
Retrieval-Augmented Generation for Large Language Models 
A Survey

year={2024.03.27} 
Cites={139}



1 Naive RAG

7 TASK AND EVALUATION 

6 AUGMENTATION 

2 Advanced RAG 

3 Modular RAG

5 GENERATION 

8 DISCUSSION AND FUTURE PROSPECTS 

4 RETRIEVAL 



Naïve RAG



Advanced RAG 

Overcome the limitations of Naive RAG. 

Pre-retrieval
(optimizing the indexing structure and the original query, enhance the 
quality of the content being indexed)
• enhancing data granularity 
• optimizing index structures
• adding metadata 
• alignment optimization
• mixed retrieval 

Post-retrieval
(integrate it effectively with the query )
• rerank chunks 
• context compressing



Modular RAG

New Modules:
• Search module 
• Memory module [18] P9
• RAG- Fusion [16] P11
• Routing 
• The Predict module [13] P13 
• Task Adapter module 

Modular RAG builds upon the foundational principles of Advanced and Naive 
RAG 

New Patterns:(allowing module Substitution or 
Reconfiguration) 

Substitution
• Rewrite-Retrieve-Read [7]model P12
• Generate-Read [13] P13 
• Recite- Read [22] P14

Reconfiguration
• ITER- RETGEN [14] P16





RETRIEVAL 

A.Retrieval Source
A. RAG relies on external knowledge to enhance LLMs, while the type of retrieval 

source and the granularity of retrieval units both affect the final generation results. 
B. semi-structured data (PDF) ，structured data (Knowledge Graph, KG) ，Wikipedia，

combination of text and table，database，knowledge graphs，LLMs-Generated 
Content 

C. KnowledGPT [15] P17 , SKR [58] P18, GenRead [13] P13
B. Indexing Optimization 

A. Documents will be processed, segmented, and transformed into Embeddings to be 
stored in a vector database. 

B. Chunking Strategy: Small2Big[90], Sliding window[90] P19
C. Hierarchical index structure, Knowledge Graph index 

C. Query Optimization 
A. Naive RAG is its direct reliance on the user’s original query as the basis for retrieval. 
B. Query Expansion: Multi-Query , Sub-Query, Chain-of-Verification 
C. Query Transformation: RRR (Rewrite-retrieve-read) [7], HyDE [11] P20

D.Embedding 
A. This mainly includes a sparse encoder (BM25) and a dense retriever (BERT 

architecture Pre-training language models) 
B. Mix/hybrid Retrieval 
C. Fine-tuning Embedding Model: PROMPTAGATOR [21] P21， LLM-Embedder [97] , 

REPLUG [72] P22 



RETRIEVAL 

A.什么时候用RAG?
A. 模型越来越强，参数化知识越来越多，很多情况下单独使用LLM比使用RAG还好
B. 找一种优雅的方法来判断这个query要不要使用RAG
C. 例如输入query，不使用RAG和使用RAG分别进行回答，然后选个裁判？（不优雅
D. 搞一个评分？分数小的（简单问题）直接作答，分高的（难）使用RAG

B.压缩即智能
A. RAG搜索到的可能有很多噪声，会给llm的生成带来很大的误差. 
B. 找到一种去除搜索噪声的方法，压缩？



Lift yourself up Retrieval-augmented text generation with self memory
Advances in Neural Information Processing Systems, 2023 cite=18 





Forget RAG, the Future is RAG-Fusion blog

Reciprocal Rank Fusion 
(RRF)



Query Rewriting for Retrieval-Augmented Large Language Models
arXiv preprint arXiv:2305.14283, 202310  cite=31

Proximal Policy Optimization
 (PPO) 



Generate rather than retrieve: Large language models are strong context generators
ICLR2023, 202301  cite=168



Recitation-augmented language models
ICLR2023, 202302 cite=69 



Recitation-augmented language models
ICLR2023, 202302 cite=69 



Enhancing retrieval-augmented large language models 
with iterative retrieval-generation synergy
arXiv preprint arXiv:2305.15294, 2023, 202310 cite=35 

