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Abstract: Retrieval-Augmented Generation (RAG) enhances the capabilities of Large Language Mod-

els (LLMs) by integrating external knowledge retrieval into the generation pipeline, enabling responses 

that are grounded, adaptive, and up to date. While RAG can improve factual accuracy compared to 

models relying solely on pre-trained data, its effectiveness in practice depends strongly on the quality, 

relevance, and interpretability of retrieved context, and does not eliminate hallucinations entirely. Re-

cent architectures such as Fusion-in-Decoder, Atlas, and ColBERT-RAG demonstrate measurable 

gains in retrieval precision, scalability, and cross-domain generalization. However, persistent challenges 

remain, including retrieval noise that can override model reasoning, hallucinations that persist even 

with high-quality evidence, latency constraints that hinder real-time deployment, and fragile domain 

adaptation. Moreover, although partial metrics and task-specific benchmarks exist, the absence of a 

unified evaluation framework for retrieval–generation grounding and robustness complicates fair com-

parison and reproducible progress. Rather than offering an exhaustive survey, this review provides a 

focused analytical perspective on retrieval design and architectural evolution in RAG systems. It con-

solidates representative architectures while critically examining structural limitations related to re-

trieval–generation coupling as a design choice, context over-reliance, and privacy-preserving computa-

tion. Building on these insights, the paper outlines future research directions, including structured 

knowledge integration via GraphRAG, modular agent-based orchestration in Agentic RAG, improved 

retrieval filtering, and unified evaluation methodologies. As RAG architectures continue to evolve rap-

idly in a pre-standardization phase, a more analytically grounded understanding of their design trade-

offs is essential for advancing trustworthy and domain-adaptive language systems. 

Keywords: Context-Aware Generation; Domain-Specific Reasoning; Hallucination Mitigation;    

Human-in-the-Loop AI; Information Retrieval; Knowledge Grounding; Large Language Models;   

Retrieval-Augmented Generation. 

 

1. Introduction 

Large Language Models (LLMs) are artificial intelligence models trained on massive da-
tasets that excel at understanding and generating human language. They can complete sen-
tences, answer questions, translate text, and even write code or stories. However, these mod-
els acquire all of their knowledge from the data available during training and are unable to 
access new or updated information once training has concluded. As a result, LLMs suffer 
from several persistent limitations. Their knowledge becomes outdated over time, they fre-
quently hallucinate by producing fabricated or unsupported information, and they struggle to 
recall rare or domain specific facts that are poorly represented in training corpora [1]–[3]. 
These issues significantly limit their reliability in high stakes domains such as medicine, law, 
and business, where accuracy, timeliness, and traceability are essential. 

To address these shortcomings, researchers have proposed augmenting LLMs with ex-
ternal knowledge sources that can be retrieved dynamically at inference time. This approach, 
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known as Retrieval-Augmented Generation (RAG), retrieves relevant documents in response 
to a user query and integrates them into the generation process [4]. By grounding responses 
in retrieved evidence, RAG has been shown to improve factual correctness and reduce certain 
forms of parametric hallucination, while enabling access to updated knowledge without re-
training large models [4]–[6]. Consequently, RAG has emerged as a promising paradigm for 
knowledge-intensive tasks such as open-domain question answering and fact verification. 
Nevertheless, current RAG implementations still exhibit important limitations. Retrieval 
modules may surface noisy or partially relevant documents, generators may underutilize or 
misinterpret retrieved evidence, retrieval–generation alignment remains inconsistent, and la-
tency often increases as retrieval quality improves. Moreover, RAG pipelines frequently trans-
fer poorly across domains, requiring costly re-indexing or fine-tuning to maintain perfor-
mance. 

Despite substantial progress, research on RAG continues to reveal significant evidence 
gaps. While several task-specific metrics and partial benchmarks exist, there is currently no 
widely accepted unified evaluation framework for assessing grounding quality, hallucination 
behavior, and retrieval effectiveness, which complicates fair comparison across architectures. 
The interaction between retrieval and generation also remains insufficiently understood, par-
ticularly with respect to when models rely on parametric memory versus retrieved evidence. 
Privacy and security concerns are underexplored, especially in domains involving sensitive or 
proprietary data. In addition, most existing RAG studies focus on short-text contexts, with 
limited investigation into long-context reasoning or multimodal retrieval.  

These unresolved challenges have motivated growing interest in emerging paradigms 
such as GraphRAG, which incorporates structured knowledge to support multi hop reason-
ing, and Agentic RAG, which introduces modular retrievers, planners, and generators to en-
able more adaptive workflows. Future research directions increasingly emphasize real time 
and freshness aware retrieval, multimodal RAG systems that integrate text with images and 
tabular data, privacy preserving retrieval pipelines, and unified evaluation methodologies for 
assessing factuality, relevance, robustness, and efficiency. Strengthening these dimensions is 
essential for advancing RAG toward trustworthy, domain adaptive, and explainable AI sys-
tems capable of supporting high stakes applications. 

