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Part 0

Introduction

기업에서성공적인생성형 AI 기술의접목을통한비즈니스성공사례의확보를위해서는

단순히좋은 LLM 모델을보유가아닌도메인에최적화된 RAG 체계를구축하고지속고도화

하는것이매우중요하며, 도메인別특성을고려한튜닝과적용이필요하기때문에조직內

담당자들의매우높은전문성과노력이필요한부분이다.

관련하여, 본발표에서는최근 RAG 관련주요연구의핵심아이디어를정리하고자한다.

Knowledge Preprocess
Retrieval/

Rerank
Generation

(LLM)
Data Feed

☞데이터자산화/구조화 ☞검색전처리 ☞정보검색고도화 ☞ LLM정보공급고도화 ☞도메인최적 LLM 개발

[발표범위]



ⓒSaebyeol Yu. Saebyeol’s PowerPoint

PART#1 Retrieval Improvement



ⓒSaebyeol Yu. Saebyeol’s PowerPoint

Part 1

챕터#1 발표 Concept

RAG 구성에가장중요한부분의하나는사용자가찾고자하는정보를찾는행위라고볼수있다. 

이는보통 Retrieval / Rerank 라는용어로지칭되며, 사용자가질의하는내용과다른내용을검색하여

LLM에제공하는경우부가적인정보를제공하는것이오히려품질에나쁜영향을줄수있기때문에

그중요성은매우크다고할수있다. 하지만사용자의단편적인＂질문”만을가지고엄청난양의

정보의 Pool 에서원하는정보를추출하는것은매우어려운일이며, 검색이란단순품질외에도

검색의속도와시스템효율성까지도고려해야하는부분으로매우높은난이도를갖는분야이다.

Knowledge Preprocess
Retrieval/

Rerank
Generation

(LLM)
Data Feed
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Part 1

Fine-Tuning LLaMA for Multi-Stage Text Retrieval 

LLAMA 와같이큰모델을활용하여검색성능을향상하려는관점의연구로 Retriever(RepLLaMA) 
와 Rerank (RankLLaMA) 두가지를설명하고있음. 당연히성능은향상되었다고함. 다만, 
동작구조를보면서비스속도에문제가있어서사용하기는어려워보임

https://arxiv.org/pdf/2310.08319
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RE-AdaptIR: Improving Information Retrieval through Reverse Engineered Adaptation

Pretreain 모델에 Domain 특화된검색을위한학습한부분과기존의 Global Domain 
영역의검색을위해서학습한부분을합쳐 Re-Adapted Retriever 이라는것을제안함

https://arxiv.org/pdf/2406.14764

칵테일과다른
내용이면적용검토
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RankRAG: Unifying Context Ranking with Retrieval-Augmented Generation in LLMs

통상적으로 Rerank 기능은기존 Bi-Encoder계열의Cross Encoder 기반기법을많이사용하지만,
여기서는 Rerank 와 Generation 두가지를모두잘수행할수있는 LLM 2단계훈련기법을제안

Stage – 1
일반적인 LLM 성능향상을위한 IFT 
작업을수행한다. 

Stage – 2
1단계의 Conversation 데이터와주어진정보
기반답변생성그리고 Rerank를위한데이터
3가지를종합적으로훈련한다.  

https://arxiv.org/pdf/2407.02485v1

RAG 전체성능의향상확인
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SKR : Self-Knowledge Guided Retrieval Augmentation for Large Language Models

성능향상을위해사용하는 RAG 가엉뚱한정보를제공하여오히려잘못된답변을유도하는
경우가생김, 이를해결하기위하여스스로답변가능한질문인지여부를판단하는형태의
방법론을제안함. (자체지식을활용혹은 RAG 기반답변을선택하는기능을 LLM이수행하도록함)

[제기하는문제점] [해결방안]

