERT, which offer a balance between accuracy and
efficiency, represent an exciting direction for the future of large-scale retrieval tasks.

5. Generator Methodologies

In retrieval-augmented generation (RAG) systems, the generator plays a critical role by
synthesizing final outputs from retrieved evidence. These generators are typically implemented
using large language models (LLMs) capable of producing coherent, contextually appropriate,
and semantically rich responses. This section examines four foundational models, BART,
BERT as a generator, GPT, and T5, analyzing their architectures, generation capabilities,
and theoretical underpinnings within the context of generative NLP.

5.1. BART: Bidirectional and Auto-Regressive Transformer

BART (Bidirectional and Auto-Regressive Transformer) represents a hybrid model archi-
tecture that combines the strengths of both bidirectional and autoregressive training objec-
tives, making it particularly suitable for generation tasks in RAG pipelines. The BART model
follows an encoder-decoder architecture, where the encoder operates in a denoising autoen-
coder setup and the decoder functions autoregressively.
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The training objective of BART centers on reconstructing corrupted inputs. Let x denote
an original sequence and x̃ be its noised version. The model is trained to minimize the negative
log-likelihood of reconstructing x from x̃ using the encoder-decoder pair (E,D), where:

LBART = −
|x|∑
t=1

logP (xt|x<t, E(x̃)) (9)

This formulation allows BART to generalize over a wide range of sequence generation tasks,
including abstractive summarization, translation, and open-domain question answering.

BART’s encoder benefits from deep bidirectional context modeling, similar to BERT, while
its decoder employs autoregressive generation akin to GPT. This dual configuration grants
BART strong performance across both comprehension and generation tasks. In retrieval-
augmented systems, BART excels by conditioning its generation on retrieved documents, using
the encoder to integrate contextual passages and the decoder to generate fluent, informative
answers.

5.2. BERT (Bidirectional Encoder Representations from Transformers)

While BERT was originally conceived as an encoder-only model for representation learning,
various adaptations have enabled its use in generation tasks. BERT’s bidirectional masked
language modeling (MLM) pretraining objective does not inherently support left-to-right gen-
eration, as is standard in autoregressive models. However, it can be repurposed for generation
through techniques such as mask-filling or by serving as an encoder within an encoder-decoder
framework. The pretraining objective of BERT can be formulated as

LMLM = −
∑
i∈M

logP (xi|x\M) (10)

where M is the set of masked positions in the input sequence x. This formulation trains
the model to recover masked tokens using bidirectional context, but does not directly model
sequential dependencies needed for generative output.

To adapt BERT for generation, one common approach involves coupling it with a trans-
former decoder or applying strategies like iterative refinement, where BERT successively refines
partially completed sequences. Another approach is the use of infilling generation, where parts
of the sequence are iteratively predicted, drawing on BERT’s ability to condition on both left
and right context. Despite these efforts, BERT remains more effective as a retriever or encoder
than a standalone generator, especially compared to models natively trained for left-to-right
generation.

5.3. GPT (Generative Pretrained Transformer)

The Generative Pretrained Transformer (GPT) is among the most influential autoregres-
sive language models used for generation in RAG systems. GPT utilizes a unidirectional
transformer decoder architecture, pretrained on large corpora using a causal language mod-
eling (CLM [87, 88, 89]) objective. This architecture enables the model to predict the next
token in a sequence, making it naturally aligned with text generation tasks.

Formally, the GPT training objective minimizes the negative log-likelihood of the next
token given the preceding context:

LGPT = −
|x|∑
t=1

logP (xt|x<t) (11)
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This autoregressive nature allows GPT to model long-range dependencies and produce coher-
ent, sequentially logical text outputs. Unlike bidirectional models, GPT does not condition
on future context during generation, which makes it particularly suitable for real-time, incre-
mental generation in applications such as dialogue systems and question answering.

GPT’s ability to generalize across diverse generative tasks stems from its unsupervised
pretraining over a vast range of internet-scale data. In RAG frameworks, GPT serves as a
generator that conditions its output on retrieved documents, often concatenated with the user
query. This capacity is further enhanced by fine-tuning or prompt engineering techniques that
steer GPT’s responses based on the structure and intent of the task.

The latest versions of GPT, such as GPT-3 and GPT-4, are equipped with few-shot and
zero-shot capabilities, enabling them to adapt to new generation tasks without explicit train-
ing. Their autoregressive architecture and massive parameter count allow them to serve as
universal generators across various domains and downstream applications.

5.4. T5 (Text-to-Text Transfer Transformer)

The T5 (Text-to-Text Transfer Transformer) model reframes all natural language process-
ing tasks into a unified text-to-text format, including both inputs and outputs as text strings.
This architectural design allows T5 to handle classification, summarization, translation, and
generation uniformly under a single framework. T5 uses a standard encoder-decoder trans-
former architecture and is pretrained on a denoising objective similar to that of BART.

The training loss for T5 is based on a span corruption task. Given an input text sequence
x, spans of tokens are randomly masked and replaced with sentinel tokens. The model then
learns to reconstruct the missing spans, which is formulated as

LT5 = −
|y|∑
t=1

logP (yt|y<t, E(x̃)) (12)

in which E(x̃) denotes the encoding of the corrupted input and y is the target sequence that
reconstructs the masked spans. This objective trains T5 to produce semantically meaningful
and contextually appropriate sequences conditioned on partial inputs.

T5’s text-to-text formulation simplifies the development and deployment of NLP pipelines
by converting disparate tasks into a common format. In generative retrieval systems, T5 acts
as a powerful generator that can ingest retrieved evidence and user prompts and synthesize
detailed responses that are coherent and task-specific.