While Retrieval Augmented Generation has attracted significant attention, existing re-
view studies largely adopt a broad survey perspective, emphasizing application coverage, 
benchmark comparisons, or end to end pipeline descriptions. Many of these surveys catalog 
retrieval methods and generative models independently, without critically examining how re-
trieval design choices interact with architectural structure to influence system behavior. As a 
result, key questions remain insufficiently analyzed, including how retrieval noise propagates 
through different architectures, how tradeoffs between latency and interpretability emerge, 
and why hallucinations persist even when high quality contextual evidence is available [3], [7], 
[8]. 

This review addresses these limitations by explicitly focusing on the coupling between 
retrieval mechanisms and architectural evolution in RAG systems. Rather than treating re-
trievers and generators as loosely connected components, we analyze them as interdependent 
design elements whose interactions jointly determine grounding fidelity, scalability, and sys-
tem robustness. The primary contribution of this paper is a critical synthesis of retrieval strat-
egies and architectural progression in RAG, highlighting recurring tradeoffs, structural bot-
tlenecks, and emerging design principles that remain underexplored in prior surveys. By con-
solidating insights across representative RAG architectures, this review aims to provide a 
clearer analytical foundation for future research and system design. Accordingly, this paper 
does not aim to provide a comprehensive survey of all RAG techniques, but instead focuses 
on analytically examining how retrieval design and architectural choices jointly shape system 
behavior. As many recent advances in modular, graph-based, and agentic RAG remain in a 
pre-standardization phase, preprint literature is deliberately included to capture ongoing ar-
chitectural experimentation that has not yet been consolidated into peer-reviewed surveys. By 
narrowing the scope in this manner, the review prioritizes conceptual clarity and critical in-
sight over exhaustive coverage. 

A RAG system operates through an interaction between retrieval, context augmentation, 
and generation, which may be implemented with varying degrees of coupling depending on 
architectural design choices. The retrieval component is responsible for identifying relevant 
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documents or passages from an external corpus in response to a user query, and its effective-
ness directly shapes downstream performance. Retrieval errors, such as noisy, redundant, or 
partially relevant passages, can propagate through the pipeline and weaken factual grounding. 
Retrieved evidence is then integrated with the user query during the augmentation stage to 
construct a richer contextual input. While this process enables stronger grounding, poorly 
structured or excessively long augmented contexts may overwhelm the generator and amplify 
retrieval noise, motivating the development of adaptive strategies such as context compres-
sion, relevance scoring, and structured knowledge integration. Finally, the generation compo-
nent produces responses conditioned on the augmented input using a large language model. 
Despite access to external evidence, generators may still ignore retrieved content or rely ex-
cessively on parametric memory, leading to hallucinations even when correct information is 
available. These interdependent stages highlight why retrieval design and architectural inte-
gration, whether tightly or loosely coupled, are central to the reliability, scalability, and 
grounding fidelity of RAG systems.. 

This paper is organized as follows. Section 2 provides an overview of retrieval mecha-
nisms and architectural components in RAG systems, using a unified conceptual framework 
to analyze their interactions. Section 3 examines the evolution of RAG architectures, high-
lighting key design shifts and tradeoffs across representative models. Section 4 discusses per-
sistent technical, architectural, and ethical challenges that limit real world deployment. Finally, 
Section 5 summarizes key findings, identifies remaining evidence gaps, and outlines future 
research directions for advancing retrieval augmented generation. 

2. Core Components of Retrieval Augmented Generation 

Retrieval-Augmented Generation (RAG) systems are built upon the interaction between 
retrieval mechanisms and generative models, where external knowledge is dynamically incor-
porated to support grounded and reliable language generation. Rather than functioning as a 
simple linear pipeline, RAG architectures involve an interaction between retrieval quality, 
context construction, and generative reasoning, whose degree of coupling varies depending 
on architectural design choices. These components jointly shape system performance, influ-
encing factual grounding, interpretability, scalability, and latency. Accordingly, this section 
examines the core components of RAG with an emphasis on how different retrieval strategies 
and generator designs affect these trade-offs. 

 

Figure 1. Retrieval augmented generation architecture 
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Figure 1 illustrates the overall architecture of RAG, highlighting the interaction between 
user queries, document retrieval, context augmentation, and generation. The figure serves as 
a conceptual anchor for this section by emphasizing that retrieval quality and chunk selection 
directly shape the reasoning behavior of the generator, rather than acting as a passive prepro-
cessing step. 

In RAG systems, the retriever plays a pivotal role by selecting relevant information from 
large document collections. Retrieval quality is often the primary determinant of downstream 
accuracy, as errors introduced at this stage can propagate through the generation process. To 
address diverse query types and domain requirements, a range of retrieval techniques has been 
developed, spanning traditional sparse methods, dense neural retrievers, and hybrid ap-
proaches that combine both paradigms. 