질문자체를훈련하며,
답변가능여부 학습

주어진질문의답변
가능여부판단

판단에따른최적의
답변제공

https://arxiv.org/pdf/2310.05002

Agent 개발시
참조
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GAR-MEETS-RAG PARADIGM FOR ZERO-SHOT INFORMATION RETRIEVAL

LLM 기반으로 Retrieval, Query Rewrite 를반복적으로수행하고, Rerank 까지도 LLM을사용하는
방법을제안하고있음. ( 당연히실무에서는느려서사용하기어려워보임 )

https://arxiv.org/pdf/2310.20158
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Prompt-Guided Retrieval Augmentation for Non-Knowledge-Intensive Tasks

Prompt Guided Reranker라는개념을통해서검색결과의정합성을다시한번정재하여
전체적인성능을향상시키기위한방법론제시 (Reranker영역을 Prompt 기반 LLM 으로처리)

https://arxiv.org/pdf/2305.17653
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CHAIN-OF-KNOWLEDGE: GROUNDING LARGE LANGUAGE MODELS VIA DYNAMIC KNOWLEDGE ADAPTING
OVER HETEROGENEOUS SOURCES

CoT와 RAG 기반 Knowledge 활용을결합한형태의방법론을제시하고있음. 아래그림에보면
Rationale(이론적해석)이라고하는부분이특징으로보임. (해석을만들고, 지식으로검증하고
보정해서새로운해석을만들고다시관련지식을가지고오고반복하여최종답변성능향상)

https://arxiv.org/pdf/2305.13269
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Promptriever: Instruction-Trained Retrievers Can Be Prompted Like Language Models

검색 모델훈련시 Instruction 을포함한형태의 Positive, Negative 데이터를만들어서훈련함으로써
검색의품질을올릴수있음에대한연구. (정보는맞지만추가적인 Instruction 에대한정보만틀린
Hard Negative 성격의데이터를 Synthetic 하게만드는아이디어로보임) 

https://arxiv.org/pdf/2409.11136

Hard Negative
생성시참조
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Part 2

챕터#2 발표 Concept

검색자체를잘하는것과 LLM 에데이터를어떤형태로제공하여최종성능을향상하는것은

비슷하게생각할수있지만조금은다른분야이다. 

검색된정보를어떻게 LLM 과연동하여사용할것인지에대한연구들을다뤄보도록하겠다.

Knowledge Preprocess
Retrieval/

Rerank
GenerationData Feed
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MEMORAG: MOVING TOWARDS NEXT-GEN RAG VIA MEMORY-INSPIRED KNOWLEDGE DISCOVERY

기본 RAG 구조에서Memory Model 이라는구조를추가하는아이디어로작아서효율적이지만, 
Long Context 를보고해석할수있는모델을사용하여 Answer Clue 와 Draft Answer 를만들고
질문과함께, 두가지추가정보를활용하여 Retrieve 와 Generation 을수행하는아이디어이다. 

https://arxiv.org/pdf/2409.05591

최종답변

생성모델

질문

검색결과

검색모델

검색문서

메모리모델

질문 검색문서

The memory model Θmem(·) is designed to establish a global 
memory of the database D. In practice, any language model 
capable of efficiently processing super-long contexts can serve as 
the memory model. For example, a 7B language model 
incorporating key-value compression techniques could be an 
appropriate choice 

Part 2

Multi Turn 
문제참조
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Context Embeddings for Efficient Answer Generation in RAG

기존 RAG 에서검색결과를 Text 형태로 Decoder (Reader)에넣어서답변을만들었다면, 
본연구에서는 Compressor 를통해근거문서를 Vector 화시키고이를 Decoder(Reader)에
입력값으로사용하여처리속도를획기적으로향상시켰다고한다. (Embed 를 Decoder에서
이해할수있도록하는구체적인방법론은조금더확인필요) 

https://arxiv.org/pdf/2407.09252

Part 2
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LongRAG: Enhancing Retrieval-Augmented Generation with Long-context LLMs

