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Large Language Models (LLMs)

8 billion parameters

https://github.com/Hannibal046/Awesome-LLM/tree/main



Capability of Large Language Models (LLMs)

Natural
Language
Processing

Input Text (4 ) Generated Text
[ J = O LLamA =) [ }

Large Language Models (LLMs) !




LLMs in Downstream Domains

Education

Chemistry

Healthcare

Li et al, 2024, Empowering Molecule Discovery for Molecule-Caption Translation with Large Language Models: A ChatGPT Perspective,

(] Molecule discovery, etc.
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Chemical
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(a) Molecule Represen-
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(b) Molecule Caption-
ing.

S

/"_——“\
[ cro)cec=ce=c1

The mnleculz
.[Structure].. |
[pmp:n:f w@w “Q‘ |

Liu et al., 2024, MolecularGPT: Open Large Language Model (LLM) for Few-Shot Molecular Property Prediction,
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) & ChatGPT

(a) Molecule Captioning

\
ﬁ/PIzase show me a description of this molecule: ] @

CCI CC=C(C=C1)0C2=CC=CC=C2"

f

| The molecule is an aromatic ether in which the
oxygen is attached to two phenyl substituents.
It has been found in muscat grapes and vanilla.

It has a role as a plant metabolite.
-

~

(b) Text-based Molecule Generation

Help me generate a molecule based on the \
iven description:

e molecule is a quinolinemonocarboxylate that
s the conjugate base of xanthurenic acid,
obtained by deprotonation of the carboxy group.
Chas a role as an animal metabolite. It isa

e

conjugate base of a xanthurenic acid.
(CI:CCZ=C(C(=Cl)[0-])NC(=CCZ=0)C(=O)O
|

™

|
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LLMs in Downstream Domains

[Education]

{Chemistry] {Healthcare]

o

Zhang et al., 2023, HuatuoGPT, towards Taming Language Model to Be a Doctor

 Medical consultation, etc.

@ Patient-friendly & Doctor-like
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LLMs on Graph-structured Data
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: : GNNs+LLMs

I

Text Features
Graph Description: <node_1> is connected to
<node_3>, <node_4>, <node_7> within one hop..I
Graph Feature: Paper_1's Title is ... and the |
Authoris ....; Paper_2's Title is ... I

l

Q&A
@ i
Molecule
Prediction

Fan, et al., 2024, Graph Machine Learning in the Era of Large Language Models (LLMs).



LLMs in Data Engineering Applications

Data Processing Database Optimization Data Analysis |

Schema __© Entity
Matching A Matching

LLM Agent
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Li, et al., 2024, LLM for Data Management.



LLMs in Data Engineering Applications

User Question é
- - Could you tell me the names of the 5 leagues with the highest matches
TEXt to S Q L by L L M S of all time and how many matches were played in the said league?
User
Database Schema ?
* LLMs enable natural language e | | Execution Results
. . . eague
querying without SQL skills. S re—
{"league id" integer, ain
” gir:egeT, .l;ri rz?m . 2 3040 Spain LIGA BBVA (;o'\
* LLMs handle complex questions with e i [ 3040 France Ligue | G
] "country id" integer,
accurate SQ L tranS|atI0n . "Seasotg_text, < LLM 3040 England Premier League 6
"stage" integer,
"away_player 1" integer, 3017 Italy Serie A ‘
. . | "possession"” text,
* LLMs improve query efficiency and "goal” text s Ntk i ()

primary key("id")}

reduce manual errors.

Generated SQL Query f
SELECT League.name, count(Match.id) FROM Match INNER —=]
JOIN League ON Match.league id = league.id GROUP BY - g
League.name ORDER BY count(Match.id) DESC LIMIT 5 Database

Hong, et al., 2024, Next-Generation Database Interfaces: A Survey of LLM-based Text-to-SQL.



Challenges and Risks of LLMs

O Domain-specific knowledge & expertise

LLMs cannot perform well in many domain-
specific fields like medicine, law, finance and more
because of the lack of domain-specific knowledge
and expertise.

O Hallucination

the generation of inaccurate, nonsensical, or
detached text, posing potential risks and
challenges for organizations utilizing these

models.
Q =
O Privacy u ':
Various risks to data privacy and O Inconsistency
security exist at different stages of LLMs, which Sometimes they nail the answer to questions,
becomes particularly acute in light of incidents other times they regurgitate random facts from
where sensitive internal data was exposed to their training data.
LLMs.
10




LLM challenges in Vertical Domains

(J Domain of Law

Journal of Legal Analysis, 2024, 16, 64-93

https://doi.org/10.1093/jla/1aae003
Advance access publication 26 June 2024

OXFORD Article

Large Legal Fictions: Profiling Legal
Hallucinations in Large Language Models

Matthew Dahl’, Varun Magesh', Mirac Suzgun#, and Daniel E. Ho$

In a new study by Stanford RegLab and Institute for Human-
Centered Al researchers, it is demonstrated that legal hallucinations
are pervasive and disturbing: hallucination rates range from 69% to
88% in response to specific legal queries for state-of-the-art
language models.

Dahl M, et al. 2024, Large legal fictions: Profiling legal hallucinations in large language models.

Hallucinations are common across

all LLMs when they are asked a direct,
verifiable question about a federal court
case

1.0
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o o 9
~ &

Mean Hallucination Rate
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Why Large Language Models Work Well?

1 Big Model + Big Training Data

Storing knowledge in the Storing knowledge in the non-
parametric model ! parametric model?

Information Retrieval (IR)

12



Retrieval-Augmented Large Lanqguage Models (RA-LLMs)

O LLMs cannot memorize all (particularly long-tail) knowledge in their parameters
O Lack of domain-specific knowledge, updated information, etc

\ 4

Hallucination & Unable to answer » Re-training / Finetuning ?

&t

@ Which countr i
§ y won | 4 ) ) €——— t Pre-trained
@ p % l' fl‘ LLMS

—
[

(7As of my last update \

in January 2022, I
can't provide which l
country won ... 2023. J

—

Costly & Heavy
Work

Context

Retrieval-Augmented
<2 Database Generation (RAG) for LLM:

o == 5 En = ewen -(.._ o
| Additional information: ) RA-LLMs

{ New, Domain-specific, etc.|

s =i G 0 S G e o o -—— 13

=
=7
> 5} External

Query =

Spain won the
Women's World Cup
2023.




Integrating Information Retrieval in Generation: RA-LLM

/ External Knowledge Base ) 4 Training Data Base N
* High quality * Low quality
* Specialized e General
* Limitedscale * Massive
. Easy-updated Y, \_* Hardto update Y,
S —
—
—|
D Qe
— T — g— ’
. ’ ] . .
Information / Knowledge Content generation Retrieval augmented generation
retrieval Close-book exam Open-book exam

(Hard mode, have to (Easy mode, allow to search
remember everything) in reference) .



Data Engineering-Powered RAG

* HNSW on hardware reduces memory bottlenecks in search.
* Disaggregated DB design scales retrieval and generation independently.
* FPGA-accelerated ANN boosts retrieval speed and throughput.

* Prompt (context):

3 e -‘
John von Neumann was _ External Knowledge Retrieval
¢ database
@ context vector | Vector vectors
Search \
Large Language &3 '
Model (LLM) 7 la— , X‘F\
nearest /
_ Neumann neighbor
Generation: |Ilum_|nated vector IDs S
the fields of texts
John von Neumann was mathematics, )
known for his scientific computer N Texe | rawtexts =y
contributions in computer L science, ... J.a-‘ Store é
science, mathematics, ... @ retrieved texts L )

15
Jiang, et al., 2024, Chameleon: a Heterogeneous and Disaggregated Accelerator System for Retrieval-Augmented Language Models.



Integrating Data Management in Generation

D
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Documents
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Create outlines of
documents, and quickly find

Embedding

Fast indexing
Optimizing Storage
Query Optimization

4 Document Management N

/

Vector DB

knowledge)

Content generation

Efficient and accurate
retrieval augmented
generation



A Comprehensive Survey Paper

A Survey on RAG Meeting LLMs: Towards Retrieval-Augmented
Large Language Models
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 Our research group are actively recruiting self-motivated postdoc,
Ph.D. students, and research assistants, etc. visiting scholars,

interns, and self-funded students are also welcome. Send me an email
if you are interested.

R

»* Research areas: machine learning (ML), data mining (DM), artificial intelligence
(Al), deep learning (DNNs), large language models (LLMs), graph neural
networks (GNNs), computer vision (CV), natural language processing (NLP), etc.