2.1. Retriever in RAG 

Sparse retrieval methods represent queries and documents as high dimensional vectors 
based on term frequency and lexical overlap. These methods are computationally efficient 
and highly interpretable, making them suitable for scenarios where speed and transparency 
are critical. However, their reliance on exact term matching limits their ability to capture se-
mantic similarity, paraphrasing, and contextual meaning. Despite these limitations, sparse re-
trieval remains a foundational component of many RAG pipelines due to its low computa-
tional cost and strong performance on structured or well-defined queries. 

Term Frequency Inverse Document Frequency (TF-IDF) quantifies the importance of 
a term by comparing its frequency within a document to its frequency across the entire corpus. 
This approach effectively emphasizes informative terms while down weighting common vo-
cabulary, making it well suited for basic relevance scoring. Its primary limitation lies in its 
dependence on exact word matching, which reduces effectiveness for semantically rich or 
paraphrased queries. Formally, TF-IDF is defined as: 

TF(𝑡, 𝑑) =
Number of occurrences of term 𝑡 in document 𝑑

Total number of terms in document 𝑑
 (1) 

IDF(𝑡, 𝐷) = log (
Total number of documents in collection 𝐷

Number of documents containing term 𝑡
) (2) 

where 𝑡 denotes a term, 𝑑 denotes a document, and 𝐷 denotes the document corpus. 
Best Matching 25 (BM25) extends TF IDF by incorporating term frequency saturation, 

document length normalization, and refined inverse document frequency weighting. These 
enhancements improve ranking robustness and make BM25 a strong baseline in modern 
search engines and retrieval systems [9]–[11]. Nevertheless, BM25 remains a purely lexical 
method and cannot capture deeper semantic relationships. 

While sparse retrieval is efficient, it suffers from the vocabulary mismatch problem, 
where relevant documents may not share explicit lexical overlap with the query. Dense re-
trieval methods, such as Dense Passage Retriever, address this limitation by mapping queries 
and documents into continuous vector spaces using neural encoders [12]. Dense retrievers 
employ dual encoder architectures that independently embed queries and documents, ena-
bling efficient approximate nearest neighbor search over large collections. By capturing se-
mantic similarity rather than surface level term overlap, dense retrieval performs particularly 
well in open domain question answering. However, these methods incur higher computa-
tional cost, require large embedding indices, and are sensitive to domain shift. 

To balance efficiency and semantic fidelity, hybrid retrieval approaches combine sparse 
and dense signals. Sparse methods provide precise keyword matching, while dense retrievers 
contribute semantic understanding through neural embeddings [13]. Hybrid systems often 
achieve higher recall and precision, especially in complex or mixed query scenarios such as 
open domain question answering and enterprise search [14]. Nevertheless, this improved per-
formance comes at the cost of increased system complexity, higher latency due to re ranking, 
and more challenging parameter tuning. 

Table 1 highlights the fundamental tradeoffs inherent in retrieval design for RAG sys-
tems. Sparse methods emphasize efficiency and interpretability but struggle with semantic 
generalization. Dense retrieval improves semantic fidelity and recall but introduces higher 
computational cost and reduced transparency. Hybrid approaches attempt to reconcile these 
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competing objectives by combining lexical precision with semantic matching, though at the 
expense of increased complexity and latency. These tradeoffs demonstrate that retrieval de-
sign is not merely an optimization choice but a structural decision that shapes deployment 
feasibility, scalability, and trustworthiness. 

Table 1. Comparison of sparse, dense, and hybrid retrieval methods for RAG. 

Method Benefits Costs Limitations When it Succeeds When it Fails Refs 

TF IDF 
Simple, interpretable, 
fast; effective for key-

word retrieval 

Very low computa-
tional cost; minimal 

memory 

No semantic under-
standing; vocabulary 
mismatch; sensitive 

to paraphrasing 

Exact keyword 
matches; structured 
technical documents 

Semantic or para-
phrased queries; cross 

domain questions 
[11], [14] 

BM25 

Improved ranking; 
term frequency and 

length normalization; 
strong baseline 

Low cost; efficient on 
large corpora 

Lexical only; limited 
contextual under-

standing 

High precision key-
word tasks; static da-

tasets 

Semantic or context 
heavy queries 

[10], [11] 

Dense Re-
trieval (DPR) 

Captures semantic 
similarity; robust to 

paraphrasing; high re-
call 

High training cost; 
large embedding in-

dex 

Sensitive to domain 
shift; expensive up-

dates 

Semantic search; 
open domain QA 

Low resource do-
mains; real time sys-

tems 
[4], [12] 

Hybrid Re-
trieval 

High recall; balances 
precision and seman-

tics 

Highest computa-
tional cost; increased 

latency 

Complex tuning; 
scalability challenges 

Production RAG; 
mixed query types 

Real time settings; 
constrained hardware 

[13], [15], 
[16] 

 