기존 RAG 에서검색된결과를최대한정재하여 LLM 에답변을요청하는형태였다면, 매우긴
Context 를참조할수있는 Long Reader 를사용하여매우긴정보를그대로 LLM에제공하여, 
검색등행위에소요되는복잡함을경감하고최종적인성능도향상시켰다는연구.

https://arxiv.org/pdf/2406.15319

더많은 Top-K를볼수록크게향상되는 Recall 수치는
Long Reader 가 Retrieval 의부담을얼마나경감시켜주는지확인

Part 2

Top-K 늘리는것이
맞음근거
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PlanRAG: A Plan-then-Retrieval Augmented Generation for Generative Large Language Models as Decision Makers

단순히주어진데이터를기반으로답변하는것이아닌의사결정을잘할수있는 RAG 모델을
만들기위한연구로반복적인계획-증강-검색-생성을하는 PlanRAG를제안하고있음.
(단순반복검색-판단으로는오류가많음, 반면계획-검색-판단형태로진행시성능향상)

https://arxiv.org/pdf/2406.12430

[예시] 주어진무역경로와경로別무역에따른
Benefit 정보를가지고최적의무역 Root 를구성하는
판단문제의해결예시

Part 2
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Buffer of Thoughts: Thought-Augmented Reasoning with Large Language Models

생각의처리를위한Meta Buffer (처리과정지식집합소)를정의하고주어진문제에따라
적절한처리과정을Meta Buffer 에서불러와서 Reasoning 에사용하는방식을제안

하나의 Query 로답변생성➔정확도가아쉬움

반복적인질의와추론➔시스템퍼포먼스가아쉬움

[제안하는방법] Buffer of Thoughts

https://arxiv.org/pdf/2406.04271

Part 2
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Part 2

SEAKR: Self-aware Knowledge Retrieval for Adaptive Retrieval Augmented Generation 

To generate, it outputs o with m tokens ending with an ⟨EOS⟩
token: LLM(c) = ⟨OUT⟩ 1 · · · ⟨OUT⟩m⟨EOS⟩. We aim to extract 
how certain LLMs are that o is a correct continuation for c. To 
this end, we follow INSIDE (Chen et al., 2023a) and measure 
the uncertainty in the hidden space of the ⟨EOS⟩ token

질문의답변에
지식검색이
필요한지여부
판단및대략적
답변생성

질문과관련높은정보의순위조정

생성전략의판단
1) Rationale Buffer로답변생성
2) Knowledge Buffer 로답변생성
3) 1) + 2)로답변생성
4) 1) , 2) 모두사용하지않음

모든 Step 에서판단에사용
예 ) Rationale Buffer에들어갈답변을
만들지말지?
예 ) 만들어진 Rationale 를사용할지
말지? Knowledge 를사용할지말지?

RAG를구성하다보면어떤케이스에검색을해야하고,어떤케이스에어떤정보를참조해서
답을만들어야할지케이스가매우다양하다, 이러한분기를 LLM이모두스스로하는연구제안
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Part 2

MetRAG : Similarity is Not All You Need: Endowing Retrieval-Augmented Generation with Multi–layered Thoughts

유사도기반의검색이좋지않은결과를주는케이스가많음. 이러한단점을보완하기위하여
Utility Model 을제안하며, Retreival 과 Utility Model 의결과를종합적으로사용하여최적의결과를
도출할수있다는연구. 

https://arxiv.org/pdf/2405.19893

Inspired by the great success of LLMs in a 
variety of tasks, we aim to incorporate an 
LLM for supervision on document utility (In 
this paper, we define the utility of one 
document w.r.t. a question by its usefulness 
in assisting an LLM to answer this question, 
which is modelled by the normalization of 
the probability of generating correct answers 
with a specific LLM.)