** Position details:

https://wengifano3.qgithub.io/Jopenings.html

19
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PART 2: Architecture of RA-LLMs and Main Modules

O RA-LLM architecture overview

O Retrieverin RA-LLMs

O Retrieval results integration

Presenter
Dr. Yujuan DING
HK PolyU

O Pre/Post-retrieval techniques

O Special RA-LLM paradigms

21



RA-LLM Architecture: Standard Pipeline

(d Technical component illustration in a RA-LLM for the Q&A task

Major components (necessary)

___________________

" "Which country
| won the |
' Women'’s World
| Cup 2023"

___________________

Input
(Question)

----------------

Pre-retrieval
process

B
------------------------------------------------------------------------------------------------------------------------------------------------------

Post-retrieval |
process 5

22



A Simple Retrieval-Augmented Generation Model

—————___.———————_———_————_———————_—___-_—————_————__—————_--h—_—_s

d RAG | . Integration: concatenating each retrleved passage with the question

——
-
—_———_——
——

[Retrieval: DPR + MIPS LGfEa/tlon BART |

InpuUt = > Outputt

heEine Budiiile st (. _____________________________ The middle ear includes
End-to-End Backprop through q and pg the: tympanie cavity @ng
Question Answering: the three ossicles. (y)
e ﬂluery Retriever p, Document Generator pg\i Ouestion Anewsing:
Encoder (Non-Parametric) Index (Parametric)
Barack Obama was d(Z) 5 : supports /()
born in Hawaii. (x) q(X) . -
Fact Verification: Fact Query - -y - &N Margin- Fact Verificatign:
% :Yq % alize Label Generation
” - /\ I~
The Divine "ﬁ —7 | .
<€ ] 4
MIPS 2, | ~— ] B (B
Jeopardy Question ~ x sections: "Inferno",
Generation: "Purgatorio" &
Answer Query — ; : "pParadiso” (y)
\\ + J Question Generation

23
Lewis et al. 2020. “Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks”



A Simple Retrieval-Augmented Generation Model

J In-Context RALM

'-‘___——__————_————————___—————_—_—————-—_.————_———_———_—_—_————__

____—_________./
-
-
S
-
-
-

MI: BM25/BERWQ L_,Ge\neﬁtlon GPT-
series

=
Input g e} > QUTtpUL
=l

,( Retriever} _ _ . FIFA World Cup 2026 will | R B
: .expand to 48 teams.
World Cup 2022 wasthe /' S Language _____ ,. 48inthe 2026
last with 32 teams, A o World Cup 2022 was the M'Odel . tournament.
before theincreaseto T TTT-- > last with 32 teams, before
then"lcreaseto ; i e e :

24
Ram et al. 2023, In-Context Retrieval-Augmented Language Models



PART 2: Architecture of RA-LLMs and Main Modules

O RA-LLM architecture overview
O Retriever in RA-LLMs

O Retrieval results integration

Website of this tutorial O Pre/Post-retrieval techniques

O Special RA-LLM paradigms

25



RA-LLM Architecture: Retriever Types

 Different types of retriever deliver

different generation performance
Relevance Retriever

measurement learning

B No Retrieval B BERT Contriever B Spider B BM25
40

378379 Sparse Task-specific
o P pre-trained
19.9)20.0
175l Dense General-purpose
o pre-trained

GPT-2 117M (S) GPT-2 1.5B (XL)

Perplexity
w
o

N
o

26
Ram et al. 2023, In-Context Retrieval-Augmented Language Models



Dense v.s. Sparse Retrievers

Sparse Retrievers (SR)

Dense Retrievers (DR)

@

Query

{ * Relevance Scoring
A g

—> Retrieved Results

Chunkina/ (Chunks/Documents/
4-[ Umﬁ Tokemzurg\g/ ]—_’[ @ Indexing ] Tokens/Entities/..)
Da'l'abase

[ ¥ Relevance Scor'ing]
- |

Query X —

Retrieved Results

‘ o Chunking/ (Chunks/Documents/
= Hmﬁ Tokemzmg/ H Q Indexing ] Tokens/Entities/..)
Database

27




Dense v.s. Sparse Retrievers

Sparse Retrievers (SR) o

(* Relevance Scorlng — =1 =
* Feasible toapply Query ) = = =

—> Retrieved Results

. : .. Chunkina/ (Chunks/Doc.utnen'rs/

ngh efﬁaency E 4{ Hﬁﬁ Tokemzugg/]——'[ O Indexing ] Tokens/Entities/..)
Database

* Fine performance

* Example: TF-IDF, BM25

28



Dense v.s. Sparse Retrievers

Dense Retrievers (DR)

* Allowing fine-tuning

* Better adaptation

Relevance Scor'ing] l

—

e Customizable for more 0 "
retrieval goals ’ 5B =me "‘QJ [L)B mbe '"9] =| I=] =
Query ry

1?

Retrieved Results
e Exam P le: DPR , Chunkin (Chunks/Documents/
' ‘ g/ ur
Contriever Hmﬁ Tokemzmg/ }—‘[ \‘:) Indexing ] Tokens/Entities/..)
Da'l'abase

29




Task-Specific Pre-trained Retriever (Supervised)

J Dense Passage Retriever (DPR): Pretrained for Question Answering (QA)

% Itis generally believed that learning a good o
dense vector representation needs a large
80"
number of labeled pairs of question and S
contexts. >
| 970
% Dense retrieval methods have never be =
O
shown to outperform TF-IDF/BM25 for & 0. BM25
: ~ —— # Train: 1k
opendomain QA before ORQA (Lee et al,, S % Train: 10K
2019), which is unfortunately F 50 —— # Train: 20k
. . : . —<— # Train: 40k
computationally intensive for pre-training e # Train: all (59K)
and not specifically trained on Q&A data 40 7 e = = o5

k: # of retrieved passages

30



Task-Specific Pre-trained Retriever (Supervised)

J Dense Passage Retriever (DPR): Pretrained for Question Answering (QA)

Two independent BERTs

T

-
0_*'?‘_,

.

Inner Product Similarity
sim(q,p) = Eq(@)"Ep(p)

B Encoder Eq( )

Query

-

Al‘_)B Encoder Er( ) [

>

A

Database [

7 gae

Relevance Scoring]_, Retrieved Results

> im(9. p) (Chunks/Documents/

Chunkmg/

Y Y

ﬂmﬁ Tokemzmg/

Tokens/Entities/..)
@ Indexing ]

31

Karpukhin et al. 2020. “Dense Passage Retrieval for Open-Domain Question Answering”



Task-Specific Pre-trained Retriever (Supervised)

J Dense Passage Retriever (DPR): Pretrained for Question Answering (QA)

* Training with in-batch negatives

* Learning Objective

L(qz'aprj—aprzla e 7p7:n)

esim(gi,p;)

= —log
6sim(qi,pj) n Z?:l 651m(CIiaPi,j)

 Training data: Question-Passage Sets
Negative

_ H [ — _
D = { quz 7pz',17 T 7pi,n> ;,?il sample
selection?

e
Irrelevant passages —

Relevant passage

Question

Karpukhin et al. 2020. “Dense Passage Retrieval for Open-Domain Question Answering”

Training batch

G .. P
pOSItlve ...It was incorporated
Who founded by Jobs and Wozniak
Apple? % as Apple Computer,
Inc. in1977. ...
+
" 4
What is the 12-year-old Spanish
name of %, |football club Real
Spain's most * | Madrid is undoubtedly
famous soccer the best football club
team? Spain has ever...
negathves
L+
q”l s pn
Who was the L I\hom_als Um,““'ﬁa‘tjwe
first minist % | Aguiyi-lronsi seize
head of stats in Rowerurng e
i ensuing chaos after
Nigeria the 15 January ...




General-Purpose Pre-trained Retriever (Unsupervised)

 Contriever: Pre-trained with unsupervised learning

Might improve robustness
in the context of zero-shot

Same BERT encoder for queries and documents |o O Q

transfer or few-shot
learning, while having no

Q 4{ Lpg Encoder E( )

Query

impact on other settings
/

|

Y
Relevance Scoring

. ]——' Retrieved Results
,S'm(q' P) (Chunks/Documents/

Chunking/ >
Umﬁ Tokemzmg/
Database

.

©

F Tokens/Entities/..)
Indexing ]

Inner Product Similarity
sim(q,p) = E(q)"E(p)

Contrastive learning with
unaligned documents

exp(s(q, k1 )/7)
exp(s(q, ki) /T) + iy exp(s(q, ki) /7)

L(Qa k—i-) - =

33

lzacard et al. 2022. “Unsupervised Dense Information Retrieval with Contrastive Learning”



DPR & Contriever Performance on OpenQA Tasks

End-to-end QA (Exact Match) Accuracy

Both widely applied in

Training Model NQ TriviaQA WQ TREC SQuAD R AG an d R A_ LLM S
Single BM25+BERT (Lee et al., 2019) 26.5 47.1 177 213 33.2
Single ORQA (Lee et al., 2019) 393 45.0 364 30.1 20.2
Single HardEM (Min et al., 2019a) 28.1 50.9 - - - . . .
Single  GraphRetriever (Min et al., 2019b) 345 560 364 - - DPR in Contrieverin
Single PathRetriever (Asai et al., 2020) 32.6 - - - 56.5
Single REALMy;i; (Guu et al., 2020) 392 - 40.2 46.8 - .
Single ~ REALMyeys (Guuetal,2020) 404 - 407 429 - RAG, FiD, RETRO, | | Self-RAG, Atlas,
BM25 326 524 299 249  38.1 EPR, UDR, ... RAVEN, ...
Single DPR 41.5 56.8 346 259 29.8
BMZ5+DPR 39.0 57.0 352 280 36.7
Multi DPR 41.5 56.8 424 494 24.1
BM25+DPR 38.8 57.9 41.1  50.6 558 NaturalQuestions TriviaQA
R@5 R@20 R@100 R@5 R@20 R@100
Inverse Cloze Task (Sachan et al., 2021) 323 509 66.8 402 875 3.6
Both betterthan _Masked salient spans (Sachan et al., 2021) 417 598 749 533 682 794
the sparse retriever! | BM25 (Ma et al., 2021) ~ 629  78.3 _ 76.4  83.2
Contriever 47.8 67.8 82.1 59.4 71.2 83.2

supervised model: DPR (Karpukhin et al., 2020) - 78.4 85.4 - 79.4 8p.0



Task-Specific Pre-trained Retriever (Unsupervised)

J Spider (Span-based unsupervised dense retriever)

/7

% Recurring Span Retrieval: It is based on the notion of recurring spans within a document: given
two paragraphs with the same recurring span, we construct a query from one of the paragraphs,
while the other is taken as the taraet for retrieval

.. The books of Exodus, Leviticus and Numbers —|—

St ains g maintain that Aaron received from God a monopoly over pl
/ God at Sinai granted Aaron

ql , and he became the first
High Priest of the Israelltes

.. During the journey in the wilderness, Aaron was not pl
always prominent or active ...