A common hybrid strategy is score fusion, where relevance scores from sparse and dense 
retrievers are combined using weighted aggregation. This approach was adopted in Face-
book’s RAG system, which employed BM25 alongside DPR to ensure both lexical coverage 
and semantic relevance [4]. Another strategy is cascade retrieval, where a lightweight sparse 
retriever first selects candidate documents, which are then re ranked by a more expensive 
dense model such as a BERT based cross encoder [17]. Recent methods such as SPLADE 
and uniCOIL further narrow the gap between sparse and dense retrieval by learning sparse 
representations using neural models, enabling improved expressiveness without abandoning 
inverted index structures [18]. Empirical results on benchmarks such as MS MARCO demon-
strate that hybrid systems often outperform purely sparse or dense approaches, although 
computational overhead and tuning complexity remain open challenges [15], [16]. 

2.2. Generator in RAG 

In Retrieval Augmented Generation, the generator is responsible for producing coherent 
and contextually relevant responses conditioned on retrieved evidence. At this stage, the sys-
tem combines the original query with selected documents to form an augmented prompt, 
which is processed by a large language model to generate the final output. Depending on task 
requirements, the generator may supplement retrieved evidence with parametric knowledge 
or restrict generation strictly to the provided context [6]. 

Most generators used in RAG are based on the transformer architecture, which has be-
come the dominant paradigm in natural language processing due to its ability to model long 
range dependencies and contextual relationships. Prominent models such as GPT, LLaMA, 
and Gemini are built upon transformer designs and have demonstrated strong performance 
across a wide range of tasks. 

Text to Text Transfer Transformer (T5) [18] adopts an encoder decoder architecture 
that frames all natural language processing tasks as text-to-text transformations. Its unified 
formulation supports multi task learning and has achieved strong performance on bench-
marks such as GLUE, SQuAD, and SuperGLUE, making it well suited for retrieval aug-
mented generation scenarios involving diverse tasks. 

Bidirectional and Auto Regressive Transformer (BART) [19] combines bidirectional en-
coding with autoregressive decoding. By training on corrupted text reconstruction, BART is 
particularly effective at handling noisy or partially relevant retrieved contexts, which are com-
mon in real world RAG systems. This capability improves factual consistency when integrat-
ing multiple retrieved documents. 
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Large Language Model Meta AI (LLaMA) [20] is an open-source decoder only trans-
former trained on publicly available data. Despite its smaller parameter size compared to pro-
prietary models, LLaMA demonstrates strong efficiency and competitive performance, mak-
ing it attractive for retrieval augmented settings where computational resources are con-
strained. 

Generative Pre trained Transformer (GPT) [21] models are decoder only transformers 
trained on massive text corpora using self-supervised learning. Through successive architec-
tural refinements and scaling strategies, GPT models have become widely adopted in RAG 
systems across domains such as healthcare, finance, and customer support, where their strong 
generative capabilities complement retrieval-based grounding. 

3. The Evolution of Retrieval Augmented Generation Architectures 

Retrieval-Augmented Generation (RAG) was originally introduced to address the limi-
tations of purely parametric language models by combining retrieval-based grounding with 
the generative capabilities of LLMs. The original RAG framework consists of two closely 
integrated components: a retriever that selects the top-k relevant documents from an external 
knowledge source, and a generator that conditions on both the user query and the retrieved 
documents to produce an answer. This integration enabled language models to access external 
knowledge dynamically, improving factual accuracy and flexibility in knowledge-intensive 
tasks. 

The original RAG architecture proposed by Meta AI combined dense retrieval with end-
to-end language model training to support knowledge-grounded generation [4]. Two decod-
ing strategies were introduced. RAG Sequence selects a single retrieved document for gener-
ation, while RAG Token marginalizes over multiple retrieved documents at the token level, 
allowing more fine-grained use of external evidence. Although this design represented a major 
step forward, early RAG models suffered from weak document fusion and competition 
among retrieved passages, which often limited their effectiveness as the number of retrieved 
documents increased. 

Subsequent architectures sought to address these limitations through improved docu-
ment fusion and retrieval-generation alignment. Fusion-in-Decoder (FiD) encodes each re-
trieved document independently before combining them in the decoder, reducing interfer-
ence between passages and improving answer accuracy [22]. However, this improvement 
comes at the cost of quadratic memory and computational complexity as the number of re-
trieved documents grows. To mitigate this limitation, FiD-Light was later proposed as an 
efficiency-oriented extension that compresses encoder representations before decoding, sub-
stantially reducing inference latency while preserving competitive effectiveness across 
knowledge-intensive tasks [23]. This line of work highlights that document fusion quality and 
efficiency can be jointly optimized through architectural refinements rather than increasing 
retrieval depth alone. REALM further advanced retrieval-augmented learning by jointly train-
ing the retriever and generator using masked language modeling and contrastive objectives, 
enabling learned retrieval within the language modeling process itself [6]. While effective, 
REALM introduced training instability and substantial computational overhead. RETRO 
marked another important shift by treating retrieval as an external memory that can be ac-
cessed during both training and inference. By retrieving similar text chunks and incorporating 
them through decoder cross-attention, RETRO enables long-context generation with rela-
tively smaller models, albeit at the expense of requiring extremely large retrieval corpora [24]. 