Variants such as Sentence-T5 have been developed to further improve performance on
sentence-level generation and ranking tasks. These variants modify the pretraining or fine-
tuning regimes to produce better representations for sentence matching and generation.

T5’s flexibility, combined with its competitive performance across benchmarks, makes it
one of the versatile generators in retrieval-augmented generation. Its encoder-decoder archi-
tecture enables deep conditioning on retrieved evidence, and its pretraining objective equips
it with a robust understanding of syntax and semantics across a wide range of contexts.

6. RAG Extensions

6.1. Open-Domain Question Answering

Open-domain question answering (QA) represents a foundational application area for
retrieval-augmented generation, where models are tasked with answering arbitrary questions
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by accessing a large unstructured corpus rather than relying solely on internal parametric
knowledge. Traditional language models often struggle with factual consistency in this set-
ting due to their inability to update knowledge dynamically. RAG-based approaches mitigate
this by grounding generated answers in retrieved documents, thereby combining parametric
fluency with non-parametric factual access.

Formally, let q denote a user query. A retriever R(q) returns a set of candidate passages
{pi}ki=1, and a generator G synthesizes the final answer a based on q and {pi}, optimizing:

a = arg max
a′

P (a′|q, {pi}ki=1) (13)

This design has demonstrated significant improvements on established benchmarks such as
Natural Questions [41] and WebQuestions [42], where the factual grounding provided by the re-
trieval component enables superior precision and recall. Early contributions to this paradigm,
including work by [25, 26], helped solidify the structure of retrieval-based QA pipelines, em-
phasizing the separation of retrieval and generation as distinct yet complementary stages.

6.2. DrQA

DrQA, one of the earliest modern implementations of retrieval-augmented QA, established
a clear modular separation between document retrieval and machine reading comprehension.
As a Retrieval-Then-Read Framework, it retrieves relevant documents using a TF-IDF based
retriever and subsequently feeds them into a neural reader trained to extract answer spans.
The architecture is formally decomposed as follows: given a question q, retrieve documents
D = R(q), and then extract an answer span a ∈ D by maximizing P (a|D, q).

The reader in DrQA is typically a neural model such as a bi-directional LSTM or a trans-
former trained using supervised span extraction objectives on datasets like SQuAD [90, 91, 92].
This pipeline significantly improved performance on datasets requiring large knowledge bases,
such as CoQA [28, 93] and the original SQuAD. While the retrieval component remains rel-
atively naive compared to dense retrievers, the pipeline’s simplicity and modularity set the
foundation for subsequent RAG innovations.

6.3. RAG with Feedback Loops

Recent enhancements to the RAG framework incorporate feedback mechanisms that allow
information to flow from the generator back to the retriever. This interaction is motivated
by the observation that initial retrievals may not be optimal for answer generation, and the
generator’s contextual needs can guide more informed second-stage retrieval.

One such extension is the Fusion-in-Decoder (FiD [43, 44, 94]) architecture, which processes
multiple retrieved passages jointly within a single decoder. In contrast to early-fusion methods
that concatenate passages before encoding, FiD encodes each passage independently using a
shared encoder and performs late fusion at the decoding stage. This architectural choice
preserves the distinct semantic contributions of each passage while enabling the decoder to
attend globally across all encoded inputs.

Formally, let q denote the input query and {p1, p2, . . . , pk} be the top-k retrieved passages.
Each passage pi is encoded independently to produce a contextual representation E(pi). The
decoder is then conditioned jointly on the query and the encoded passages to generate the
final answer. Let a′ denote a candidate answer sequence and a be the optimal output. The
model maximizes the conditional probability

a = arg max
a′

P (a′ | q, E(p1), . . . , E(pk)) (14)
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Figure 8: Fusion in Decoder Logic Flow

in which a represents the generated answer that maximizes the likelihood under the model
given the query and the encoded representations of the retrieved passages. The formulation
reflects the autoregressive decoding objective typical of sequence-to-sequence models, while
the fusion mechanism in the decoder ensures that evidence from multiple passages is jointly
leveraged without interference at the encoder stage.

Figure 8 presents the architecture of the Fusion-in-Decoder (FiD) model, a representative
late-interaction framework in retrieval-augmented generation. The process begins with a re-
triever module that selects the top-k relevant passages {p1, p2, . . . , pk} corresponding to the
input query q. Each passage pi is then independently encoded by a shared encoder, yielding
a contextual embedding E(pi). This independent encoding strategy preserves the semantic
fidelity of each passage and prevents early-stage interference among retrieved documents, in
contrast to early-fusion approaches that concatenate passages prior to encoding.

Following the encoding stage, the decoder is jointly conditioned on the query and the set of
encoded passages. The fusion of information from multiple sources is deferred to the decoding
phase, allowing the decoder to attend over the entire collection of encoded passages simul-
taneously. This late fusion mechanism enhances the model’s capacity to aggregate evidence
across disjoint or partially overlapping information sources. Formally, the decoder generates
the most probable answer a by solving the optimization objective (14) where a′ ranges over
all candidate output sequences.

This formulation follows the autoregressive sequence generation paradigm, where the de-
coder incrementally generates the answer token-by-token based on the conditional probability
distribution. The FiD architecture is particularly advantageous for multi-hop reasoning and
open-domain question answering, as it allows for fine-grained, token-level integration of re-
trieved content during generation, thus effectively capturing long-range dependencies across
passages.