核心:检索增强的生成，生成增强的检索

实线是检索，虚线是生成

Therefore, we distill knowledge from a re-ranker to a 
retriever,训练目标是re-ranker和retriever之间的预测差
异



KnowledGPT: Enhancing Large Language Models with Retrieval and Storage Access on Knowledge Bases
Cite=15 202308这些API由相应的KB提供

利用思维程序（PoT）提示方法，采用LLMs生成的Python
代码作为搜索语言，检索到就用，检索不到就让LLMs回答

这些API由相应的KB提供



Self-Knowledge Guided Retrieval Augmentation for Large Language Models

arXiv preprint arXiv:2310.05002, 2023, 202308 cite=19 

direct prompting
 in-context learning
 training a classifier
nearest neighbor search 



Advanced RAG 01: Small-to-Big Retrieval bolg

Advanced Method 1: Small-to-big retrieval
(Using smaller chunks enhances the accuracy of retrieval, while larger chunks offer more contextual 
information. )Step1: Create Smaller Child Chunks
For each of the text chunks with chunk size 1024, we create even smaller text chunks:
•8 text chunks of size 128
•4 text chunks of size 256
•2 text chunks of size 512

Step 2: Create Index, retriever, and query engine
When we ask a question and retrieve the most relevant text chunks, it will actually 
retrieve the text chunk with the node id pointing to the parent chunk and thus retrieve 
the parent chunk.

Avanced Method 2: Sentence Window 
RetrievalParse the documents into a single sentence per chunk, The sentence “window” (5 
sentences on either side of the original sentence) will be similar to the “parent” 
chunk concept. In other words, we use the single sentences during retrieval and 
pass the retrieved sentence with the sentence window to the LLM.



Precise Zero-Shot Dense Retrieval without Relevance Labels

arXiv preprint arXiv:2212.10496, 2022, 202212 cite=77



Promptagator: Few-shot dense retrieval from 8 examples

ICLR 2023, 202209 cite=119



Replug: Retrieval-augmented black-box lan- guage models

ACL2023 202303, cite=45



Replug: Retrieval-augmented black-box lan- guage models

ACL2023 202303, cite=45



Retrieve Anything To Augment Large Language Models

202310, cite=32



Open-source Large Language Models are Strong Zero-shot Query Likelihood Models for Document Ranking

202310, cite=11

利用LLMs作为查询概率模型（QLMs）。本质上，QLMs应该理解文
档和查询的语义，并估计每个文档回答某个查询的可能性。

不仅依赖LLMs估计的查询可能性分数，还通过使用加权分
数和线性插值QLM分数与第一阶段检索器的BM25分数

BM25：每个文档的得
分基于查询中的词与该
文档中的词的匹配程度
来计算



Llmlingua: Compressing prompts for accelerated inference of large language models

202312, cite=37



Longllmlingua: Accelerating and enhancing llms in long context scenarios via prompt compression

202310, cite=25



Longllmlingua: Accelerating and enhancing llms in long context scenarios via prompt compression



Large Language Model Is Not a Good Few-shot Information Extractor, but a Good Reranker for Hard Samples!

202310, cite=64

针对任务：（1）命名实体识别，（2）关系抽取，（3）事件检测和（4）事件参数抽取

当标注极为有限时，即标签类型和每个标签的样本极为稀少时，LLMs才会优于SLMs。
当样本较多（例如数百个）时，SLMs明显优于LLMs。
（1）SLMs通常优于LLMs，特别是在有更多训练样本和细粒度标签的情况下
（2）SLMs在时间和成本效率上都更高。
（3）在挑战SLMs的困难样本上，LLMs作为强大的重新排序器。



Large Language Model Is Not a Good Few-shot Information Extractor, but a Good Reranker for Hard Samples!

202310, cite=64