More recent RAG architectures emphasize modularity and scalability. Atlas demon-
strates that strong performance can be achieved by pairing a frozen T5-based generator with 
a well-trained retriever, particularly in few-shot and multi-task learning scenarios [25]. This 
design reduces training complexity but limits adaptability at the generator level. ColBERT-
based RAG systems further decouple retrieval from generation by focusing on fine-grained 
token-level interaction within the retriever, enabling highly efficient and scalable retrieval 
pipelines that can be flexibly integrated into modular RAG systems [17]. More recently, Col-
BERTv2 introduces lightweight late interaction through residual compression and denoised 
supervision, substantially reducing storage overhead while preserving or improving retrieval 
quality across in-domain and out-of-domain benchmarks. This advancement addresses one 
of the main practical limitations of earlier ColBERT models, namely their high indexing cost, 
and makes token-level retrieval more viable for large-scale and real-world RAG deployments 
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[26]. Together, these models illustrate a shift away from monolithic end-to-end pipelines to-
ward more modular and retrieval-centric architectures that are better suited for real-world 
deployment across diverse domains such as law, medicine, and education. 

To provide a structured view of this progression, the evolution of RAG architectures 
can be broadly categorized into three stages: Naive RAG, Advanced RAG, and Modular 
RAG. Each stage reflects increasing architectural sophistication, improved retrieval optimi-
zation, and greater adaptability to task-specific requirements. Figure 2 illustrates the high-level 
evolution of RAG architectures from early naive designs to advanced and modular systems, 
highlighting the progressive shift toward scalability, flexibility, and tighter retrieval-generation 
integration. 

 

Figure 2. Evolution of RAG architectures 

Table 2. Unified comparative analysis of major RAG architectures. 

Architecture 
Retrieval 

Type 
Fusion 

Strategy 
Generator 

End-to-End 
Trainable 

Scalability Key Strengths Key Limitations 
Evolutionary 
Contribution 

Ref 

RAG Dense In-decoder Yes Yes Medium 

End-to-end 
learning; simple 

integration of re-
trieval and gener-

ation 

Weak document 
fusion; competi-
tion among re-
trieved passages 

Establishes the 
baseline RAG 

framework inte-
grating retrieval 
with generation 

[4] 

FiD Dense 
Encoder-

side (late fu-
sion) 

Yes Partially Medium 

High answer ac-
curacy through 

independent doc-
ument encoding 

Quadratic 
memory and 

computational 
cost 

Improves RAG by 
reducing document 
interference during 

generation 

[22], 
[23] 

REALM 
Learned 
dense 

Encoder-
side 

Yes Yes Medium 
Jointly trained re-
triever and gen-

erator 

Training instabil-
ity; high compu-
tational overhead 

Introduces fully 
learned retrieval 

into language 
model training 

[6] 

RETRO 
Dense, 
chunk-
based 

Decoder 
cross-atten-

tion 
Yes Partially High 

Enables long-
context genera-

tion with smaller 
models 

Requires ex-
tremely large re-
trieval corpora 

Scales language 
modeling by treat-
ing retrieval as ex-

ternal memory 

[24] 

Atlas Dense 
Multi-docu-
ment fusion 

Yes 
Yes (retriever-

focused) 
High 

Strong few-shot 
and multi-task 
performance 

Frozen generator 
limits adaptability 

Promotes modular 
retriever–generator 
training paradigms 

[25] 

ColBERT 
Dense (to-
ken-level) 

Late interac-
tion (re-

triever-side) 
No Retriever-only Very High 

Fine-grained se-
mantic matching; 

efficient large-
scale retrieval; 

ANN-friendly in-
dexing 

High storage 
cost; no native 

generation com-
ponent 

Enables retrieval-
centric and modu-
lar RAG pipelines 

through token-level 
late interaction 

[17], 
[26] 

 
The architectures selected for comparison in this review, namely RAG, FiD, REALM, 

RETRO, Atlas, and ColBERT, represent key milestones in this evolution. Each model intro-
duces a distinct architectural response to limitations observed in its predecessors, particularly 
in terms of document fusion, retrieval-generation alignment, and scalability. Collectively, 
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these architectures capture the dominant evolutionary trends in RAG research, progressing 
from early end-to-end pipelines toward more modular and retrieval-centric designs. 