In parallel, RAG-Fusion introduces a bidirectional interaction between retrieval and gener-
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Figure 9: RAG Fusion Logic Flow

ation stages [45, 46]. The initial generation result informs retrieval reranking or reformulation,
creating a feedback loop that refines the relevance of retrieved content. This feedback-enhanced
retrieval operates under the assumption that generation-aware signals (e.g., confidence scores
or attention weights) can indicate retrieval deficiencies. These techniques have shown promise
in refining retrieval granularity, particularly when answer evidence is diffuse or implicitly ex-
pressed.

Figure 9 illustrates the component-level architecture of RAG-Fusion, an extension of the
standard RAG framework that introduces bidirectional interaction between the retriever and
generator. Its feedback-enhanced retrieval shows that the initial generation informs a sec-
ondary retrieval phase that is more aligned with generation requirements. The process begins
with a user query q, which is passed to an initial retriever that fetches a set of top-k passages.
These passages are then encoded and fed into the generator, which produces an initial response
a′.

Unlike traditional RAG pipelines, RAG-Fusion includes a feedback module that evaluates
the quality of the initial generation. This module extracts generator-informed signals, such as
attention weights, confidence scores, or token-level entropy, which are indicative of generation
uncertainty or retrieval insufficiency. These signals are used to drive a secondary retrieval
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process through reranking or query reformulation, thereby producing a refined set of passages
that better align with the generative intent.

The revised passages are re-encoded and passed back into the generator, which then pro-
duces the final answer a. This iterative feedback loop allows the system to condition retrieval
on partial decoding outputs, effectively closing the retrieval-generation loop and improving
the relevance and coherence of the final response. This architecture is particularly advanta-
geous when the answer spans multiple documents or when the information required is implicit,
distributed, or requires higher-order reasoning.

The feedback loop also introduces new optimization challenges. For example, feedback
signals must be carefully designed to be informative and stable, as noisy gradients or poorly
calibrated confidence scores can degrade reranking. Nevertheless, empirical studies [45, 46]
suggest that such feedback mechanisms substantially enhance retrieval granularity and down-
stream generation quality in complex, open-domain QA settings.

6.4. Hybrid and Feedback-Enhanced Retrieval Mechanisms

Beyond linear retrieval-generation pipelines, recent work has explored hybrid systems that
integrate sparse and dense retrieval or introduce reranking modules for relevance optimization.
These approaches seek to leverage the complementary strengths of different retrieval signals
while enhancing the precision of evidence selection.

For instance, a hybrid retriever may initially combine BM25 with a dense retriever (e.g.,
DPR) using score interpolation or weighted fusion. Once candidate passages are retrieved,
a reranker model, often based on a cross-encoder, is applied to refine the top-k selection by
re-evaluating the semantic fit between the query and each passage:

si = freranker(q, pi) (15)

where si is a relevance score and f is a transformer-based scoring function. This reranking
step has demonstrated substantial improvements in both precision@1 and answer exact match
metrics, as shown in [56, 57].

Further complexity is introduced by hierarchical retrieval models, which first identify
coarse-level clusters or topics before performing fine-grained retrieval within selected parti-
tions. This two-stage hierarchical architecture reduces search space while maintaining high
recall, and it is mathematically modeled as optimizing:

cluster(q) → top-k(pi ∈ Cq) (16)

where Cq is the relevant cluster for query q, and passages pi are selected from within Cq. The
use of hierarchical encodings further improves the model’s efficiency and scalability on large
corpora, as explored in [58, 59, 60].

6.5. Multi-Hop and Conversational RAG

Traditional retrieval-augmented models often assume that a single passage contains suffi-
cient information to answer a query. However, real-world queries may require reasoning across
multiple documents or adapting to multi-turn conversational history. Multi-hop RAG archi-
tectures extend the standard paradigm by enabling sequential retrieval steps, where each step
conditions on previously retrieved content. Let R(1)(q) be the initial retrieval and R(2)(q, p1) be
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a second-hop retrieval conditioned on the first passage p1. The final answer is then generated
by:

a = G(q, R(1)(q), R(2)(q, R(1)(q))) (17)

Such architectures allow the model to aggregate and reason over distributed evidence, essential
for answering questions that require logical inference or synthesis from multiple sources.

Conversational RAG further generalizes the architecture to handle dialogue systems where
the query q evolves over time as a function of conversation history ht. The model retrieves
based on ht ∪ qt, adapting the retrieval strategy dynamically to follow the evolving discourse
context. This framework is particularly effective for customer support, task-oriented dialogue,
and information-seeking interactions that span multiple conversational turns.

7. Evaluation Metrics

Evaluating Retrieval-Augmented Generation (RAG) systems demands a multifaceted ap-
proach that incorporates both traditional natural language generation metrics and retrieval-
specific diagnostics. A comprehensive evaluation must assess the factual correctness, linguistic
quality, and retrieval alignment of generated responses. This section provides an in-depth
analysis of the principal evaluation metrics used in the literature.

7.1. Exact Match

The Exact Match (EM) metric evaluates whether the generated answer is textually iden-
tical to a ground-truth reference answer. Formally, let apred be the predicted answer and agold
be the gold standard. The EM score is defined as:

EM(apred, agold) =

{
1 if apred = agold

0 otherwise
(18)

The overall EM score is then the mean across all examples in the evaluation set. EM is partic-
ularly suitable for factoid-style question answering where responses must be precise. However,
it tends to be overly strict in the presence of minor linguistic variations or paraphrasing,
thereby underestimating the model’s true semantic accuracy.