___________________________________

Ilmagine (John Lennon Song)

Several poems from Yoko Ono's 1964 book Grapefrwt' p2
----------------------------------- nspired Lennon to write the lyrics for "Imagine”.
'Lennon said that much of the song's lyrics and content /_ spired Lennon to write the lyrics for lImagine”..

I
Qé icame from his wife ¥eke-Bre, and in 2017 the process E
I

'Eo_g_w_e_Y_ol_(o_ co-writing ¢ r_eEi 1 I Imagine (John Lennon Song)

I

I
. Imagine was written during the Let It Be session. | p2
|Lennon finished composing "Imagine’ one morning ... !

___________________________________

Ram et al., 2022, Learning to Retrieve Passages without Supervision



Task-Specific Pre-trained Retriever (Unsupervised)

4 Learning and results of Spider

.. The books of Exodus, Leviticus and Numbers
J J maintain that Aaron received from God a monopoly over pl
J :God at Sinai granted Aaron
ql , and he became the first
High Priest of the \sraehtes

... During the journey in the wilderness, Aaron was not pl

always prominent or active ...

___________________________________

IImagme (John Lennon Song)

! . Several poems from Yoko Ono's 1964 book Grapefrwt' p2
J TLennon said that much of the song’s lyrics and content | / nspired Lennon to write the lyrics for 'Imagine’..

q icame from his wife ¥eke-8ne, and in 2017 the process !
2 to give Yoko co-writing credit |

___________________________________

L Imagine was written during the Let It Be session. | p2
iLennon finished composing "Imagine’ one morning ... |

___________________________________

exp (s(q},p;))
> (exp (s(dfp))) +exp (S(Q5apf)))

— log

:Imagine (John Lennon Song) —

¢ ICT ® BM25
A Spider (Ours) + BM25 == == DPR

Spider (Ours)
DPR + BM25

100

oo
o

Top-k retrieval accuracy (%)

0 20 40 60 80 100

36



Retrievers for In-Context Learning of LLMs

 Prompt Retriever

d Examplar Retriever (CEIL)

Mat is the length of the longest river in the usa?

Which states border the
shortest river in the usa?

[—1) rivers 2) #1 in the usa 3) lengths of #2 4) ... ]

-

Which states border the
longest river in the usa?

Positive
Examples

Ex(-)

.
2

Creating
Training Data

1) the usa 2) rivers of #1 3) 1) the usa 2) rivers of #1 3)
Utterance Y
how long are #2 4) ... how long are #2 4) return ... Encoder
7 Er— 0.9 Exemplars  Input
R N .
— . : / !
= (" What is the longest river in ) g (" What is the longest river in "\ Contrastive
1 | Ru the smallest state in the usa? J 05 the smallest state in the usa? Learning DPP O - A
[ Unsupervised 1) states 2) size of #1 3) #1 Scoring 1) states 2) size of #1 3) #1 Retriever g LM
N N Retriever where #2 is the lowest 4) ... LM where #2 is the lowest 4) ...
= \ J 2 J ‘1‘ }
Training /" Which states border the 0.1 Which states border the
Data longest river in the usa? / shortest river in the usa? £ E . .
ne . gres—
D 1) the usa 2) rivers of #1 3) 1) the usa 2) rivers of #1 3) ,g P ( ) DPP — —— T M
Hard Negative Prompt . T
how long are #2 4) return ... how long are #2 4) ... Examples P ,A\llgnmenl N
. 3 y, L 3 P Encoder Scores Loss Scores
Candidate Prompts 8 o
. 113 . . . n
Rubin et al. 2023. “Learning To Retrieve Prompts for In-Context Learning 37

Ye et al. 2023. “Compositional Exemplars for In-context Learning”




Search Engine as Retrievers

J Traditional retrieval methods

*» May be difficult to update to real-time web
documents

»* May be alimit to the number of documents
storable in the pre-defined database

% Will not take advantage of the high quality

ranking that has been finely tuned in

Internet Search engines over decades of

use

Komeilli et al., 2021, Internet-Augmented Dialogue Generation
Jiang et al. 2023, Active Retrieval Augmented Generation

Google |3 Bing

Input

Search results: D,

[1]: Search results: Dy, Retriever
2] a3. =
Search results: Dq3
i Q
[2]: ...

X

X Generate a summary about Joe Biden.
Y1 Joe Biden attended

q2 [Search(Joe Biden University)]

Y2 the University of Pennsylvania, where he earned

q3 [Search(Joe Biden degree)] -/‘I?.

Y3 alaw degree.

38



Knowledge Graph (KG) for Retrieval

] Text-based retrieval

m Measuring only semantic similarity between two texts

? ~ @)l
X Overlooking knowledge-level association P O-El 0.
Question \ Pr'ompT Generation An;wer'
E Cannot capture structured relationship
e A .

Offlin

|=>' .. .=D =X rd = Ofline

=P Online

Corpus Graph Graph

e.qg., Global Financial Crisis and The 2008 Recession Index  Refrieval

Harry Potter and Fantastic Beasts which are both written
by J.K. Rowling

Ma S, et al., 2025, Think-on-Graph 2.0: Deep and Faithful Large Language Model Reasoning with Knowledge-guided Retrieval Augmented 39
Generation



Knowledge Graph (KG) for Retrieval

1 GraphRAG: aggregates nodes into communities, and produces a community
report to capture global information

. . Source Documents ] [ Global Answer J
E RAG fails on global questions ( _

] i text extraction query-focused
directed at an entire text land chunking Tsummarization
COrpus [ Text Chunks ] [ Community Answers )
e.g., What are the main domain-tailored query-focused
themes in the dataset7 summarization summarization

[ Entities & Relationships ] [ Community Summaries J
domain-tailored domain-tailored
summarization community summarization

[ Knowledge Graph } detection { Graph Communities )

( Indexing Time ] Pipeline Stage [ Query Time J

40

Edge D, et al., 2024 From local to global: A graph rag approach to query-focused summarization.



Knowledge Graph (KG) for Retrieval

J KG-Retriever with Hierarchical Index Graph (HIG)

Document-level Retrieval
+

Text: Adam Collis is an American filmmaker and actor. He attended
the Duke University from 1986 to 1990. Collis first work was the

assistant director for the Scott Derrickson's short "Love in the
Ruins" (1995).

/

H actor Duke University from 1986 to 1990
— ] w a /
' studied at
m — .
] Adam Collis
N : e3> American filmmaker
worked or\ :
- film by : .
"Love in the Ruins" HIG Constructio
T Scott Derrickson N
m — . KG
Entity Entity
J '
' ~ Entity relation
— ; KG !
{ Entity Entity ;
7 LLM & ICL ~ Entity " relation

Question: Were Scott Derrickson and Ed Wood of

KG-level Retrieval

the same nationality?
l Search

-----

N

Hierarchical Index Graph

I N

Document-level Graph

Entity-level Graph

v

Augmenting
s

Answer: Yes, Scott Derrickson and
Ed Wood were the same nationality.

_

—~

Reterival strategies .
Response Generation

Index Construction

41
Chen W, et al., 2024, Kg-retriever: Efficient knowledge indexing for retrieval-augmented large language models



Knowledge Graph (KG) for Retrieval

1 ArchRAG (Attributed Community-based Hierarchical RAG): augmenting the question
using attributed communities
A/ Q) community O Entity D/ Q) Community Vector () Entity Vector

. . . . chunk || .
 Hierarchical indexing = P FEA/A P -\

Doc A Chunk 1 i Neighbor,
: /%) / Se.ur'c/
. . boc B Chunk || '
O Attribute community ™ - Q

1
o ibuted
— / - ".?sfif'ng _
Chunk ||  TTTTTTTTTOOT L/
- 2 Lo

N e e e e ————

L

JlE

g
<=—T1

D ff. . Ofﬂme Doc N LO et
E Icient H N SW Indexing @ K& Construction @ Attributed Cluster'mg ® Index Construction
4 '
Community Analysis
Onl_lne > _. Title: General Blood and Hospitals| —— | In this community, the S 0
Retrieval - i ¥
- Description: The company ... company's process aimed S
@ Query Vector L2 l J to balance excesses .. \ /A; Based on thekE
r N —
05 1 Community e : \, analyst reports:
~ Title: General Blood General ’Sﬁz"ﬁsinvolved General Blood's
Q: What flow ' ™ %ﬁg;ﬁ:ﬁc:sm:umw, —— | in the distribution of — | primary focus was on
of goods and distributor of human blood, Wl ces) G, m_o'nq_ging.qnd
services were 1  Platelets, and plasma. .. ) and plasma distributing human
managed and I blood, platelets, and
distributed by d\.. (- Entity R ( Analysis N plasma.
General Blood? ~~. | Title: Flow of goods and services ___, | There is no evidence in - /
Description: one of the factor the provided data ...
that underlie ) e
@ Hierarchical Search @ Adaptive Filtering-based Generation

42
Wang S, et al., 2025 ArchRAG: Attributed Community-based Hierarchical Retrieval-Augmented Generation.



PART 2: Architecture of RA-LLMs and Main Modules

O RA-LLM architecture overview
O Retriever in RA-LLMs

O Retrieval results integration

Website of this tutorial O Pre/Post-retrieval techniques

O Special RA-LLM paradigms
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Retrieved Results Integration: Input-layer Integration

J REALM

- —_— _- _- Y e
e EI Retrieval Retrieved Results VAR ;( Generator @
Input Q | (Chunks/Documents/ S t @ (LLMs)

Output
Tokens/Entities/..) utpu

Integrating the IMASK] z; [SEP] x | —- — P(y|x,z) Weighted aggregating

retrieved passage the prediction results
z and x the IMASK] 7, [SEP] x —- —¥ P(y|x,2,) . based on all retrieved
original input 5 passages
[MASK] 7, [SEP] x  —b> > POolxz) Y PE|0P(Y|x2)
=7

44
Guu et al. 2020. “REALM: Retrieval-Augmented Language Model Pre-Training”



Retrieval-Augmented Generator

Typical encoder: p(v|x)

{shifted right)

X: we paid 20 __ at the
Buckingham Palace gift shop

Knowledge-augmented encoder:p(v|x, 2)

X: we paid 20 __ at the
Buckingham Palace gift shop

z. Buckingham Palace is home
to the British monarchy

________________________________________

explicit knowledge
45



Retrieved Results Integration: Output-layer integration

o EI Retrieval Retrieved Results ———
Input Q (Chunks/Documents/
Tokens/Entities/..)