Table 2 summarizes the key characteristics, strengths, and limitations of representative 
RAG architectures. Early models tightly coupled retrieval and generation within a single pipe-
line, enabling end-to-end learning but suffering from weak document fusion and limited scala-
bility. Architectures such as FiD and REALM improved retrieval utilization through better 
fusion and joint training but introduced higher computational cost and training complexity. 
RETRO demonstrated that retrieval can serve as an external memory to support long-context 
generation, shifting the scalability bottleneck from model size to retrieval infrastructure. More 
recent designs such as Atlas and ColBERT prioritize modularity by decoupling retrieval from 
generation, enabling flexible component replacement, improved scalability, and domain-spe-
cific customization. 

This architectural evolution reflects a broader paradigm shift in how retrieval is concep-
tualized within language generation systems. Early RAG models treated retrieval largely as 
static context injection, assuming that better documents alone would yield better outputs. In 
contrast, advanced and modular architectures view retrieval as a dynamic, task-dependent 
process that must be tightly integrated with generative reasoning. This shift enables adaptive 
retrieval strategies, improved control over grounding behavior, and greater robustness under 
domain shift. As a result, modular RAG architectures represent a critical step toward scalable, 
adaptable, and trustworthy knowledge-grounded language systems. 

3.1. Applications of Retrieval-Augmented Generation 

Architectural advancements in RAG directly shape how these systems perform across 
different application domains. As RAG architectures evolve toward more modular and re-
trieval-aware designs, they become increasingly capable of handling domain-specific con-
straints, heterogeneous knowledge structures, and real-world deployment challenges. This 
subsection examines four representative application areas in which architectural design 
choices play a critical role in determining performance, reliability, and scalability. 

3.1.1. Open-Domain Question Answering 

RAG has demonstrated strong performance in open-domain question answering 
(ODQA), where users can pose questions spanning a wide range of topics without predefined 
knowledge boundaries. Traditional LLMs often hallucinate when relevant information is ab-
sent from their parametric memory, whereas RAG mitigates this issue by retrieving support-
ing documents prior to generation [7]. 

The effectiveness of RAG in ODQA largely stems from its combined use of semantic 
retrieval methods, such as Dense Passage Retriever (DPR), and lexical retrieval techniques, 
such as BM25. This hybrid retrieval strategy balances recall and precision, enabling more re-
liable evidence grounding. Benchmarks including Natural Questions and TriviaQA consist-
ently show that retrieval-augmented approaches improve factual consistency compared to 
purely generative models [27]. 

Despite these gains, ODQA systems remain vulnerable to retrieval brittleness. Retrieved 
results often include partially relevant or overlapping passages, which can cause the generator 
to synthesize ambiguous or redundant answers. As datasets grow in scale and complexity, 
improving retrieval ranking, context filtering, and passage selection becomes increasingly im-
portant. Hierarchical retrieval and multi-hop reasoning strategies have been proposed as 
promising directions to further strengthen ODQA performance in RAG systems [28]. 

3.1.2. Customer Support and Virtual Assistance 

Customer support and virtual assistance systems demand timely, context-aware, and ac-
curate responses, often based on rapidly evolving product documentation or policy guidelines. 
RAG enables virtual assistants to dynamically retrieve relevant information from updated 
sources, reducing reliance on static, rule-based systems [29]. This capability allows organiza-
tions to scale customer support operations without sacrificing response accuracy. 

However, domain drift remains a significant challenge. When documentation changes 
frequently, retrieval pipelines must be continuously re-indexed and validated to prevent out-
dated or inconsistent responses [30]. Without rigorous version control, RAG systems may 
retrieve obsolete or contradictory documents, leading to user confusion and dissatisfaction. 
Integrating freshness-aware retrieval mechanisms and metadata-informed ranking strategies 
can help prioritize authoritative and up-to-date sources in customer support settings. 
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3.1.3. Content Generation 

RAG enhances content generation by grounding generated outputs in external, verifiable 
sources, making it particularly valuable for domains that require factual accuracy, such as 
journalism, academic writing, and report summarization. Rather than relying solely on para-
metric memory, which may be outdated or incomplete, RAG retrieves contextually relevant 
evidence before generation, reducing hallucinations and improving credibility [18]. Architec-
tures such as FiD and Atlas further enable the integration of long-form contexts and multiple 
documents, supporting detailed outputs such as blogs, whitepapers, and scientific summaries 
with traceable sources [27].  

By anchoring generation in retrieved evidence, RAG helps bridge the gap between cre-
ative generation and factual grounding. However, over-reliance on retrieval can constrain cre-
ativity, leading to overly factual or repetitive outputs. Balancing factual grounding with crea-
tive flexibility remains an open design challenge. Moreover, even with retrieval support, gen-
erators may still produce citations or references not explicitly present in the retrieved context, 
due to uncontrolled blending of retrieved content with parametric knowledge. Developing 
grounding score metrics that quantify how much of the generated output is directly supported 
by retrieved evidence could improve reliability in content-heavy applications. 