7.2. F1 Score (QA Quality)

To capture partial correctness and semantic overlap, the F1 score is frequently employed in
RAG-based QA systems. It computes the harmonic mean of precision and recall at the token
level. Let Tpred and Tgold denote the sets of tokens in the predicted and reference answers,
respectively. Then:

Precision =
|Tpred ∩ Tgold|

|Tpred|
, Recall =

|Tpred ∩ Tgold|
|Tgold|

(19)

F1 =
2 · Precision · Recall

Precision + Recall
(20)

F1 provides a more forgiving assessment than EM and is thus better aligned with human
judgments, particularly in open-ended generation settings where multiple correct answers may
exist.
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7.3. BLEU and ROUGE (Generation Fluency)

For evaluating the fluency and stylistic similarity of generated content relative to reference
texts, BLEU [95, 96, 97] and ROUGE [98, 99, 100] scores are widely adopted. The BLEU
score measures n-gram precision between the generated and reference texts, typically up to
four-grams, and penalizes overly short outputs via a brevity penalty:

BLEU = BP · exp

(
4∑

n=1

wn log pn

)
(21)

where pn is the modified precision for n-grams and wn are uniform weights.
The Brevity Penalty (BP) in the BLEU metric is introduced to penalize translations that

are shorter than the reference, which could otherwise achieve artificially high precision scores.
The penalty is defined by the following equation:

BP =

{
1 if c > r

exp
(
1 − r

c

)
if c ≤ r

(22)

in which c denotes the total length of the candidate translation, measured in tokens. The
variable r represents the effective reference length, which is typically chosen as the length of the
reference sentence that is closest in length to the candidate. When the candidate is longer than
the reference, the brevity penalty is set to 1, meaning no penalty is applied. However, if the
candidate is shorter, the penalty decreases the overall BLEU score exponentially, with greater
penalties for greater length disparities. This formulation ensures that generated translations
are not only precise in terms of local n-gram matches, but also adequate in length, encouraging
complete and fluent outputs.

In contrast, ROUGE, particularly ROUGE-L, is based on recall of longest common subse-
quences (LCS), which better captures phrasal alignment and is more robust to free-form para-
phrasing. ROUGE-L (Recall-Oriented Understudy for Gisting Evaluation – Longest Common
Subsequence) is a widely used evaluation metric that captures phrasal and sequential overlap
between a generated text and a reference text. Unlike precision-based n-gram metrics such as
BLEU, ROUGE-L relies on the Longest Common Subsequence (LCS), making it more tolerant
to free-form paraphrasing and syntactic variation. It is especially suitable for tasks such as
summarization and response generation in retrieval-augmented generation (RAG) frameworks,
where lexical variety is common.

Let X = x1, x2, . . . , xm be the sequence of tokens in the reference text and Y = y1, y2, . . . , yn
be the sequence of tokens in the candidate (generated) text. The Longest Common Subse-
quence (LCS) between X and Y is the longest sequence of tokens that appears in both X and
Y in the same order, but not necessarily contiguously.

Define LCS(X, Y ) as the length of the longest common subsequence. The recall-oriented
ROUGE-L metric is computed using the following formula

ROUGE-Lrecall =
LCS(X, Y )

m
(23)

Similarly, a precision-oriented version can be expressed as

ROUGE-Lprecision =
LCS(X, Y )

n
(24)
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To obtain a balanced score that accounts for both recall and precision, the F-measure (or
F1 score) of ROUGE-L is used

ROUGE-LF1 =
(1 + β2) · ROUGE-Lprecision · ROUGE-Lrecall

ROUGE-Lprecision + β2 · ROUGE-Lrecall

(25)

where β is a parameter that determines the relative importance of recall versus precision. In
most implementations, β = 1 is used, giving equal weight to both.

The use of LCS in ROUGE-L allows it to align phrasal structures across reference and
candidate texts even when they are not exact matches in contiguous spans. This feature
makes ROUGE-L particularly well-suited for evaluating the fluency and coverage of RAG-
generated responses, which often involve varied and paraphrased expressions that cannot be
effectively captured by exact matching methods alone.

While these metrics were originally developed for machine translation and summarization,
they remain useful proxies for output fluency and lexical overlap in RAG-generated responses.

7.4. Recall@k (Retrieval Accuracy)
Since retrieval constitutes a critical sub-component of RAG, retrieval accuracy must be in-

dependently evaluated. Recall@k measures whether the relevant document appears among the
top k retrieved results for a given query. If Dgold is the ground-truth evidence and {D1, . . . , Dk}
are the top-k retrieved passages, then:

Recall@k =

{
1 if Dgold ∈ {D1, . . . , Dk}
0 otherwise

(26)

Averaging this indicator across a dataset yields the overall recall. High Recall@k is a pre-
requisite for downstream answer correctness in RAG pipelines and provides insight into the
retriever’s capacity to localize supporting evidence.

7.5. Groundedness
Groundedness refers to the degree to which generated content is supported by retrieved

documents. This metric is crucial in preventing hallucination, where the model generates
fluent but fabricated content. Formally, for a generated response a and retrieved set {pi},
groundedness can be defined as a binary or probabilistic measure of whether all factual claims
in a are entailed by {pi}. Evaluating groundedness typically involves human annotation or
automatic methods such as natural language inference (NLI [101, 102, 103, 104]) or entailment
scoring [105, 106, 107]. Groundedness metrics are essential for high-stakes applications like
medical or legal QA, where factual alignment is paramount.