‘ Output
Generator ===l |I===| |7--
y P LLMs
( ) Generated Results

46



RA-LLM Architecture: Output-layer Integration

1 kNN-LM: Combining retrieved probabilities and predicted ones in generation

Training contexts Targets Context reps

Obama was senator for | lllinois Ny - Context-based
Barack is married to | Michelle similarities

Obama was bornin | Hawaii

Hawaii | 0.8

t lllinois | 0.2 \

Obama is a native of | Hawaii

Hawaii | 0.6

Interpolation

lllinois | 0.2
Test contexts Targets Context reps

: Hawaii |o0.2 /

lllinois | 0.2

Obama’s birthplace is? | ?

Language
model prediction

47
Khandelwal el al. 2019. “Generalization through Memorization: Nearest Neighbor Language Models”



Retrieved Results Integration: Intermediate-layer Integration

Q |.=Ql Retrieval Retrieved Results
Input (Chunks/Documents/

Tokens/Entities/..)

s } @

Output

48
Borgeaud et al. 2022. Improving Language Models by Retrieving from Trillions of Tokens



Retrieved Results Integration: Intermediate-layer Integration

Reqular Decoder

. l
Transformers blocks (xL

49



Retrieved Results Integration: Intermediate-layer Integration

Decoder to incorporate retrieved results
(RETRO)
With retrieved results —> E1 E2 E3

X
X3 —

RETRO blocks (xL

Chunked Cross Attention (CCA)

50
Borgeaud et al. 2022. Improving Language Models by Retrieving from Trillions of Tokens



Retrieved Results Integration: Intermediate-layer Integration

________________ e Encoded neighbours

BERT EEEEE i E,

1 —1 =
g BN L1111
! Frozen kNN Retriever :
oo e e == - ? Attend
Condition
Input il
tokens i "K "V
- Y S 4 B .\ |
]
> : i
e Q‘ 4 o [
—<c, —  ATTN > CCA » FFW % 1
L i
CS
X | RETRO block (x L) °

51
Borgeaud et al. 2022. Improving Language Models by Retrieving from Trillions of Tokens



Retrieved Results Integration: Intermediate-layer Integration

Encoded neighbors

e |

Previous layer output H

o2



Retrieved Results Integration: Intermediate-layer Integration

Encoded neighbors

e |-
,
— H,
f
CA(H*E)
__< H2
.
1 CA(H," E,)

: Attending chunks _
Previous layer output H cCAH.E) Nextlayerinput

o3



PART 2: Architecture of RA-LLMs and Main Modules

O RA-LLM architecture overview
O Retriever in RA-LLMs

O Retrieval results integration

Website of this tutorial O Pre/Post-retrieval techniques

O Special RA-LLM paradigms

o4



Pre/Post-Retrieval Techniques

Retrieval Generation
Input : ,’ = v =  Oviput
(Quesidion) =R (Answer)
. ) : )

Pre-retrieval process: to Post-retrieval process: to

improve the adaptation and select better results, merge

X effectiveness of the query L multiple ones, etc

* Query rewriting * Re-ranking
* Query decomposition * Compression

* Query expansion * Correction

SB)



Pre-Retrieval Techniques

J Query Rewriting: to improve the adaptation of the query

Model EM Fi

Input ) Input . Input ) ERamp|s HotpotQA
l ! ' Input: A Direct 3236 43.05
Black-box LLM Small PrLM What profession Fioes Nicholas Ray and Retrieve-then-read 30.47 41.34
Retriever Rewriter Rewriter Elia Kazan have in common? 1T M rewniter 33 80 1385
l ¢ T Trainable rewriter 3438 4597

p—.. | —— u Query , s Query 3 Query: Nicholas Ray profession AmbigNQ
[ lf re T | ¥ lv Query: Elia Kazan profession Direct 42.10 53.05
y . Documents Web Search Web Search i Retrieve-then-read 4580 5850

\ | > L e < .
R e e Retriever Retriever '1 Elia Kazan was an American film and : LLM rewriter 46.40 58.74
l S — 'l' _______ p——— _i ________ : E theatre director, producer, : Trainable rewriter 47.80 60.71
e T T T | i /| |1 sereenwriter and actor, deseribed ...} PonOA
Black-box LLM o Documents | " Documents | ‘. | Nicholas Ray American author and \: - oPQ
& o o Direct 41.94 44.61
Reader N | \ | . director, original name Raymond . ;
R el o Rl il et . Nicholas Kienzle, born August 7, ! Retrieve-then-read 43.20 47.53
] } |
! 1911, Galesville, Wisconsin, US.... | [ LLM rewriter 3600 49.74
 Output Black-box LLM Black-box LLM T : Trainable rewriter 4572 4951
' ' Reader Reader ( - - —
Correct (reader [ ) director .
- { | . ' Hit (retriever ) Works on different QA
utput Reward <« Output .
| settings
56

Wang et al. 2023. “Query rewriting for retrieval-augmented large language models”



Pre-Retrieval Techniques

1 HyDE: Hypothetical Document Embeddings

___________________________________

Standard
search

auey | | auery |

write a passage to answer the question " )
pRszssssscsaccanseascazceadsszacseccaccssassasesosesonoscisssassatessssazesns s o s nnsanspassesay ] How wisdom teeth are removed...

how long does it take to remove H D E - - : Some ... a few minutes, whereas
wisdom tooth : y It usually takes between 30 : others can take 20 minutes or
minutes and two hours to longer....

remove a wisdom tooth...
write a scientific paper passage to answer
the question
How has the COVID-19 pandemic impacted
mental health?

two studies investigating
COVID-19 patients ... significantly
| higher level of depressive ...

'...depression and anxiety had (

increased by 20% since the Contriever =
start of the pandemic... ‘ ! :

LLM

o1zto] 22 ARSH 7|2 L o

write apassage .in Korean to answer the 800?_0} k] Aa LfEl?‘cif.. 22 HS RS AT 52 \4 a n SWE I’S
gueston i getal e Ol S AT} ALQHH 1420 4 Mo
oIzke X £8 ABHETN EEveit-i Search

\ v A v J v

Search
1. Generative task 2. Document-document similarity task
\ 4 \ 4

e e e e e e e ——

___________________________________

Gao et al. 2022. “Precise zero-shot dense retrieval without relevance labels”



Pre-Retrieval Techniques

J Query Expansion

LLM Prompts

Write a passage that answers the given query:

Query: what state is this zip code 85282
Passage: Welcome to TEMPE, AZ 85282.
85282 is a rural zip code in Tempe, Arizona.
The population is primarily white...

Query: when was pokemon green released

KPassage:

N

Method i s MS MARCO dev TREC DL 19
MRR@10 R@50 R@lk nDCG@10

Sparse retrieval

BM25 X 18.4 58.5 85.7 51.2*

+ query2doc X 21430  g53%F pigtel gy
BM25 + RM3 X 15.8 56.7 86.4 522
docT5query (Nogueira and Lin) v 27.7 75.6 94.7 64.2
Dense retrieval w/o distillation
ANCE (Xiong et al., 2021) v 33.0 - 95.9 64.5
HyDE (Gao et al., 2022) X - - - 61.3
DPRypert-base (our impl.) v 33.7 80.5 95.9 64.7

+ query2doc s 35174 825 972" G870

New query = original query + generated documents

gt = concat(g, [SEP], d')

Wang et al. 2023. "Query2doc: Query Expansion with Large Language Models”

Works for both sparse and
dense retrievers

o8




Post-Retrieval Techniques

(d Retrieved Result Rerank (Re2G)

¢ Results from initial retrieval can be greatly improved through the use of a reranker
¢ Reranker allows merging retrieval results from sources with incomparable scores, e.g., BM25 and neura

*

initial retrieval

<
m > 2
s 2 ANN g S
Q o =
Query § g ‘ Index o Generator = =»output
-~ 3 %
: A 5
Regular RAG pipeline
m ;
32| ANN =
(e}
P 8.§ " Index 2 NE
= ' Reranker o Generator |-»{ 3 [+ output
ey . BM25 g M
I ‘ Index | 5
P