3.1.4. Knowledge-Intensive Tasks 

RAG is increasingly applied to knowledge-intensive tasks such as legal document analy-
sis, biomedical information retrieval, financial report summarization, and educational tutor-
ing. These domains require high precision and up-to-date knowledge, which RAG systems 
can provide through structured retrieval pipelines [31]. 

For instance, in biomedical applications, RAG can retrieve recent research articles to 
support diagnostic reasoning or literature review. In legal practice, RAG assists with case 
summarization and precedent retrieval but must satisfy strict accuracy and risk constraints. In 
financial analysis, RAG can synthesize information from market reports and regulatory doc-
uments, improving transparency and interpretability in decision making. Modular RAG archi-
tectures further enable domain-specific tuning without full model retraining, improving both 
performance and deployment efficiency [32]. 

Nevertheless, performance in these domains strongly depends on the quality and struc-
ture of the underlying knowledge base. Specialized corpora often include tables, PDFs, and 
semi-structured documents that complicate retrieval. Multimodal RAG systems capable of 
reasoning over text, tables, images, and graphs are therefore essential for high-stakes, 
knowledge-intensive applications [15].  

 

Figure 3. Applications of RAG across different domains. 

Figure 3 provides a qualitative synthesis of the discussion in Sections 3.1.1–3.1.4, illus-
trating the balance between benefits and challenges associated with RAG across application 
domains. The values shown do not represent quantitative measurements but reflect a con-
ceptual aggregation of observed trends. As domain complexity increases, RAG systems offer 
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greater benefits through grounding and adaptability, while simultaneously facing amplified 
challenges related to retrieval reliability, latency, and retrieval–generation alignment. 

While architectural advancements have expanded the applicability of RAG, they also 
expose new limitations related to retrieval robustness, model alignment, and deployment con-
straints. The following section systematically examines these challenges, highlighting how 
technical, model-level, and ethical factors continue to shape the practical effectiveness of 
RAG systems. 

4. Challenges of Retrieval-Augmented Generation 

Retrieval-Augmented Generation (RAG) systems face a range of challenges that directly 
affect the quality, reliability, and practical usability of their outputs. These challenges can be 
broadly categorized into three groups: technical issues related to retrieval and context con-
struction, model-level alignment problems between retrieval and generation, and ethical as 
well as operational risks associated with real-world deployment. 

4.1. Technical Challenges in Retrieval and Context Construction 

One of the primary technical challenges in RAG systems lies in retrieval quality, as inac-
curate or poorly matched retrieval often leads to hallucinations and incomplete responses. 
The effectiveness of RAG is closely tied to the relevance, granularity, and structural properties 
of the retrieved information. Noisy retrieval results, semi-structured documents such as tables 
and fragmented PDFs, and the difficulty of balancing coarse-grained versus fine-grained 
chunking all complicate the retrieval process and frequently degrade response quality [6]. 

Redundancy and document confusion represent another major technical challenge. Re-
trieved documents often contain overlapping or repetitive content, introducing noise and in-
creasing computational overhead without necessarily improving response accuracy [29]. Such 
redundancy can overwhelm the generator, leading to verbose, repetitive, or incoherent out-
puts. The presence of inconsistent or conflicting retrieved sources further complicates the 
generation process and reduces factual consistency [4]. 

Latency and computational overhead also pose significant obstacles. Deep retrieval pipe-
lines, cross-encoder re-ranking, vector similarity search, and the construction of large aug-
mented prompts all contribute to increased processing time. As a result, RAG systems must 
navigate a difficult trade-off between retrieval accuracy and response speed, limiting their 
suitability for real-time or highly interactive applications [33]. 

Domain adaptation remains an additional unresolved technical limitation. RAG models 
trained on one domain often exhibit degraded performance when applied to another, due to 
differences in terminology, reasoning patterns, and contextual assumptions. This fragility 
makes it challenging to deploy a single RAG architecture across diverse professional or aca-
demic domains without substantial retraining, re-indexing, or corpus restructuring[31], [32]. 

4.2. Model-Level and Retrieval–Generation Alignment Issues 

Even when retrieval quality is high, RAG systems are not immune to hallucinations. 
Generators may still rely excessively on parametric memory or misinterpret retrieved pas-
sages, blending external evidence with internal priors in ways that produce unsupported or 
fabricated statements. This issue persists across application domains and is particularly critical 
in high-stakes settings such as healthcare, law, and finance, where even minor inaccuracies 
can have serious consequences [8], [34], [35]. 

A related model-level limitation concerns the alignment between the retriever and the 
generator. Prior studies have reported failure cases in which LLMs either ignore retrieved 
content altogether or improperly weight retrieval signals, instead defaulting to internal 
knowledge representations [34] [39]. Such misalignment reduces the effectiveness of retrieval 
augmentation and weakens factual grounding, underscoring fundamental gaps in how re-
trieval evidence is incorporated and prioritized during generation. 