7.6. Latency and Cost
In addition to quality metrics, RAG systems are often evaluated on efficiency metrics

such as inference latency and computational cost. Let Tret and Tgen denote the time spent in
retrieval and generation respectively. The total latency Ttotal is given by:

Ttotal = Tret + Tgen (27)

In scenarios requiring real-time interaction, such as dialogue systems or search interfaces,
reducing Ttotal is critical. Moreover, computational cost, often measured in FLOPs or GPU-
hours, becomes a limiting factor in large-scale deployment. Trade-offs between retrieval depth,
generation complexity, and system throughput must be carefully balanced to meet practical
constraints without compromising output quality.
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7.7. Comparative Analysis of Evaluation Metrics

The performance of Retrieval-Augmented Generation (RAG) systems is inherently mul-
tifaceted, requiring evaluation across both the retrieval and generation stages. Each metric
employed in this context reflects a different axis of system behavior, and understanding their
complementary roles is essential for robust benchmarking and system development.

The Exact Match (EM) metric provides a binary assessment of correctness, marking a
prediction as valid only if it exactly matches the ground-truth answer. While this strictness
ensures high precision for factoid-style queries, it often penalizes semantically correct para-
phrases or alternative surface forms, especially in natural language generation. In contrast,
the F1 score softens this rigidity by accounting for the degree of token overlap between the
generated and reference answers. This makes it more suit able for evaluating responses with
partial correctness, particularly in QA settings with longer or multi-token answers.

Metrics such as BLEU and ROUGE offer insights into linguistic fluency and stylistic
fidelity. BLEU emphasizes precision by measuring n-gram overlap, often favoring shorter an-
swers, whereas ROUGE, especially ROUGE-L, captures sequence-level recall, better aligning
with longer summarizations. However, both metrics fall short in assessing factual consistency
or grounding, making them less informative in scenarios where truthfulness is critical.

Retrieval quality is assessed via Recall@k, which verifies whether the relevant passage ap-
pears within the top-k retrieved documents. While essential for diagnosing retriever effective-
ness, this metric does not reflect how the generator utilizes the retrieved content. Moreover,
high recall does not guarantee the generation of accurate answers, particularly in noisy retrieval
scenarios.

The notion of groundedness has emerged as a vital metric for RAG systems, especially in
mitigating hallucination and ensuring factual reliability. Groundedness quantifies the align-
ment between generated content and retrieved evidence, typically through human judgment
or entailment models. However, this metric is inherently subjective and often lacks robust,
fully automated implementations.

From a systems perspective, latency and computational cost are indispensable for eval-
uating deployment feasibility. These metrics do not assess correctness but are essential in
balancing retrieval depth, passage reranking, and decoder complexity for scalable inference.

Table 1 summarizes these metrics across several key dimensions, including what they mea-
sure, their strengths, known limitations, and typical application contexts.

As evident in Table 1, no single metric provides a complete picture of system performance.
Therefore, comprehensive RAG evaluation typically involves a combination of these metrics
to balance correctness, fluency, retrieval relevance, and operational feasibility. For instance,
high Recall@k must be complemented by groundedness and F1 to ensure that the retrieved
documents are not only relevant but are also used effectively in generating accurate and faithful
responses. Similarly, latency metrics must be considered in production systems where response
time is a critical factor alongside model quality.

8. Applications

The deployment of Retrieval-Augmented Generation (RAG) architectures has expanded
rapidly across diverse domains, each presenting unique challenges in reliability, factual ground-
ing, and domain-specific reasoning. These applications share a core dependence on accurate
retrieval of contextually appropriate information, yet the nature of this retrieval, as well as
the standards of adequacy, varies considerably depending on the target domain.
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Table 1: Comparison on Evaluation Metrics in RAG Systems

Metric Aspect Mea-
sured

Strengths Limitations Typical Use
Case

Exact Match
(EM)

Answer cor-
rectness (bi-
nary)

High precision, in-
terpretable

Penalizes para-
phrases, no partial
credit

Short-answer
QA, factoid
datasets

F1 Score Token-level
overlap

Partial credit, bet-
ter recall than EM

Sensitive to word
order, lacks seman-
tics

Passage-level
QA, extractive
answers

BLEU /
ROUGE

Fluency and
lexical similar-
ity

Measures surface
fluency, widely
adopted

Ignores factual
correctness, shal-
low overlap

Summarization,
paraphrase gen-
eration

Recall@k Retrieval accu-
racy

Captures retriever
effectiveness, easy
to compute

No insight into
generator behavior

Retriever diag-
nostics, pipeline
tuning

Groundedness Factual sup-
port from
retrieved evi-
dence

Evaluates halluci-
nation, fact align-
ment

Often needs human
or entailment mod-
els

Trustworthy
generation,
knowledge-
intensive tasks

Latency / Cost Runtime and
inference cost

Reflects system ef-
ficiency

Not task-specific,
ignores semantic
quality

Production
deployment,
efficiency bench-
marking

8.1. Enterprise Search Assistants

In enterprise environments, large-scale systems with Retrieval have redefined the paradigm
of internal knowledge access [108, 109, 110]. These systems serve as search assistants capable
of surfacing proprietary content, technical documentation, and operational data in response
to natural language queries. The primary concern in this setting revolves around the faith-
ful grounding of generated content in structured knowledge bases and internal documenta-
tion [111, 112, 113]. Enterprises typically demand high reliability and low hallucination rates,
as generated outputs can influence decision-making processes at scale. The sensitivity of en-
terprise data also introduces constraints on retrieval scope, emphasizing the need for secure
indexing, fine-grained access control, and robust query reformulation techniques that are aware
of organizational context.