RAG with Reranker

59
Glass et al. 2022. “Re2G: Retrieve, Rerank, Generate”



Retrieved Result Rerank (Re2G) Model

(1 Reranker: interaction model based on the sequence-pair classification

-
Top-K —
—+—>| Reranker Passage: Generator |-
=i

3

= output

X

Aisnp ppy
uonezijeuibiep

v

E, sy Ey Egsery E'y e E'y ... Esep

[CLS] " Query [SEP] Passage | [sEP]

60

Nogueira and Cho, 2019, Passage Re-ranking with BERT



Retrieved Result Rerank (Re2G) Performance

T-REx NQ TriviaQA FEVER WoW

R-Prec R@5 | R-Prec R@5 | R-Prec R@5 | R-Prec R@5 | R-Prec R@5
BM25 | 46.88  69.59 | 2499 4257 | 2648 4557 | 42773 7048 | 27.44 45.74

DPR Stage 1 49.02 6334 | 56.64 6438 | 60.12 64.04 | 7549 84.66 | 34.74 60.22
KGIp DPR | 6502 7552 | 64.65 69.60 | 60.55 63.65 | 80.34 86.53 | 48.04 71.02
Re?’GDPR | 67.16 7642 | 6588 70.90 | 6233 6572 | 84.13 87.90 | 47.09 69.88
KGIp DPR+BM25 | 60.48  80.06 | 36.91 66.94 | 40.81 64.79 | 6595 90.34 | 35.63 68.47
Reranker Stage 1 8122 87.00 | 70.78 73.05 | 71.80 7198 | 87.71 0243 | 55.50 74.98
Re’G Reranker | 81.24 8858 | 70.92 74.79 | 60.37  70.61 90.06 9291 | 57.89 74.62

Significantly outperforms pipelines without the Rerank stage

61
Glass et al. 2022. “Re2G: Retrieve, Rerank, Generate”



Post-Retrieval Techniques

(] Retrieved Result Compression

+* Toreduce the computational costs and also relieve the burden of LMs to identify relevant
information in long retrieved documents.

RECOME during Inference .............................................. No retrieval (0 tokens)
Inputqueryx 7T e > - 2010 X
£ == Retrieved documents D RALM (749 tokens)
when did they | . — : B i e, . Blf&kifx g HOAE
St_OP making the moved from Smyrna, Tennessee, -
nissan xterra? | |toNissan's facility in Canton, ) ) [z s R T 7
\_ = Mississippi. Early US models The Nissan Xterra is a 2015 @
include X, S and PRO-4X, witha | ===~ » Compressor --*front-engine, 2-wheel or 4- RECOMP
|choice of 6-speed manual... wheel drive, five-door ... (58 tokens)
z " Summar
Retrieve Compress Y Prepend

1 Compressor Learning Objectives

s Effective

s Concise
J
s Faithful

62
Xu et al. 2023. “RECOMP: Improving retrieval- augmented LMs with context compression and selective augmentation”



Retrieved Result Compression Performance

d QAtasks

NQ TQA HotpotQA
In-Context evidence #tok EM F1 #tok EM F1 #tok EM F1

- 0 21.99 29.38 0 4933 54.85 0 17.80  26.10
RALM without compression

Top 1 documents 132 33.07 4145 136 57.84 6494 138 28.80 40.58

Top 5 documents 660 3939 48.28 677 6237 70.09 684 32.80 43.90
Phrase/token level compression

Top 5 documents (NE) 338 23.60 31.02 128 5496 61.19 157 2220 31.89

Top 5 documents (BoW) 450 28.48 36.84 259 58.16 65.15 255 25.60 36.00

Extractive compression of top 5 documents

Oracle 34 6022 6425 32 7929 8206 70 4180 51.07
Random 279 2297 21 .09 21 5018 536 24 Al 21.00 20 RA
BM25 36 2582 3363 37 5467 61.19 74 2680 38.02
DPR 39 3432 4338 41 5658 6296 78  27.40 38.15
Contriever 36 3006 3192 40 5367 6001 78  28.60 39.48
Ours 37 3657 4422 38 5899 6526 75  30.40 40.14

Outperforms representative sparse and dense retrievers

63
Xu et al. 2023. “RECOMP: Improving retrieval- augmented LMs with context compression and selective augmentation”



Post-Retrieval Techniques: Corrective RAG

1 Corrective Retrieval Augmented
Generation (CRAG)

7/

% Although retrieval-augmented generation
(RAG) is a practicable complement to LLMs,
it relies heavily on the relevance of
retrieved documents

L)

» Alightweight retrieval evaluator is

L)

designed to assess the overall quality of
retrieved documents for a query, returning
a confidence degree based on which
different knowledge retrieval actions can
be triggered

Yan et al., 2024, Corrective Retrieval Augmented Generation

Q: What is Henry
Feilden's occupation?

L

Q: Who was the screenwriter
for Death of a Batman?

L

[ Retriever

]

Accurate Documents

. 4

/Henry Feilden )
(Conservative politician):
Henry Master Feilden
was an Conservative

\Party politician... Y,

~~

Politician.

Generator

Inaccurate Documents

¥

of the murder of Bruce
Wayne's parents. When
Hamm's script was

U

Generator 65

fBatman (1989 film): N

\rewntten, Y,




Post-Retrieval Techniques: Corrective RAG

~ ~
Retrieval (“Ask: If retrieved Knowledge Refinement
documents are
Evaluator d strip, m
1 - Stl'ipl
[—‘: > Lstrips | | > :> ki,
d, | becompose Filter Sripy | Recompose
strip,
L J
Knowledge
i 5 3
Correction Knowledge Searching
k
e @\
! - i q: Death of aBatman;:,:> k, :> k
L e d i screenwriter; Wikipedia ! =
Rewrite ™« o o o Web Select
Search kn
\ J
---------------------------- ﬂ- — — — — —-— —-— — — -
-
|
""""" ' I 5
x i+ - ., i x i+ [
______________ ]
Generation @ [ @
|
Generator

66



Post-Retrieval Techniques: Refiner

1 Refiner: leveraging a single decoder-only LLM to adaptively extract query relevant
contents verbatim along with the necessary context

Downstream LM Output

User XX o’
e (Query ). :

| Are North Marion High School and Seoul

|
[}
1 no
I

: High School both located in the same country? United States
________________________________ ’ South
l they all locate in the U.S. Korea
‘@ [ Relevant Documents | .

Retrieval i) Refiner
72 Wheeling High School, or WHS, is a public four- — 9 (_Extract and Structure ) _______ .
1 I « \
' i X! End-to-End Extract and Section Query-Relevant

I

1

1
\ Contents by Distinct Information:

_______________________ v

| 1.1.Seoul High School

. Seoul High School( Hangul: 4 & 31% 3} 1) is a public

: high school located in the heart of Seoul, South Korea.

1

I

I

I

;

1

1.2. North Marion High School (West Virginia)
North Marion High School is a public Double A ("AA”)
high school in United States of West Virginia.

r North Marion High School (West Virginia)

|I° North Marion High School is a public Double A ("AA")
: high school in the U.S. state of West Virginia, with a
|\\ current enrollment of 851 students...

______________________________________

N ” 67
Li et al., 2024, Refiner: Restructure Retrieval Content Efficiently to Advance Question-Answering Capabllities



PART 2: Architecture of RA-LLMs and Main Modules

O RA-LLM architecture overview
O Retriever in RA-LLMs

O Retrieval results integration

Website of this tutorial O Pre/Post-retrieval techniques

O Special RA-LLM paradigms
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Beyond Standard Pipelines and Components?

" "Which country
| won the

Women's World “Spain
L Cupom”
Input Output
(Queastion) (Answer)

More?

69



Special RAG Pipeline: Self-Reflective RAG (SELF-RAG)

 General Retrieval-Augmented Generation (RAG)

In put \’:> Prompt How did US states get their names?

Step 1: Retrieve K documents

o Of the fifty states, eleven are named
after an individual person.

: ﬁ Popular names by states. In Texas,
Retrleval q o Emma is a popular baby name.
Retriever o Qaliforpia was ng,med after a fictional
island in a Spanish book.

Step 2: Prompt LM with K docs and generate

:> Prompt How did US states get their names? + ooo Retrieval-enhanced
generation results are

US states got their names from a variety of not necessarily useful or
sources. Eleven states are named after an

|
Generation }:{) %% individual person (e.g. California was named helpful !
LM

after Christopher Columbus). Some states
inclu/ \ing Texas Utah, are named after
[ Contradictory erican tribe| No information in passages ]

Retrieved result
iIntegration

70

Asai A, et al.2023. “Self-rag: Learning to retrieve, generate, and critique through self-reflection”



SELF-RAG Overview

Prompt How did US states get their names? Step 1: Retrieve on demand
% —> US states got their names from a variety of sources. [ FasIoe § q
Step 2: Generate segment in parallel o e o

Prompt + o Prompt + o Prompt + o
| =4 =)

11 of 50 state names

Relevant

Irelevant { Texas is named Relevant{ Cqlifornia's name has its
! Supported . . ; origins in a 16th-century novel
come from persons S after a Native American tribe. g - y
Las Sergas de Esplandian. §  partially

Step 3: Critique outputs and select best segment

.- (omm) > @ mm > @ m

: US states got their names from a variety of sources. 11 of 50
—> ! Retrieve | —> Repeat.... =
states names are come from personsg 26 states are named

after Native Americans, including Utah.

....................................................................................................................................... 71



Key Technical Design in SELF-RAG

4 Critic Model Training

Input: Write an essay of your best summer vacation Input: How did US states get their names?

