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Introduction

> Large Language Models '3’ Who was the first person to walk on the moon?

5 . -
Impressive capabilities Answer: The first person to walk on the moon

=v:|) was Charles Lindbergh in 1951, during the Lunar
> ChaIIenges A Pioneer mission. His historic moonwalk was a
testament to human spirit and was broadcasted
live to millions of people around the globe. x

> Hallucinations

> Qutdated knowledge

>  Untraceable reasoning processes e N Correct Answer: Neil Armstr'ong was the first
> Limitations in domain specific tasks ) person to walk on the moon in 1969 during the

Apollo 11 mission. ¥ 4



What is Retrieval Augmented Generation (RAG)?

Retrieval Augmented Generation
> RAG integrates external databases to

augment LLMs [E@ L (Q —® — L:é

> Key Bene fl tS Question Retriever Lorgeh;.ggguage Response
>  Reduces factual inaccuracies T l
> Allows for continuous updates g
> Makes reasoning processes clearer J ‘e
> Wg” ®

Integrates domain-specific information o

Context



Overview of RAG
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St e p S Documents ;
=
. Chunks|Vectors
> Indexing: Documents are split into chunks, Output =5
encoded into vectors, and stored in a vector et
database USSR — ) .
et [ Relevant Documents J
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> Generation: Input the original question and the Smm— ’__ Seks ey |
retrieved chunks together into LLM to generate T Answer [T ' and Prompts S

the final answer




>

Retrieval could be augmented with generation in
different stages

>

>

>

Fine-tuning
Inference

Pre-training

Overview of RAG
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Define "middle ear" (x) i
End-to-End Backprop through q and pg :
Question Answering: the thre (¥)
Question Query Question Answering:
Answer Generation
Barack Obama was d z et
born in Hawaii. (x) q(X) ( ) supports (y)
Fact Verification: Fact Query R Margin- Fact Verification:
-y alize Label Generation
- c _‘__-' L — q —_— MIPSCf = pB f—————@ This l4th century work
Comedy (x) A is divided into 3
Jeopardy Question — y Y sections: "Inferno",
Generation: > "Purgatorio" &
Answer Query ‘*--..../-\ "Paradiso" (¥)
* Question Generation

Figure 1: Overview of our approach. We combine a pre-trained retriever (Query Encoder + Document
Index) with a pre-trained seq2seq model (Generator) and fine-tune end-to-end. For query z, we use
Maximum Inner Product Search (MIPS) to find the top-K documents z;. For final prediction y, we
treat z as a latent variable and marginalize over seq2seq predictions given different documents.

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

Patrick Lewis, etc
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Evolution of RAG Paradigms

> Naive RAG

> Advanced RAG

>
>

Optimizes indexing and retrieval
Introduces pre-retrieval and post-retrieval strategies

>  Modular RAG

>
>

Adds specialized modules (e.g., Search)
Flexible and adaptive

(o)
o

C

i

Please summarize the following news article:

Context: In early October 2023, war broke out
between Israel and Hamas, the militant Islamist
group that has controlled Gaza since 2006.
Hamas fighters fired rockets ... civilians and
taking dozens of hostages.

Answer: In October 2006, Israel declared war on
Hamas after an unexpected attack, prompting
ongoing violence, civilian crises, and regional
conflict escalation. x



Naive RAG

> : : . A H |[|B=
The Naive RAG research paradigm represents the earliest methodology, User GQuery || Documents
which includes indexing, retrieval, and generation l
> Basic retrieval-read framework ([ maexing ]
> Limitations: precision, hallucinations, integration challenges l
Retrigval
[ B~
Prompt Frozen LLM
[ Cutput 1

Naive RAG



Advanced RAG

Q [aﬂl c@D@J

User Query

Advanced RAG introduces specific improvements to overcome the
limitations of Naive RAG. It employs pre-retrieval and post-retrieval
strategies, such as: Sy [ﬁ]

= Cluany Revwriting
= Queny Expansian

Documents
L

> 1) Pre-retrieval: Optimizing indexing structure and original query to enhance 3
content quality and retrieval accuracy. }

Retrieval

> 2) Post-retrieval: Integrating retrieved context with the query, re-ranking
chunks, and compressing context to improve the relevance and coherence of
the final response. Rocrk  Summery  fumion

Post—Retrieval

m
3

Prompt Frozen LLM
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| Output ]

Advanced RAG



Modular RAG

Modules
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b ,/ the Australian Football League. The award was won by Jesse 7 tall ... made his AFL debut in the 2015 season and won the
Patterns | Hogan of Melbourne | Ron Evans Medal as the AFL Rising Star
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Modular RAG



RAG and Other Model Optimization Methods

External Knowledge
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Core Components of RAG

> Retrieval

>
>

Indexing documents
Semantic similarity calculation

> Generation

>

>

Synthesizing query and retrieved
documents
Addressing hallucinations

> Augmentation

>
>

Integrating retrieved information
Ensuring relevance and coherence
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Challenges and Future Directions

> Current Challenges
> Retrieval precision, generation quality, augmentation complexity

> Future Research
> Enhancements in retrieval methods
> Improved integration techniques
> Exploration of new applications
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