8.2. Academic Research Assistants

RAG systems have found increasing utility in the domain of academic research [114, 115,
116]. These systems aim to assist researchers by summarizing articles, extracting claims,
identifying citations, and proposing relevant literature. The scientific setting presents partic-
ular challenges due to the domain-specific terminology, evolving conceptual frameworks, and
the requirement for epistemic humility in generated answers. Studies have highlighted risks of
misrepresentation, oversimplification, or hallucinated citations when domain-adapted retrieval
fails to retrieve sufficiently precise evidence [16, 17, 18]. Moreover, the dynamic and iterative
nature of research inquiry demands flexible retrieval strategies that can evolve over the course
of exploratory search and hypothesis refinement.
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8.3. Legal QA

Legal question answering is a domain where precision and precedent are paramount [117,
118, 119]. RAG systems in this context are tasked with retrieving relevant statutes, case law, or
legal commentary and generating reasoned summaries or argument structures [120, 121, 122].
Unlike general-domain QA, legal systems must conform to jurisdiction-specific constraints and
preserve legal logic in output generation [123, 124, 125]. Recent work has identified the chal-
lenges of maintaining logical consistency, accurate referencing, and non-biased interpretation
of ambiguous legal text [14, 15, 120, 121, 124, 125]. Additionally, RAG models in this space
must handle documents with complex structure and interpretive ambiguity, raising the bar for
both retrieval granularity and generative reasoning fidelity.

8.4. Healthcare QA

In clinical and healthcare contexts, RAG systems have been explored for use in sup-
porting medical decision-making, patient education, and summarization of electronic health
records [126, 127, 128, 129]. However, the potential consequences of misinformation are pro-
found [130, 131, 132]. Generation must be not only factually grounded but also calibrated
to reflect clinical uncertainty, guideline variability, and patient-specific nuances [19, 20, 21].
Furthermore, the retrieval component must effectively navigate structured sources such as
SNOMED [133, 134, 135], UMLS [136, 137, 138], or clinical trial databases [139, 140, 141],
while also incorporating unstructured clinical narratives. The intersection of domain exper-
tise, ethical safety constraints, and the need for transparent traceability makes healthcare QA
one of the most demanding applications of RAG in terms of both precision and accountability.

8.5. Customer Support Chatbots

In customer service, RAG-based chatbots are used to provide automated support across
a wide range of industries [142, 143, 144]. These systems typically retrieve FAQ articles,
support documentation, or account-specific data to answer user queries. The primary technical
challenge lies in optimizing retrieval for high coverage while preserving domain alignment, such
that generated responses remain fluent and helpful without introducing false commitments.
Customer-facing systems are often evaluated not only by technical correctness but also by
measures of user satisfaction and perceived responsiveness, which can be strongly influenced
by generation fluency and latency. This application benefits greatly from retriever fine-tuning
on historical ticket data and multi-turn conversational grounding.

8.6. Code Generation and Documentation Systems

RAG systems are increasingly integrated into programming assistants and development
tools, where they support tasks such as code completion, bug explanation, and documentation
synthesis [145, 146, 147, 148]. In such systems, retrieval typically sources from large corpora
of open-source code or API documentation. The success of generation depends critically on
accurately identifying relevant functions, usage patterns, and edge-case behaviors. A major
concern in this context is the generation of insecure or deprecated code due to poor retrieval
or model hallucination. Effective systems must therefore integrate retrieval with static or
dynamic code analysis pipelines, ensuring syntactic correctness and semantic robustness. This
domain exemplifies the synergy between symbolic and neural reasoning, with retrieval acting
as a bridge between learned representations and formal code semantics.

Across these applications, RAG continues to evolve toward more adaptive and domain-
aware paradigms. The increasing use of hybrid retrievers, iterative feedback mechanisms,
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and retriever-generator co-training reflects a broader shift toward retrieval systems that are
sensitive not only to input queries but also to generation objectives and contextual demands.
The integration of such techniques is essential to meet the varying standards of truthfulness,
utility, and interpretability demanded by high-stakes real-world deployments.

9. Challenges, Limitations, and System Constraints

Despite the substantial advances introduced by Retrieval-Augmented Generation (RAG)
frameworks, their deployment in real-world settings is accompanied by a host of architec-
tural and epistemic challenges. These arise both from the hybrid dual-stage nature of RAG,
comprising a retriever and a generator, and from the underlying constraints inherited from
large language models (LLMs). In what follows, we examine key limitations associated with
latency, context management, factual consistency, temporal knowledge stability, and system
scalability.

9.1. Latency

One of the most fundamental challenges in RAG is latency [149, 50]. Unlike end-to-end
parametric models that generate responses directly from internal representations, RAG sys-
tems require an initial retrieval stage to surface relevant textual evidence before generation
can proceed. This dual-stage pipeline introduces non-trivial delays, particularly when retrieval
must search across large document indices or invoke re-ranking heuristics. Moreover, latency
compounds under high-concurrency settings, affecting user experience and system through-
put. Recent work has sought to quantify and mitigate this overhead by proposing compressed
retrieval pipelines, caching mechanisms, and retriever acceleration strategies [49, 50, 51]. Nev-
ertheless, in latency-sensitive domains such as real-time dialogue systems or customer service
chatbots, achieving optimal trade-offs between retrieval quality and system responsiveness
remains an unresolved tension.