4.3. Ethical and Operational Risks 

Beyond technical and model-level challenges, RAG systems introduce important ethical 
and operational risks. Retrieval mechanisms may expose sensitive, proprietary, or confidential 
information, particularly when operating over private or semi-private knowledge bases. In 
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addition, adversarial actors may inject poisoned or misleading content into retrieval corpora, 
thereby compromising system reliability and trustworthiness. 

Bias in retrieved documents presents another significant concern. Retrieval from skewed 
or unbalanced corpora can amplify existing biases, resulting in similarly biased generated out-
puts. These risks highlight the need for stronger safeguards, including fairness-aware retrieval 
scoring, robust data curation practices, and privacy-preserving RAG architectures. Address-
ing these ethical and operational issues is essential for ensuring responsible and trustworthy 
deployment of RAG systems. 

5. Conclusion and Evidence Gaps 

5.1. Summary of Key Findings 

This review has examined RAG with a specific focus on the interaction between retrieval 
design and architectural evolution. The analysis demonstrates that improvements in factual 
grounding, robustness, and practical applicability do not arise solely from higher retrieval ac-
curacy, but rather from how retrieval mechanisms are integrated within generative architec-
tures. The progression from naïve retrieval–generation pipelines to advanced and modular 
RAG frameworks reflects a broader shift toward tighter retrieval–generation coupling, im-
proved scalability, and greater adaptability across application domains. Architectural innova-
tions such as hybrid retrieval frameworks, Fusion-in-Decoder models, Atlas, ColBERT-RAG, 
and modular retriever–generator designs illustrate that architectural choices play a central role 
in mitigating hallucinations, managing latency, and supporting domain-aware reasoning in 
knowledge-intensive tasks. 

5.2. Evidence Gaps 

Despite these advancements, several evidence gaps continue to limit the reliability and 
effectiveness of RAG systems in real-world settings. Retrieval noise, hallucinations that may 
persist even in the presence of correct context, computational latency, and redundancy in 
retrieved documents remain major bottlenecks. Domain adaptation also poses a significant 
challenge, as models trained on one type of corpus often struggle to generalize to others due 
to domain-specific terminology, knowledge organization, and reasoning patterns. In addition, 
concerns related to privacy, security, and bias further complicate deployment, as retrieval 
mechanisms may expose sensitive information or amplify corpus-level biases. These limita-
tions underscore the need for more robust evaluation frameworks that emphasize transpar-
ency, fairness, grounding validity, and robustness, particularly in high-stakes environments. 

A critical factor underlying many of these evidence gaps is the lack of widely adopted 
evaluation frameworks specifically designed for RAG systems. While a range of task-specific 
benchmarks and partial metrics exist, most current evaluations focus on isolated measures 
such as answer accuracy or retrieval recall, paying limited attention to whether generated re-
sponses are truly grounded in retrieved evidence, how systems behave under noisy or imper-
fect retrieval, or how corpus-level biases affect outputs across domains. Without more inte-
grated evaluation methodologies that assess grounding validity, robustness, and fairness in 
combination, it remains difficult to meaningfully compare RAG architectures or assess their 
reliability in real-world applications. Developing such evaluation frameworks is therefore es-
sential to ensure that architectural advances translate into trustworthy and responsible RAG 
deployments. 

5.3. Future Research Directions 

Looking forward, several promising research directions aim to address the challenges 
identified in this review. Real-time retrieval pipelines capable of indexing continuously up-
dated content, such as news, scientific literature, and policy documents, can help mitigate the 
problem of outdated knowledge [36], [37]. Multimodal RAG (MRAG) has emerged as another 
important direction, enabling retrieval and generation over images, video, code, and tabular 
data, thereby expanding applicability to domains such as diagnostics, surveillance, and scien-
tific modeling [38], [39]. Privacy-preserving retrieval approaches, including federated retrieval, 
encrypted indexes, and controlled-access pipelines, will be critical for deployment in sensitive 
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domains [40]. Graph-augmented RAG (GraphRAG) represents an additional trajectory, in-
troducing structured reasoning, multi-hop evidence tracing, and improved explainability 
through knowledge graphs [41], [42]. 

Another emerging paradigm is agentic RAG, in which modular components such as 
retrievers, planners, evaluators, and reasoning agents collaborate within a coordinated system. 
This shift toward agent-based architectures enables more flexible, interpretable, and scalable 
pipelines, particularly for enterprise and high-assurance applications that require private data 
handling and tool-augmented reasoning. As highlighted in this review, this transition reflects 
a broader movement away from viewing RAG as a single model and toward understanding it 
as an orchestrated ecosystem of interacting components[43]. 

In summary, while RAG offers substantial benefits in grounding large language model 
outputs and improving factual accuracy, persistent challenges related to retrieval reliability, 
retrieval–generation alignment, domain generalization, latency, bias, and security remain un-
resolved. By critically synthesizing retrieval design and architectural evolution, this review 
clarifies key limitations and research opportunities, providing a more analytically grounded 
understanding of RAG systems and actionable guidance for future research and development. 
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