Output: My best summer vacation was a magical escape Output: 1 of 50 states names come from persons. For instance, Louisiana was named in honor
to the coastal town of Santorini. The azure waters, of King Louis XIV of France and Georgia was named after King George II.

charming white-washed building are unforgettable.
@ Critic LM q q Retriever

Auagment utput: | Retrieve <p>0f the fifty states, eleven are named after an individual person</p>.
Augmented Output: My best summer 9 , ed Outp L_,____, o y /
vacation was a magical escape to the coastal town of 11 of 50 states’ names come from person.[ Supported] [ Retrieve i o <p>LOUISIANA: Named in
Santorini. The azure waters, charming white-  honor of Louis XIV of France.</p>. [ Relevant] For instance, Louisiana was named after King Louis XIV, and
washed building are unforgettable experience. Georgia was named after King George Il. pama,,yj ‘ Utk 5 i

L Four types of reflection tokens used in SELF-RAG

Type Input Output Definitions

z/z,y {yes, no, continue} Decides when to retrieve with R

o W) {relevant, irrelevant} d provides useful information to solve .

x,d,y {fully supported, partially  All of the verification-worthy statement in y
supported, no support} is supported by d.

T,y {5,4,3,2,1} y is a useful response to x.

72



SELF-RAG Algorithm

Algorithm 1 SELF-RAG Inference

Require: Generator LM M, Retriever R, Large-scale passage collections {d1,...,dn}
1: Input: input prompt x and preceding generation y.;, Output: next output segment vy,
2: M predicts given (z,y<¢)

3: if [Retrieve] == Yes then

4: Retrieve relevant text passages D using R given (x, y;_1) > Retrieve

5: M predicts given x, d and y; given x,d,y.; foreachd € D > Generate

6: M predicts and given z, y;, d for eachd € D > Critique

7 Rank y; based on [IsReL], [IsSur], [IsUsE] > Detailed in Section[3.3

8: else if == No then

9: M gen predicts y; given x > Generate
10: M gen predicts given ., Y, > Critique

73



Special RAG Pipeline: Recursively Answer

 Chain-of-Thought + RAG

o
o
e

%

One-step retrieve-and-read approach is insufficient for multi-step QA

What to retrieve depends on what has already been derived, which in tern may depend on what
was previously retrieved

- j
B rreeseesy {} {---- > E -=> Answer
J Documents i -7
/,7 Vectorstore L
A s T
Question ’: ------ > QA -----1 {}t----> |= | @ -= >  Answer
~\‘\\ e Documents ,—””
ectorstore _
‘\\\ LT
—
OX  wmeimis 143 }---- = = @} --> Answer
e’ bocuments
Vectorstore

Zhou, et al.2023. “Least-to-most prompting enables complex reasoning in large language models”

74
Trived, et al. 2023. “Interleaving retrieval with chain-of-thought reasoning for knowledge-intensive multi-step questions”



Interleaved Retrieval guided by Chain-of-Thought (IRCoT)

@ Who wrote the 1970 international hit song that Murray Head is most recognized for? Retrieve( @ )

S
IRCoT _ : )
Retrieve (Q) — [=] q) —> q
O Interleaved Retrieval guided Q) o C o

©o by Chain-of-Thought Reasoning

A

T1 « Reason (Q, [E, ¢ )

The 1970 international hit song that Reason( @: ’ @)

Murray Head is most recognized for

is "Super Star" Retrieve (T1) — s Wikipedia Title: Mack Rides
Mack Rides GmbH & Co KG, also ...

A

A 4

Q: In what country was

Lost Gravity manufactured?

SO ey Sl o et e A: The Lost Gravity was manufactured by Mack
P j ¥ . Rides. Mack Rides is a company from

AndreW Lloyd Webber and Tlm RICG Retrieve (T2) _ GermanY. The answer |s Germany.

>

T2 — Reason (Q, [E]+[E, T1)

A

Wikipedia Title: Murray Head

R 3 Murray Seafield St George Head .. .
T3 — Reason (Q, [E+ [B+[B, T1+T2) . ’

So the answer is: - — Wikipedia Title: Most Beautifullest Hits
Andrew Lloyd Webber and Tim Rice. ' The Most Beautifullest Hits is ...

StOp_ : Q: Who wrote the 1970 international hit .. @

L ) A: The 1970 international hit song that
Murray Head is most recognized for
( B is "Super Star". "Super Star" was written

+ + by. Andrew Lloyd Webber and Tim Rice.
J

Trivedi, et al. 2023. “Interleaving retrieval with chain-of-thought reasoning for knowledge-intensive multi-step questions”

A 4
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IRCoT Performance

d QATask
One-time Retrieval }
[ Without Retrieval IRCoT
100 = 100 =
Flan-T5-XXL NoR QA [l OneR QA [l IRCoT QA NoR QA [l OneR QA [l IRCoT QA
30 80

60 = G0 =

.849.9

10 + 10 =

20 - 20 =

0=
HotpotQA 2WikiMQA MuSiQue [IRC HotpotQA 2WikiMQA MuSiQue [IRC
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lterative Retrieval with KG

J Think-on-Graph

Question:
What is the majority party now in the country where Canberra is located?

___________________________________

Anthony
Albanese

| — |

0 0.5 10

Depth1 .~ ° ,(_]_'5 ~ —. citizenship ~.—-
oL ./ G \v&_ ) = / Anthony \Pojj -
o = o : 1t
part.of o(\k\“ £ by Albanese =% pa

country

= r'mr\e“t S
( ) capital of T —c° \_.} %,
Canberra Reasoning L/ Australia . o%e
CoUnt:y Australia prime officeholder &Oo
territory head minister Reasoning

overnment
- - lg - Prime Minister of ( Politician )
Australian Capital Prime Minister Anthony Australia
Territory i

of Australia Albanese
I—)[ Enough Information H

[ Answer | !" Reasoning paths
i § 1. Canberra -- capital of -- Australia -- prime minister -- Anthony Albanese -- political party -- Labor Party l
i Labor Party k.-‘-eneratei 2. Canberra -- capital of -- Australia -- prime minister -- Anthony Albanese -- occupation -- Politician

i 3. Canberra -- capital of -- Australia -- head government -- Prime Minister of Australia -- officeholder -- Anthony Albaneijel

~ L S Y

Sun J, et al., 2024 Think-on-graph: Deep and responsible reasoning of large language model on knowledge graph. 77



Tutorial Outline

O]

O O O O ©

41st IEEE International Confetlence Qb THE HONG KONG
on Data Engineering Q'& ioiggis\%l;u(‘ UNIVERSITY
& s NE=

—— HONG KONG SAR, CHINA | MAY 19 - 28, 2025 —

Part 1: Introduction of Retrieval Augmented Large Language Models (RA-
LLMSs) (Dr.Yujuan Ding)

Part 2: Architecture of RA-LLMs and Main Modules (Dr. Yujuan Ding)
Part 3: Data Management for RA-LLMs (Pangjing Wu)

Part 4: Learning Approach of RA-LLMs (Liangbo Ning)

Part 5: Applications of RA-LLMs (Shijie Wang)

Part 6: Challenges and Future Directions of RA-LLMs (Liangbo Ning)

Website of this tutorial ':> :
Check out the slides and more information! |




Part 3: RA-LLM Data Management

* Pipeline of RAG with Vector DB

Document Corpus

undergo alignment via SFT and
RLHF. After this, applying them in
practice requires a combination of
fine-tuning and in-context learning.

LLMs are first pre-trained, then they

-

Chunked Documents

alignment via SFT and RLHF. After this,

Add Data to the Prompt!

e
° ——
a

-]

applying them in practice requires a combination |

of fine-tuning and in-context leaming. g

LLMs are first pre-trained, then they undergo N\

\

\

.

o 2,

Chunk
Embeddings

Vad
//’ \

\ '/ _al
.| Embedding | /-

7 Model i

/ ‘\. —

\
\

\\‘ / “

~

Vector DB

Retrieved Chunks

LLMs are first pre-trained, then they undergo

/

/

<

alignment via SFT and RLHF. After this,

https://x.com/cwolferesearch/status/1754558231802769857

&

Search
Engine

Q

Calculate Similarity

s,
Prompt/Input: What are\
the three primary training
techniques for an LLM?
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Part 3: RA-LLM Data Management

O Vector Generation
O Indexing

QO Query Processing

Presenter
Pangjing Wu
HK PolyU

O RAG-Oriented VDB Pipeline
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Part 3: RA-LLM Data Management

O Vector Generation

Q Indexing

QO Query Processing

Website of this tutorial Q RAG-Oriented VDB Pipeline
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RA-LLM Learning: Vector Generation

* \Vector generation transforms documents into vectors.
* Dense embedding: using low-dimensional dense vectors capturing semantics.

* Sparse embedding: using high-dimensional vectors with mostly zero entries.

83



RA-LLM Learning: Vector Generation

 ColBERT

* Generates query and document vectors separately using BERT.

Max

Query Encoder, fQ

Offline Indexing

Query Document

84
Khattab et al. ColBERT: Efficient and Effective Passage Search via Contextualized Late Interaction over BERT, SIGIR, 2020.



RA-LLM Learning: Vector Generation

- ES5

* Uses a shared encoder with contrastive loss to generate consistent text embeddings.

