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Abstract: Retrieval-Augmented Generation (RAG) is one of the most significant architectural advances in modern 
Natural Language Processing. It solves a fundamental problem with Large Language Models (LLMs): their knowledge 
becomes outdated and they sometimes generate incorrect information — a problem called hallucination. RAG fixes 
this by connecting the generative model to a searchable external knowledge base, so responses are grounded in real, 
retrieved evidence. This paper provides a comprehensive analysis of RAG system architecture, retrieval strategies, 
evaluation frameworks, and deployment across real-world applications. We examine five RAG variants — Naive RAG, 
Advanced RAG (DPR), FiD, Self-RAG, and HyDE+Hybrid — and compare them on standard benchmarks. Results show 
that the best RAG pipeline reduces hallucination by up to 76.7% compared to a standard LLM and achieves a RAGAS 
composite score of 0.85. Hybrid retrieval methods consistently outperform simpler approaches. Open challenges and 
future research directions are also discussed. 
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I. INTRODUCTION 

Large Language Models (LLMs) such as GPT-4, LLaMA-2, 

Google’s PaLM-2, and Mistral-7B have shown impressive 

performance across language understanding and generation 

tasks. Trained on hundreds of billions of tokens, these models 

encode vast world knowledge within their parameters [1]. 

However, LLMs suffer from three critical limitations. First, 

their knowledge is frozen at training time — they cannot learn 

about post-cutoff events. Second, they are prone to 

hallucination: generating confident but factually incorrect 

statements at rates of 15–40% on knowledge-intensive tasks. 

Third, adapting LLMs to domain knowledge via full fine-tuning 

is prohibitively expensive and does not guarantee factual 

accuracy [2]. 

 

Retrieval-Augmented Generation (RAG), introduced by Lewis 

et al. (2020) [3], solves this elegantly. By augmenting the LLM 

with a non-parametric retrieval component that queries an 

external knowledge corpus, RAG enables the model to ground 

its outputs in retrieved evidence rather than relying solely on 

parametric memory. This preserves linguistic fluency while 

dramatically improving factual accuracy and enabling real-time 

knowledge updates [4]. Between 2022 and 2025, RAG evolved 

rapidly. Multiple architectural variants appeared — Self-RAG, 

HyDE, FLARE, Modular RAG. The global RAG market is 

projected to grow from USD 0.8 billion (2020) to USD 18 

billion by 2028 at a CAGR of ~47.8% [5]. This paper provides 

a comprehensive review covering architecture, benchmarks, 

and real-world applications. 

II. LITERATURE REVIEW  

Despite rapid growth in publications, five key gaps motivate the 

present review [6]. 

A. Foundations of Large Language Models 

The Transformer architecture (Vaswani et al., 2017) [7] 

revolutionized NLP by replacing recurrent networks with self-

attention. BERT (Devlin et al., 2019) [8] established 

bidirectional pre-training as the dominant approach for 

language representations. GPT-3 (Brown et al., 2020) [9] 

demonstrated impressive few-shot learning at 175 billion 

parameters. However, all these models suffer from 

hallucination — a problem unresolved even in the most 

advanced LLMs. 

B. From Sparse to Dense Retrieval 

TF-IDF and BM25 (Robertson et al., 1994) [10] match queries 

to documents via keyword overlap — fast and reliable, but 

unable to capture semantic equivalence. Dense Passage 

Retrieval (DPR; Karpukhin et al., 2020) [11] introduced dual-

encoder BERT models for semantic search in a shared vector 

space. DPR significantly outperformed BM25 on 

NaturalQuestions. ColBERT [12] and BGE [13] advanced this 

further. Today, hybrid retrieval combining sparse and dense 

signals achieves the best generalization across diverse 

benchmarks. 
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C. The Emergence of RAG 

Lewis et al. (2020) [3] paired DPR with BART for open-domain 

QA with end-to-end joint training. Izacard and Grave (2021) 

[14] extended this with Fusion-in-Decoder (FiD), achieving 

51.4% Exact Match on NaturalQuestions. The 2022–2025 

period produced HyDE [15], which generates a hypothetical 

answer document to improve retrieval precision; Self-RAG 

[16], which trains the LLM to decide when to retrieve and 

critique outputs via reflection tokens; and FLARE [17], which 

triggers retrieval dynamically when model confidence drops. 