9.2. Context Selection

Another critical bottleneck in RAG performance lies in the selection and ingestion of
contextual evidence [150, 151, 152]. Since LLMs have limited input lengths, not all retrieved
documents can be passed into the generator, which necessitates aggressive filtering or ranking
of candidate passages. However, if irrelevant or marginally related documents are included,
they can distract the generator or anchor it to spurious content, thereby degrading response
quality. Conversely, excluding key passages risks omitting necessary evidence. This challenge is
exacerbated in tasks involving long documents, overlapping evidence, or ambiguous queries [55,
50]. Furthermore, due to fixed token constraints, truncation or compression strategies may
distort meaning, undermining the model’s ability to generate faithful and coherent responses.
Thus, context selection is not merely a retrieval task but a delicate optimization problem
involving informativeness, relevance, and budget-aware encoding.

9.3. Factual Consistency

While RAG is designed to mitigate hallucination by grounding generation in external doc-
uments, factual inconsistency remains a persistent issue [153, 154, 155]. Even when relevant
evidence is retrieved, the generator may ignore it, misinterpret it, or hallucinate unsupported
content, particularly when retrieval is noisy or sparse. This disconnect arises in part because
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the generator is still a large autoregressive model trained to maximize likelihood, not necessar-
ily factual accuracy. Generator-level hallucination has been linked to model overconfidence,
exposure bias, and poor calibration [52, 53, 54]. Furthermore, when irrelevant or contradictory
evidence is retrieved, it can actively degrade generation quality, leading to confident but incor-
rect responses. Ensuring factual consistency thus requires not only effective retrieval but also
alignment between retrieved content and generation focus. Approaches such as answer-aware
re-ranking and confidence-controlled decoding are being explored to mitigate these issues.

9.4. Knowledge Drift

A further limitation arises from the temporal stasis of RAG’s retrieval corpus [156, 157,
158]. If the document index is not regularly updated, the retrieved evidence may become out-
dated, introducing knowledge drift into generated responses. This is particularly problematic
for domains that evolve rapidly, such as law, medicine, or technology. Even if the genera-
tor is capable of producing fluent and coherent answers, the absence of temporally relevant
grounding can result in outdated, misleading, or unsafe outputs. Static corpora, by design,
cannot reflect emergent facts or corrections, and continual index maintenance becomes both
a technical and operational burden. This constraint has renewed interest in hybrid systems
that combine fixed retrieval indices with online, dynamic sources or crowd-sourced updates.

9.5. Limitations of Parametric LLMs

RAG architectures were originally motivated in part by the limitations of parametric
language models, particularly their inability to access knowledge not seen during pretrain-
ing [159, 160]. Closed-book models are known to hallucinate plausible-sounding but factually
incorrect content, especially when queried on rare or specialized topics [11, 12, 13]. By ex-
ternalizing factual knowledge through retrieval, RAG attempts to bridge the gap between
fluency and factuality. Nevertheless, these parametric limitations persist in the generation
module, which remains susceptible to hallucination even when retrieval is correct. Therefore,
the retrieval component serves not as a silver bullet but as a necessary corrective mechanism
to augment and constrain the generation process.

9.6. Scalability

Scalability is another major concern for RAG deployment, particularly when document
indices grow to billions of passages [161, 162]. The computational cost of indexing, updating,
and querying such large-scale corpora imposes significant burdens on memory, storage, and
retrieval latency. Techniques such as approximate nearest neighbor search (ANNS [163, 164,
165]) and inverted indexing [166, 167, 168] have been employed to alleviate this burden, but
these often introduce trade-offs between recall and speed. In addition, large-scale RAG systems
must balance retrieval performance with user privacy, index freshness, and compute efficiency.
As the demand for personalized or domain-specific retrieval grows, scalable and adaptive
retriever architectures remain an area of active research.

9.7. Remarks

These challenges highlight that RAG systems, while powerful, inherit both the epistemic
limitations of language models and the infrastructural complexities of large-scale retrieval
systems. Addressing these issues requires a holistic understanding of interaction dynamics
between retrieval and generation, along with practical engineering constraints that govern
latency, scalability, and robustness in real-world applications.
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10. Future Directions

As Retrieval-Augmented Generation (RAG) systems continue to evolve, several promising
research trajectories are emerging that aim to enhance the adaptability, expressiveness, and
contextual richness of RAG-based architectures. These directions reflect both the growing
demand for domain-specific intelligence and the limitations of current systems in handling
dynamic, multimodal, and low-resource environments.

10.1. Personalized RAG

One prominent direction involves the development of personalized RAG systems, which
tailor retrieval and generation to individual user profiles [169, 170, 171]. In contrast to generic
retrieval, personalized RAG dynamically conditions the retriever on user history, preferences,
or contextual metadata to surface documents that are not just relevant to the query but
also aligned with the user’s intent and prior knowledge. This necessitates modeling users
as probabilistic entities and incorporating long-term user representations into the retrieval
stage. Challenges remain in preserving privacy and avoiding bias propagation, yet the poten-
tial benefits are substantial, particularly for recommendation, education, and personal digital
assistants.

10.2. Multimodal RAG

Another major advancement lies in extending RAG beyond text to accommodate multi-
modal inputs, including images, tables, and videos. Multimodal RAG aims to enable systems
that can retrieve from heterogeneous content repositories and generate coherent outputs that
blend textual and non-textual information [172, 173, 174]. This introduces architectural com-
plexities in both encoding and fusion stages, as each modality requires distinct embedding
strategies and cross-attention mechanisms. For instance, integrating vision-language mod-
els with textual retrievers demands alignment in representation space and careful co-training
protocols. Nevertheless, this direction opens critical applications in document understanding,
scientific question answering, and medical diagnostics where visual information plays a central
role.