I .
@ redd it Semantic Scholar Crawl StackExchange = ( \
E, E,
average pool average pool
. )
1.3B unfiltered \ share
Encoder Encoder
consistency-based filter ~—

_‘ query: text 1 passage: text 2
270M | CCPairs \

e56(4i,pi)

1
min Leope = —— lo
cont n ; ) e50(ai,pi) 1 Zj ese(Qi,p%)

85
Wang et al. Text Embeddings by Weakly-Supervised Contrastive Pre-training, Preprint in ArXiv, 2022.



RA-LLM Learning: Vector Generation

- FiD-Light

»  Compresses encoder outputs into the first-k vectors for efficient ranking.

Retrieval FiD-Light™
| [ |
query q. “index: l context P1. ~— T — 000
- query: q. “index: 2 context: pp— Te — 000

Compress to

2 m — — L first-k vectors
Offline P2

Indexing -
{IIIIII, Pa —> @ Re-Rank the Candidate List
i:' Passage | “index: 2 text: o
I.E : CO”ectlon E l ................. l. .....

Provenance: P: .. Pn TextOutput: o

Hofstatter et al. Fid-light: Efficient and effective retrieval-augmented text generation, SIGIR, 2023.
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RA-LLM Learning: Vector Generation

L(GLLMs ¢comp) = - Z logPHLLM (xt | ¢comp(XA)s xl: v -sxt—l)

- COCOM xt€Xp

* Compresses multi-context embeddings into a
compact form.

Context Emb. 1 Context Emb. 2
. . . . . . @} March 2017

When did Jung begin 4 A A
crafting the record that
peaked on South
Korea’s Gaon Album COCOM
chart? | DSSCCEOCo00ECCoSoSSo0000005005500500050CS0050005as 5 . D0000C0C000005000CCo000003000000000000000800005000C
Com pressor Decoder
Retrieval ¢ 5 A 77777777777777777777777777777777777777777777777 : A (t, 77777777777777777777777777777777777777777777777
- L { Model Prompt ] ..... T .............................
| éﬂ |
Collection Context 1 000 @[ | B | ] [ 000 ]
The mini-album R
peaked at number [Z]
three on South F Sttt \
Korea's national [ _ 1
Top-5 contexts Gaon Album Chart. Q ! . Query Embeddings D LM '
. P ol el 3 i ! . Context Embeddings (\n LoRA tuned |
Reranking d and recording. Wh;_n dldh Jung br:gl: : :
Jung began crafting crafting the record that [ Input Tokens Concatenate |
the record in March peaked on South | D P @ |
2017. In midst of a Korea’s Gaon Album ' \
break while .... | J chart? y COCOM Compressor = Decoder |
I/ 1 I
I COCOM-light Compressor = BERT 1
\ !

87
Rau et al. Context Embeddings for Efficient Answer Generation in RAG, WSDM, 2024.



RA-LLM Learning: Vector Generation

* Vector generation transforms documents into vectors.
* Dense embedding: using low-dimensional dense vectors capturing semantics.

* Sparse embedding: using high-dimensional vectors with mostly zero entries.
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RA-LLM Learning: Vector Generation

 Efficient-SPLADE

* Uses log-saturated term weighting with FLOPS regularization.

_ 10 1\’ II'
F—Z(,,wa) I p
veV i=1 7

FLOPS e
\\-i-

K

sy

5 4
PLM + MLM head

g

Formal et al. Toward Effective and Efficient Sparse Neural Information Retrieval, TOIS, 2024.

$ 4 4

e RV V| = 30522

max pooling

log(1+ReLU(x))

1 %

BERT + MLM head

DoDo -
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RA-LLM Learning: Vector Generation

 Expanded-SPLADE

* Expands vocabularies by reprojection.

{"cholesterol": 2, ...}

T Algorithm 2: Expanded-SPLADE
Pooling ] Inputs: Text ¢, BERT WordPiece vocab V, Output vocab U
. aull) U
/ / \ \ ‘ Output Output: w'”) e R

. (t1,t2, ..., tN) < tokenize t in V
Importance layer ) Embedding (hy, hg, ..., hN) < BERT(t1, t3, ..., tN)

[ [y f
) § Table foreach1 <i < N,je€Udo
| BERT Encoder 4 wi(;) = transform(hi)TE} - b}

' 1 1 /* E} e RH is a new learned embedding for j */

[

,
-]

w

-

. WordPiece Embedding Table 5 foreach j € U do
\ T /' / 6 w}t) = max;<;<n log(1+ ReLU(wI.(jt)))

("lower", "cho", "fHtles", "#itterol") return (w}r) . j e U)

~1

90
Dudek et al. Learning Sparse Lexical Representations Over Specified Vocabularies for Retrieval, CIKM, 2023.



RA-LLM Learning: Vector Generation

* Dense embedding

Strong performance in semantic search

X May retrieve irrelevant documents

* Sparse embedding

Effective for exact match retrieval

X High-dimensional

91



RA-LLM Learning: Vector Generation

 SparseEmbed
* Usingtop-k MLM logits and lightweight contextual attention pooling.

' ]
. |
. -
| |
| |
| |
Contextual / \ / \ : :
embeddinsllljplllIII“lII[IIIII---I[lI“IIII‘IIIIIIIII--- : I:
g 601 eQ4 eQ6 eD2 feD4 er | :
Q |
Sparsew WD _ I sequence | T 1 T . T 1 T | :
vector —; z — L . — I :encodings,s i f f i !
blg apple nyc kaname apple nyc 1 [ Transformer layers |
| |
T T / : ‘Q=\(b|g “;\pple”, “star[ds", "fo{ :
[ Encoder ] [ Encoder ] o -

!

Q = (“big”, “apple”, “stands”, “for”) D = (*nyc”, “nickname’, ...)

92
Kong et al. Sparseembed: Learning sparse lexical representations with contextual embeddings for retrieval, SIGIR, 202 3.



RA-LLM Learning: Vector Generation

 M3-Embedding

*  Simultaneously accomplish the three common retrievals:

o denseretrieval,

o multi-vector retrieval,
o and sparse retrieval.

Multi-stage Training

N

L ] T.\ ® ° T L]
M3 M3
Query Answer

2| 1.2 Billion multilingual
unsupervised data

______________________________________________

~

inter score
[ N AT
dense multi-vec lex
006 (.11 eeiee s (i esvee

Multi-Linguality Multi-Functionality Multi-Granularity

1 [ [ ]

1 [ 100+ Languages ] H 1 [ Dense Retrieval J H H [ Sentence-Level ] H

' Vol o I
[ P

i b i
H [ Multi-Lingual ] ! H [ Sparse Retrieval } ! H
1 ! [

[ [
b [ Multi-Vec Retrieval J .
' Pl

M3-Embedding

Efficient Batching
@% Sampling ——————> !

______

4096 8192

.85.871

128

1
I
=)|| + Labled data (EN, ZH, Mul) !
+ Synthetic data (Long) /:
]
7

\I’raining data

Chen et al. Bge m3-embedding: Multi-lingual, multi-functionality, multi-granularity text embeddings through self-knowledge distillation, 2024.



Part 3: RA-LLM Data Management

QO Vector Generation

Q Indexing

Q Query Processing

Website of this tutorial Q RAG-Oriented VDB Pipeline
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Part 3: RA-LLM Data Management

QO Vector Generation

Q Indexing

Q partitioning

Q Query Processing

Website of this tutorial

Q RAG-Oriented VDB Pipeline
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RA-LLM Learning: Indexing

* Vector indexes speed up queries by minimizing the number of comparisons. This
is achieved by partitioning data so that only a small subset is compared.

* Tables divide data into buckets containing similar vectors.

* Trees are a nesting of tables.
* Graphs connect similar vectors with virtual edges that can then be traversed.
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RA-LLM Learning: Indexing

* SPANN

e Learning-based hash indexing (table) for fast search.
* Vectors X are hashed using h(x), assigned to N posting lists {X;, ..., Xy }.

Balanced Posting List Sizes

N |X]

m1n||X HC|Z+A> (O hi—|X|/N)?, st Zhh =1.
=1 [=1

(Clustering loss) (Balance penalty)

Adaptive Hashing

x € X;; <= Dist(x,c;;) < (1 +€1) x Dist(x, c¢1),
Dist(x, c;1) < Dist(x,¢;2) < -+ < Dist(x, ¢;x)

97
Chen et al. SPANN: Highly-efficient Billion-scale Approximate Nearest Neighbor Search, NeurlPS 2021



RA-LLM Learning: Indexing

+ M-RAG

Data partitioning with RL agents to optimize data selection and refinement.

LEnmsan s R
.

._."l‘ _ -"u.. .‘-' o ) -.'!.’- ."4. 1
;[ =>Partition Backward |* . Training pair Document/ @ Summary —-——(;-)A(
: — Forward IGa'C-:mlt:atf:nati-:m HH il

Summary ; Summary ) <

3 (14)
05 P Performance metric Reward
¥ 5 3 .
Reward O
[ i Agent-R -
@ @ 3 (6) @ B @) B (g) _Action ,
@ ® :1(1)3| (2) (3) — : —> . — |Summary (13) 5
> g Y e — Action :: " u :
@ @ PE | ¥ Summar J (10)
: - i1 H (5) / State
: (1) Randomization " Qate Agent-S e @ ¥ Refine
: Clusterin Catego Update Retrieve: | ) :
; ® ) @ oy . : =i~ Memory [Document| @) Summary | @ Document| — Generation|Summary|:
: @Indexing S i (11)
.. Step 1: Partition a database

Step 2: Select a partition to retrieve .~ Step 3: Refine memories in the selected partition

98
Wang, et al., 2024, M-RAG: Reinforcing Large Language Model Performance through Retrieval-Augmented Generation with Multiple Partitions.