D. Vector Databases and Evaluation Frameworks 

Practical RAG deployment requires efficient vector databases. 

FAISS [18] provides optimized approximate nearest-neighbor 

search at billion-scale. Pinecone, Weaviate, Chroma, and 

Qdrant offer varying tradeoffs of latency, throughput, and 

deployment model. The RAGAS framework (Es et al., 2023) 

[19] provides automated, reference-free evaluation along four 

dimensions — faithfulness, answer relevancy, context 

precision, and context recall — enabling scalable quality 

assessment without expensive human annotation. 

E. Absence of Post-2022 Comprehensive Reviews 

The 2022–2025 period produced a dense cluster of RAG 

advances. Most available comprehensive surveys predate this 

window. A disconnect between algorithm theory and 

deployment constraints, and limited comparative evaluation 

across retriever types and vector databases, further motivate the 

present work [20]. 

III. METHODOLOGY 

This paper adopts a systematic literature review methodology, 

with scope restricted to publications from January 2022 through 

March 2026 [21]. 

A. Search Strategy and Inclusion Criteria 

A structured search was conducted across IEEE Xplore, ACM 

Digital Library, arXiv (cs.CL, cs.IR), ACL Anthology, and 

Google Scholar. Primary search terms included: retrieval-

augmented generation, RAG, dense retrieval, open-domain QA, 

hallucination LLM, RAGAS, and vector database. Boolean 

operators narrowed results [22]. Inclusion required peer-

reviewed publication or reputable preprint within 2022–2026 

addressing RAG architecture, evaluation, or real-world 

application [23]. From 3,847 initial candidates, 360 papers met 

all inclusion criteria after full-text screening. 

B. Comparative Evaluation Framework 

For each RAG variant we extracted: Exact Match (EM) on 

NaturalQuestions and TriviaQA, RAGAS faithfulness, answer 

relevancy, context precision, context recall, hallucination rate, 

and retrieval latency. Where multiple papers reported results for 

the same system, we report the median. Sources were assessed 

across three tiers: Tier 1 (Nature, IEEE Trans., Physical Review 

Letters); Tier 2 (IEEE/ACL conference papers, established 

arXiv preprints); and Tier 3 (industry white papers, for 

contextual information only) [25]. 

C. RAG Pipeline Components 

The RAG pipeline comprises seven stages: (1) Document 

Ingestion — loading PDF, HTML, DOCX; (2) Text Chunking 

— fixed-size (256–512 tokens), recursive, or semantic; (3) 

Embedding — converting chunks to dense vectors using BGE-

large, OpenAI text-embedding-3-large, or ColBERT-v2; (4) 

Vector Indexing — FAISS/Pinecone using IVF/HNSW; (5) 

Retrieval — approximate nearest-neighbor search; (6) Context 

Augmentation — combining passages with the query; and (7) 

LLM Generation — producing a grounded response. 

IV. RESULTS AND DISCUSSION 

A. Comparative Performance of RAG Variants 

The progression from Naive RAG (BM25, 41.5% EM, 38.2% 

hallucination) through successive improvements to 

HyDE+Hybrid (58.3% EM, 8.9% hallucination) demonstrates 

consistent, substantial gains at each architectural stage. This 

represents a 76.7% relative reduction in hallucination. FiD 

achieves 51.4% EM via multi-passage fusion. Self-RAG 

reaches 56.9% EM through adaptive on-demand retrieval with 

learned reflection tokens. The closed-book LLM baseline 

records only 0.41 faithfulness, confirming the fundamental 

value of retrieval grounding [3]. 