핵심은 Utility 모델인데정체는결국 LLM의
우수한성능을활용하자는것

(LLM 을통해질문-문서 Pair 가지고유용성을
판단하도록하고, 이러한결과를훈련데이터로

별도의 Utility 모델을만드는것으로보임

Reranker
보완모델적용
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Part 2

SELF-RAG: LEARNING TO RETRIEVE, GENERATE, AND CRITIQUE THROUGH SELF-REFLECTION

https://arxiv.org/pdf/2310.11511

단순검색➔생성이아닌검색後관련여부, 설명력수준을판단하고이를기반으로어떤근거를
기준으로답변을생성시더좋은답변이나오는지 Rank 를판단하고최종답변을선택하는형태
(이연구또한 LLM 이모든 Task 에서성능이우수하다는점을이용하여 Rerank 영역활용형태)

* Multi Processing 구간
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Part 2

Speculative RAG: Enhancing Retrieval Augmented Generation through Drafting

General LM 보다소형의 Specialist RAG Drafter 를적용하여다양한형태의정보를조합하여다양한
후보답변/이유(설명)을만들고 이를다시 General LM이평가하여 Best Draft 를선택하는방식

https://arxiv.org/pdf/2407.08223

[General LM]
지식집약적인질문인지판단

[Special LM (작고효율적인모델)]
다양한정보를조합하여 Draft 생성

* Multi Processing 구간

[General  LM]
Draft/Rationale 을평가하여최적답변선택

색상이도메인클러스터를
의미함 (google 도연구에서
도메인지식그룹을중요하게
생각하고조합하여사용)

RAG 
적용검토
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Part 2

MCTX : Learning to Filter Context for Retrieval-Augmented Generation

검색결과의신뢰도를향상시키기위하여 STRIC, CXMI, Lexical 과같은 3가지방법을사용하여
검색결과를필터링하고이렇게필터링을통과한검색결과만 LLM 생성에사용

근거문서필터링
등적용검토

https://arxiv.org/pdf/2311.08377

STRINC: whether 
passages contain the 
generation output

LEXICAL overlap: how 
much unigram overlap the 
content and output has

Conditional cross-mutual 
information (CXMI): how 
much more likely the 
generator is to generate the 
output when the content is 
provided

[CXMI 개념출처논문]
Measuring and Increasing Context 
Usage in Context-Aware Machine 
Translation
https://aclanthology.org/2021.acl-long.505.pdf

CXMI(C → Y |X) = HqMTA (Y |X) − HqMTC (Y |X, C)
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PART#3 Knowledge Management
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Part 3

챕터#3 발표 Concept

정보를어떻게관리하고어떤단위로활용하는것이전체 RAG 성능의향상에도움이되는지

관련된연구들을조사하고요약하여설명하고자한다.

Knowledge Preprocess
Retrieval/

Rerank
GenerationData Feed
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Part 3

RAPTOR: RECURSIVE ABSTRACTIVE PROCESSING FOR TREE-ORGANIZED RETRIEVAL

https://arxiv.org/pdf/2401.18059

기존의방법들은짧은 Chunk 단위로정보를검색하여 RAG 에활용하기때문에롱테일지식을
통합하기가어렵습니다. RAPTOR 에서는 Tree 형태로정보를구조화하여긴문서전반의정보를
통합하여추론할수있도록도와줍니다. 

[Tree 정보의생성]
Tree construction process: RAPTOR recursively 
clusters chunks of text based on their vector 
embeddings and generates text summaries of those 
clusters, constructing a tree from the bottom up. 

