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Abstract Iarge Language Models (LLLMs), with their remarkable generative capabilities, have
emerged as a cornerstone of natural language processing and have achieved strong performance
across tasks such as machine translation, information extraction, summarization, and dialogue.
Nevertheless, LLMs still encounter persistent challenges including hallucination, knowledge
staleness, insufficient factual grounding, and the opacity and untraceability of their reasoning
processes, which weaken reliability and interpretability in practical deployments—especially in
knowledge-intensive or time-sensitive settings where correctness and transparency are essential.
Retrieval-Augmented Generation (RAG) has therefore been introduced as an effective paradigm

that couples LLLLMs with external knowledge retrieval. By integrating real-time and verifiable

Wi H 393 : 2025-03-25; FELR KA H 41 : 2025-11-06. A PRSI K 3 SRFHE R4 (9193830 e, = AR W BFI0 AR, E R 5T4
WA RAG 1 Agent D [ Zh b FR P B G E A 5185 . E-mail: yuanle@bupt. edu. cno  XIZBEGHFIES ) W4, AIHHZ . = 2H5T40
WM N TS M2 A5 . E-mail: liushaohua@bupt. edu. ecn. £ &, -EWF55 4, EEWFIEAUCN RAG 5 Agent. SRiEE
PRI AL, EEFSCAEON [ SRIE S AL RGO AR . £ & WL BB R . R EOR U A it T e
WA, ERE AR, PEENS S (CCP) &51, FEMFIT A0 A TA ’EE A SR,



384 22 R - S R S 2026 4F

information from external databases into the generation process, RAG enhances accuracy, factual
consistency, and controllability while alleviating the inherent incompleteness of purely parametric
knowledge. Through this hybrid approach, models can continuously update knowledge, adapt to
domain-specific requirements, and deliver more trustworthy outputs in complex tasks. This paper
presents a comprehensive and systematic review of RAG optimization from a process-oriented
perspective. Using the core workflow of indexing, retrieval, and generation as the structural
backbone, it analyzes the optimization potential of each stage and establishes an integrated six-
category enhancement framework that includes pre-retrieval, retriever, retrieval-strategy, index,
post-retrieval, and LLM enhancement. Each category is examined in terms of motivation,
underlying mechanism, and application characteristics, forming a unified and logically coherent
view of the RAG pipeline and clarifying the interfaces and dependencies among components.
Furthermore, the paper conducts a comparative study of retrieval-oriented versus LLLLM-oriented
enhancement routes, articulating their respective goals, advantages, limitations, and
complementarities, and providing a structured lens for understanding how retrieval and generation
can be coordinated to improve end-to-end behavior. In addition, the survey summarizes
mainstream datasets, benchmark tasks, and evaluation metrics commonly used in RAG research,
offering quantitative baselines and methodological references that support reproducible assessment
and fair comparison across systems. Building on these findings, the paper emphasizes the
necessity of RAG as a complement to the expanding context window of LLLLMs: while longer
contexts improve long-document handling, RAG remains crucial for precision, adaptability, and
cost-effectiveness by selectively injecting relevant external evidence. At the same time, the study
consolidates key limitations reported in current work—covering retrieval quality, generation
consistency, long-term memory and context management, computational efficiency, and cross-
modal extension—and highlights their implications for system design and deployment. The survey
also clarifies the relationship between RAG and context-window expansion, delineating their
complementary roles and boundaries to guide practical configuration choices. Finally, the review
outlines forward-looking research directions derived from these observations, including dynamic
and multi-hop retrieval mechanisms for complex reasoning, efficient organization and reuse of
long-term context, consistency enhancement under noisy retrieval, efficiency optimization
through lightweight architectures and distributed computation, structured knowledge fusion to
support domain-specific reasoning, and multimodal RAG to broaden application scope. By
systematically synthesizing the RAG workflow, contrasting enhancement strategies, and
summarizing research progress, datasets, evaluation indicators, limitations, and trends, this
paper provides clear theoretical insights and practical references for the ongoing optimization and
sustainable development of retrieval-augmented large language models, offering a comprehensive
perspective that supports continued exploration and refinement in real-world, knowledge-

intensive scenarios.
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and compression, and model-side refinement. Benchmarking has
also expanded across open-domain QA, reasoning QA,
structured-data QA, and low-resource settings, enabling more

comprehensive assessment of effectiveness and generalization.

RAG and agent.

ZHU Shang-Wei, Ph. D. candidate. His research areas are
natural language processing and image photoelectric volume pulse
wave.

WANG Tao, Ph. D., associate research professor. His
research interests include acceleration technologies for generative
artificial intelligence models.

MAO Tian-Lu, Ph. D., associate researcher. Her research

interests include artificial intelligence, modeling and simulation.

Nonetheless, open challenges remain widely recognized,
including retrieval coverage and ranking errors, noise propagation
into generation, efficiency under large-scale databases and high
concurrency, long-context management, and cross-modal
alignment. These trends and gaps motivate a process-oriented
synthesis and a unified optimization perspective.

This paper positions RAG optimization within the broader
international landscape and advances the topic by constructing an
integrated six-category enhancement framework—covering pre-
retrieval, retriever, retrieval-strategy, index, post-retrieval, and
LLM enhancement—based on the standard three-stage RAG
workflow of indexing, retrieval, and generation. It further

conducts a comparative analysis of retrieval augmentation and
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mechanisms, advantages, limitations, and application scenarios.

enhancement,  clarifying  their respective  goals,
In addition, the paper consolidates commonly used datasets and
evaluation indicators to support quantitative assessment and
reproducible benchmarking. Overall, the contribution lies in
providing a structured, process-centric synthesis that integrates
method taxonomy with evaluation resources and distills current
limitations and future prospects in RAG optimization research.
The study is carried out by the Intelligent Cyber-Physical
Systems Research Laboratory of Beijing University of Posts and
Telecommunications (BUPT), together with collaborators from
the State Key Laboratory of Basic Software and System, Institute
of Software, Chinese Academy of Sciences, and the Beijing Key
Laboratory of Mobile Computing and New-Type Terminals,
Institute of Computing Technology, Chinese Academy of Sciences.
The project is supported by the National Natural Science Foundation
of China (Grant No. 91938301). Within this broader effort, the

paper focuses on the RAG optimization sub-task—namely, the

workflow abstraction, the six enhancement categories, and the
comparative perspective between retrieval-oriented and LLM-
oriented approaches—thereby addressing a key component of
trustworthy and efficient LLLM-based intelligent systems.

The

systematized foundation for improving the factual consistency,

significance of the project lies in providing a
robustness, and adaptability of LLLM applications in knowledge-
intensive scenarios, while clarifying evaluation resources for fair
comparison and reproducibility across tasks and domains. The
research team’s prior experience covers RAG and agent systems,
Al and distributed computing, generative-model acceleration,
and modeling and simulation, which informs the survey’s process-
oriented organization and the emphasis on efficiency, reliability,
the paper

consolidated view of what has been achieved internationally,

and applicability.  Accordingly, contributes  a
identifies persistent bottlenecks, and delineates where RAG
optimization can be most impactful within the larger program of

advancing LLLM-centered intelligent systems.