10.3. Structured–Unstructured Fusion

A third frontier is the integration of structured data sources, such as relational databases,
SQL queries, and knowledge graphs, into the retrieval process, alongside traditional unstruc-
tured corpora. Structured–unstructured fusion enables systems to combine precise, symbolic
reasoning with rich contextual grounding [175, 176, 177]. One challenge is designing retrieval
mechanisms that can navigate both structured triples and raw textual passages under a unified
query representation. Moreover, the fusion of retrieved outputs demands careful calibration be-
tween factual correctness from structured data and contextual elaboration from unstructured
sources. This hybrid setup is particularly compelling for complex decision-support systems in
domains like finance, law, and enterprise knowledge management.

10.4. Low-Resource and Multilingual RAG

RAG models are typically data-hungry and tuned on English-centric corpora, limiting their
effectiveness in low-resource [178, 179, 180] and/or multilingual settings [181, 182, 183]. Ex-
panding RAG to underrepresented languages requires innovations in cross-lingual retrieval,
translation-augmented pretraining, and transfer learning. Dual-encoder architectures with
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shared multilingual embeddings or alignment-based retrieval offer promising avenues. Fur-
thermore, low-resource domains may lack large-scale corpora for both retrieval and generation,
necessitating data augmentation techniques or synthetic corpus creation. The challenge is to
maintain retrieval relevance and generation fluency across linguistically diverse and under-
documented contexts.

10.5. Dynamic Indexing and Continual Learning

Traditional RAG systems rely on static document indices, which struggle to capture emerg-
ing knowledge or adapt to evolving corpora. Future RAG models must incorporate dynamic
indexing and continual learning mechanisms that allow for real-time document ingestion, en-
tity updates, and retrieval adaptation [184, 185, 186]. This may include streaming retrieval
models [187, 188] that can incrementally update embeddings and data structures, as well
as retrieval-aware lifelong learning strategies that prevent catastrophic forgetting. Such ca-
pabilities are essential for applications requiring up-to-date factual grounding, such as news
summarization, crisis monitoring, and scientific discovery.

10.6. Remarks

The future of RAG lies in its ability to become more adaptive, inclusive, and semanti-
cally expressive. Advancements in personalization, multimodality, hybrid data integration,
linguistic inclusivity, and dynamic adaptability are poised to shape the next generation of
retrieval-augmented systems. These directions not only address existing limitations but also
open new research landscapes for intelligent and context-aware generation.

11. Conclusion

This review has systematically examined the landscape of Retrieval-Augmented Generation
(RAG), covering foundational methodologies, architectural variants, evaluation metrics, ap-
plication domains, system challenges, and promising future directions. Beginning with dense
retrieval techniques such as Dense Passage Retrieval (DPR), BERT-based dense retrievers,
and the contextual late interaction framework of ColBERT, we analyzed the mathematical
formulations and practical implications that underpin effective retrieval in RAG systems. The
survey further explored generator architectures including BART, BERT, GPT, and T5 mod-
els, emphasizing their unique contributions to language generation conditioned on retrieved
evidence.

We discussed critical advancements in hybrid and feedback-enhanced retrieval, highlight-
ing how architectures like Fusion-in-Decoder and RAG-Fusion enable iterative refinement of
retrieved passages informed by generation outputs. The review also addressed evaluation met-
rics ranging from exact match and F1 scores for answer accuracy to fluency metrics such as
BLEU and ROUGE, alongside retrieval-specific measures like Recall@k and groundedness,
providing a nuanced critique of their relative strengths, limitations, and applicability to RAG
performance assessment.

Application-wise, RAG’s impact spans multiple specialized domains including enterprise
search, academic research, legal and healthcare question answering, customer support, and
code generation systems. Each area demands tailored approaches to ensure reliability, inter-
pretability, and domain-specific robustness. Challenges related to latency, scalability, factual
consistency, and knowledge drift were examined with an emphasis on current mitigation strate-
gies and the need for continued innovation.

40



Looking forward, the review outlined future research trajectories such as personalized and
multimodal RAG, structured-unstructured data fusion, multilingual and low-resource adap-
tations, and dynamic indexing with continual learning. These directions reflect the growing
complexity and user-centric demands of real-world AI deployments.

RAG embodies a principled convergence of retrieval and generation that enhances the
factual grounding, contextual relevance, and flexibility of language models. The surveyed
literature collectively demonstrates significant progress toward scalable, interpretable, and
domain-adaptive systems. As foundational models and retrieval techniques continue to evolve,
RAG is poised to remain a cornerstone architecture, driving the next generation of trustworthy,
knowledge-aware artificial intelligence applications.
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[176] Daŕıo Garigliotti. Explainable llm-powered rag to tackle tasks in the unstructured-
structured data spectrum. 2023.

[177] Jiaan Wang, Fandong Meng, Yingxue Zhang, and Jie Zhou. Retrieval-augmented ma-
chine translation with unstructured knowledge. arXiv preprint arXiv:2412.04342, 2024.

[178] Berhanu Bogale, Tesfa Tegegne, Solomon Teferra, and Gebeyehu Belay. Rag based qa
for low resource languages. 2024.

[179] Mitha Alshammary, Md Nahiyan Uddin, and Latifur Khan. Rfpg: Question-answering
from low-resource language (arabic) texts using factually aware rag. In 2024 IEEE
10th International Conference on Collaboration and Internet Computing (CIC), pages
107–116. IEEE, 2024.

[180] Chen-Chi Chang, Chong-Fu Li, Chu-Hsuan Lee, and Hung-Shin Lee. Enhancing low-
resource minority language translation with llms and retrieval-augmented generation for
cultural nuances. arXiv preprint arXiv:2505.10829, 2025.
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