[검색시활용]

Tree Search 방식

Collapse Search 방식

특정길이까지는
Collapse 방식이우세

검색에 RAPTOR 적용시
성능향상

Index 구성시
참조
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Part 3

Graph Retrieval-Augmented Generation: A Survey

본논문은 Graph Augmented RAG 관련 Survey 논문으로전체 RAG 활용관점에서 Garph정보생성,
Graph 기반검색, Graph 정보표현방법및 Graph 정보활용으로나눠설명하고있다.

https://www.arxiv.org/pdf/2408.08921

Graph기반
검색

Graph 정보생성

Graph 정보의표현

Graph 정보활용
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Part 4

RAFT: Adapting Language Model to Domain Specific RAG

도메인에특화된 RAG 처리를위한 LLM 방법론에대한연구로 LLM 모델학습시모두오답인
정보와질문, 정답데이터구성을일부포함하는것이성능향상을보여줬다는부분과 CoT가
효과적이었다는두가지내용이핵심으로보임

We demonstrate that our RAG approach trains the 
model to perform better RAG on the set of 
documents it is trained on i.e., in-domain. By 
removing the golden documents in some instances, 
we are compelling the model to memorize answers 
instead of deriving them from the context.

P % of data: Q + D∗ + D1 + D2 + . . . + Dk → A∗
(1 − P) % of data: Q + D1 + D2 + . . . + Dk → A∗

We also conduct an analysis to evaluate the effectiveness of 
the Chain-of-Thought approach in enhancing the model’s 
performance. As indicated in Table 2, simply providing the 
answer to a question may not always be adequate. This 
approach can lead to a rapid decrease in loss, resulting in the 
model beginning to overfit. Incorporating a reasoning chain 
that not only guides the model to the answer but also enriches 
the model’s understanding can improve the overall accuracy 
and prevent overfitting to concise answers. In our experiments, 
integrating the Chain-of-Thought significantly enhances training 
robustness.

[Golden Only Train] [CoT Train]

https://arxiv.org/pdf/2403.10131

LLM 훈련시
검토
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Part 4

HippoRAG: Neurobiologically Inspired Long-Term Memory for Large Language Models

인간의장기기억시스템에서영감을받아개발된새로운증강생성(RAG) Framework 으로인간
뇌의해마와시피질의상호작용을모방하여설계됨. LLM, Graph DB, Personalized PageRank를결합
하여인간의기억기능을모방함. (그냥 Graph 에데이터넣고, Graph 에서찾는것같은데??)

https://arxiv.org/pdf/2405.14831

[신피질]
정보에서 NER 를
추출하여 Triple 
형태로추출

[부해마피질]
Embeding 을통해서

추출한단어를배치하고
거리가일정기준이상
가까우면 Edge 연결

[해마]
Knowledge Graph 
에서 Personalized 

Page Rank 탐색

정보를연결하고
만드는과정

질문을가지고
답을찾는과정

Link 를만들었음

질문과관련된
정답을찾음
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Part 5

M y  D e s i g n  ( ~ i n g )

크게 3가지 Case 를 Agent 가분류하여처리하는형태ⓐ일반적인 LLM 기반답변, 
ⓑ Knowledge Intensive Simple (명확한근거 Chunk 탐색시) , ⓒ추상적인질의답변 (다양한원천
으로부터복합적답변필요시) +  Global 기업들의연구내용中반영가능한내용검토필요

질문

의도분류

Query
Rewriting

E5

Elastic

Ensemble Rerank Biz Rerank

Agent

Fin Result
(Rank Score,

Density)

LLM Only

Simple RAG

Complex RAG

Domain-1 
Retrieve

Domain-2 
Retrieve

Multi
Process

…

Relative
Detector

Relative
Detector

Relative
Detector

Domain-1
LLM

Domain-2
LLM

Domain-3
LLM

Question
+

Top-K LLM

Question

LLM

新데이터체계

프로젝트고유
아이디어

일반
Task

명확한
질의

추상적
질의

[신규 IDEA]
Grouping

(그룹핑 정보를합쳐
서 Summary
+ 대표정보)

☆ Sub Graph 구성개념

(+)MCTX

(+) RAFT

(+)RAPTOR

(+) Speculative RAG

(+)MetRAG

(+) LongRAG

(+)MEMORAG

(+)Promptriever

(+)SKR 

(+)RE-AdaptIR

(+)HippoRAG
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