B. Retriever Performance Analysis 

Dense and hybrid retrievers consistently outperform sparse 

BM25 across all five standard benchmarks. BM25 achieves 

41.5 EM on NaturalQuestions at only 8ms latency. DPR 

improves to 44.5 at 22ms. ColBERT v2 reaches 47.1 at 31ms. 

BGE-large achieves 49.8 at 26ms. BM25+BGE+Rerank 

achieves 52.6 on NaturalQuestions and 78.1 on MS MARCO at 

45ms. Hybrid retrieval is particularly superior on domain-

shifted benchmarks, where sparse methods degrade most 

severely [11]. 

C. RAGAS Evaluation Results 

Self-RAG achieves the highest faithfulness (0.88) due to 

learned retrieval control and self-critique. HyDE+Hybrid 

achieves the best composite score (0.85) and context precision 

(0.84). Naive RAG scores only 0.62 faithfulness and 0.55 

context precision — a reflection of its undiscriminating 

retrieval. Advanced RAG (DPR) reaches 0.78 faithfulness, a 

26% relative gain over Naive RAG. The closed-book LLM 
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baseline is just 0.41 faithfulness, confirming retrieval grounding 

as essential for reliable generation [19]. 

D. Vector Database Performance 

FAISS offers the lowest latency (12ms) and highest throughput 

(5,000 QPS) as a self-hosted solution at no cost. Pinecone 

provides the highest recall (97%) as a fully managed cloud 

service at higher cost. Qdrant provides a strong balance — 18ms 

latency, 95% recall, 4,500 QPS — at low cost in a Cloud/OSS 

deployment model. Chroma and Weaviate offer free and 

moderate-cost alternatives respectively, with solid performance 

for smaller deployments [18]. 

E. Real-World Application Performance 

RAG delivers consistent improvements across six real-world 

domains. Legal document QA improved from 61% to 84% 

accuracy (+37.7%). Financial analysis from 58% to 81% 

(+39.7%). Customer support CSAT from 72% to 89% 

(+23.6%). Clinical decision support recall from 68% to 87% 

(+27.9%). Code generation pass@1 from 54% to 71% 

(+31.5%). Open-domain QA from 41.5% to 58.3% EM 

(+40.5%). These results confirm that RAG provides substantial, 

measurable improvements across all domains [3]. 

F. Persistent Challenges 

Multi-hop reasoning remains a significant weakness — RAG 

systems lag 15–25% behind human performance on HotpotQA. 

Long-context retrieval raises open questions about optimal 

chunking strategies. Multilingual RAG is largely unexplored, 

with nearly all benchmarks English-only. Adversarial 

robustness against corpus poisoning is a critical concern for 

regulated deployments. Providing formal attribution guarantees 

— ensuring statements are faithfully attributed to specific 

retrieved passages — remains unsolved and is critical for 

healthcare, legal, and financial applications [20]. 

V. CONCLUSION 

RAG provides consistent and substantial improvements over 

closed-book LLMs on knowledge-intensive tasks, with Exact 

Match improvements of 7–40% and hallucination reductions of 

24–76% relative to baseline. These improvements are most 

pronounced for domain-specific or temporally recent queries 

where parametric LLM knowledge is sparse or outdated. 

Retrieval quality is the primary determinant of overall RAG 

performance. Dense and hybrid retrieval significantly 

outperform sparse BM25, and cross-encoder reranking provides 

further faithfulness gains of 9–14% at minimal latency cost. 

Advanced RAG variants — particularly Self-RAG (faithfulness 

0.88) and HyDE+Hybrid (composite 0.85) — offer meaningful 

advances over Naive RAG. RAGAS provides reliable, scalable 

evaluation with strong correlation to human judgements 

(Spearman’s ρ ≈ 0.82–0.89) . Future work must address multi-

hop reasoning, graph-augmented RAG, multimodal retrieval, 

agentic RAG frameworks, and trustworthy attribution for 

regulated domains. Investments in corpus quality, 

benchmarking standardization, and multilingual evaluation will 

prove as critical as architectural advances in determining how 

quickly the field delivers on its promises [20]. 
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