RA-LLM Learning: Indexing

* Vector indexes speed up queries by minimizing the number of comparisons. This
is achieved by partitioning data so that only a small subset is compared.

* Tables divide data into buckets containing similar vectors.

* Trees are a nesting of tables.
* Graphs connect similar vectors with virtual edges that can then be traversed.
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RA-LLM Learning: Indexing

e BATLearn

prob, prob; probg
[ Linear & Softmax ]
]
[ Add & Norm ]4—
|
[ Feed Forward ]
( Add & Norm |
l
e [ Multi-Head Attention |
4 - ! ] i
) ( Add & Norm —
) T
a [ Masked Multi-Head Attention ]
) [} L)
Bncoder | Decoder  @—(\) pliiiy
Embedding Layer
Path

Li, et al., Learning Balanced Tree Indexes for Large-Scale Vector Retrieval, KDD 2023.

Utilizes a learnable balanced K-ary tree with sequence-to-sequence routing

Decoder

¥
L(q,y°) = —logp

E{“—’ Decoder .q
i D EOEE
L(g,y") = —logpy Ground Truth

101



RA-LLM Learning: Indexing

e BATLearn

Query Vector
Top-k neighbors

Layer 1
Beam Search, beam size=2
LN )

True
Distances

| 0 3

Frequency Table

o Full
102

[ d
~
~
~
~
~

—| Decoder

v
—
sort

f e
-
g
=
-
-
-
[
e

Li, et al., Learning Balanced Tree Indexes for Large-Scale Vector Retrieval, KDD 2023.



RA-LLM Learning: Indexing

* Vector indexes speed up queries by minimizing the number of comparisons. This
is achieved by partitioning data so that only a small subset is compared.

* Tables divide data into buckets containing similar vectors.

* Trees are a nesting of tables.
* Graphs connect similar vectors with virtual edges that can then be traversed.
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RA-LLM Learning: Indexing

 Hierarchical NSW

* A multi-layer proximity graph with probabilistic layer assignment

Laver 3 HNSW-BASED
1) ANN SEARCH
: \ 4 . v
Layer 2 INDEX SEARCH
(k=2) CONSTRUCTION PHASE
= L 4 e
HIERARCHICAL
GREEDY SEARCH
s GRAPH
BEST-FIRST
SEARCH

104
Malkov et al., Efficient and Robust Approximate Nearest Neighbor Search Using Hierarchical Navigable Small World Graphs, TPAMI, 2020



RA-LLM Learning: Indexing

* MEVI

* Residual quantization with hierarchical clustering

Document
Embeddings K-Means

Clustering

/N
Yo/ )

Ground-Truth
Documents

Query

\u Y

RQ

Codebook
Subtract Centroid Embeddings
1 O

. A Residual M

Iterative X 3 7-0-5 _—
X Embeddings / / K-Means 968 ---
Clustering >-3-4 Embeddings

Cluster Cog Labels j

/A

AN

S TR PSR

105
Zhang et al., Model-enhanced Vector Index, NeurlPS, 2023.



RA-LLM Learning: Indexing

* CAGRA

* Rank-based edge reordering and reversed edge optimization

initial rank

= index of the neighbor node Sorted by distance in each row
\*i_'!'_'_i_'?_':'ff_'_'_'_'_'_'_'_'_'_'_'_'f?{ni-_'i/ 123---d 123--- d 123--- d
—
hode 2 hode 3 - heded
——— sode N ———— —

Neighbor node list

construct
reversed graph
Dataset AN
Initial KNN graph reordered+pruned graph \ reversed graph / CAGRA graph
[ J [ J
Initial graph construction Optimization

106
Ootomo et al.,, CAGRA: Highly Parallel Graph Construction and Approximate Nearest Neighbor Search for GPUs, ICDE, 2024.



RA-LLM Learning: Indexing

* CAGRA

--» Detourable # detourable

W initial rank --» Not detourable routes from X

(ex—z,ez-y) st. max(wx 7z, Wzy) < Wx Y,

107
Ootomo et al.,, CAGRA: Highly Parallel Graph Construction and Approximate Nearest Neighbor Search for GPUs, ICDE, 2024.



Part 3: RA-LLM Data Management

QO Vector Generation

Q Indexing

Q Storage

Q Query Processing

Website of this tutorial

Q RAG-Oriented VDB Pipeline
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RA-LLM Learning: Storage

\

-

\-
I
I
I
I
I
!

Vamana Graph
Construction

Robust pruning path

\ 4

DiskANN
Uses a Disk-Memory mixed structure to accelerate query search.

fPartitioning & Overlapping\

~

( DiskANN Index

~

~

\ 4

Store Graph & Full Vector on

Assignment

SSD

K-Means Clustering

\_ Assign points to top-| centers )

\_ Store PQ Vector in RAM )

Subramanya et al., DiskANN: Fast Accurate Billion-point Nearest Neighbor Search on a Single Node, NeurlPS, 2019.

Beam Search

SSD Batch Fetch

PQ-based distance filtering

-—
-—
-—
-
-—
_—
_——
_——
_———
-_——
-
-
-
-——
-
-
-——
-_—
_—
—_——
-——
-—
-—
-

Ll -

LN

x

=T AT
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Query

RA-LLM Learning: Storage

 VectorLiteRAG

* Uses aGPU-CPU mixed storage structure to accelerate query search.

Search Queue

Input _

—>

Request

Batcher

Calibration
Queries

-SLO

- Throughput
- CPU Index
Search Model

Requirements

Y

- Hot and Cold

Y

Profiler

B 2B

ps(B) = .(B) 2 sIo.

Size (B)

Cluster Classification
- Index Partitioning
across GPU & CPU

- Minimum Batch

Cluster

> Partitoner

VECTORLITERAG Initialization

Cold
luste

Hot
lustel

Vector Database

CPU GPU
Vector Async
Cluster | LUT Build and Scan LLM [—>Output
Manager ‘ Engine
3 LUT Build and Scan
Partition . Stream T
Aware . Request _
Quantizer LUT Build and Scan || Dispatcher Generation
> Queue
VECTORLITERAG’s Vector Search
(Steady State) —T
110

Kim, et al., An Adaptive Vector Index Partitioning Scheme for Low-Latency RAG Pipeline, ICDE, 2024.



RA-LLM Learning: Storage

* Fusion-ANNS

* AGPU-CPU-S5D optimized structure to accelerate query search.

. b.Response |
| Embedding g i

User * Model
i
y J 2.Query ‘Iul'ectﬂr[ Chat ] 5.Query Vector

Domain
*| Interface J With Knowledge

o =TT -

» L| y 3.Query Request L LLM )

-

| Store Q, 4 Knowledge

|
CPU | Accelerator ANNS Engine €) n-memory ANNS
e e, - e
l Database ] _,| 9 Accelerator-based

DRAM o{‘:} SSD ANNS

111
Tian, et al., Towards High-throughput and Low-latency Billion-scale Vector Search via CPU/GPU Collaborative Filtering and Re-ranking, USENIX, 2025.



Part 3: RA-LLM Data Management

QO Vector Generation

Q Indexing

Q Query Processing

Website of this tutorial Q RAG-Oriented VDB Pipeline
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Part 3: RA-LLM Data Management

QO Vector Generation

Q Indexing

QO Query Processing

Q Similarity Calculation

Website of this tutorial

Q RAG-Oriented VDB Pipeline
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RA-LLM Learning: Query Processing

« General Similarity Scores

 The query processor mainly deals with how to specify the query criteria and how to execute

search queries.

Table 1 Common similarity scores

Type Score Metric Complexity Range

Sim Inner Prod X O(D) R
Cosine X O (D) [—1, 1]

Dist Minkowski v O(D) R+
Hamming v O(D) N

Pan et al. Survey of vector database management system, VLDBJ, 2024.
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RA-LLM Learning: Query Processing

« Existing Query Processing Paradigm

Y
s

PO, /\

ENCODER ENCODER ENCODER ENCODER S ENCODER
Representation-based Deep LMs re-rankers Deep query likelihood models TILDE
Effectiveness
Efficiency
115

Zhuang et al. TILDE: Term Independent Likelihood moDEl for Passage Re-ranking, SIGIR, 2021.



RA-LLM Learning: Query Processing

* Query Processing with Graph-Based ANN Search.

* Navigates the graph index from a seed vertex until the closest result vertex is

identified.
T o ®
Q* © 0 O -
o Y o
g O © .
"~ (a)Original dataset (b) Graph index

116
Wang et al., A Comprehensive Survey and Experimental Comparison of Graph-Based Approximate Nearest Neighbor Search, VLDB 2021.



Part 3: RA-LLM Data Management

QO Vector Generation

Q Indexing

QO Query Processing

QO Acceleration

Website of this tutorial

Q RAG-Oriented VDB Pipeline
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RA-LLM Learning: Query Processing

* WarpSelect

* AGPU-optimized high-performance top-k selection algorithm.

input

ap

mowow (I T T
\_‘ >
o

b2

=

read

(lf—1

thread queue

1]
ddn+1

coalesced

insertion

L
n+3]

Johnson et al., Billion-Scale Similarity Search with GPUs, TBD, 2021.

e Ttu—l
g P 'Ttl—l
T{‘?l ..... T31

yiomjau Buibiow

warp queue
Wy W :
Wi :
WSl Wk_ 1

lane O

lane 1

lane 31
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RA-LLM Learning: Query Processing

* Routing-guided learned Product Quantization (RPQ)

* Integrates routing-guided learned product quantization with adaptive vector decomposition.

l_ Update

[ Differentiable quantizer Y [ Feature extractor (Sec-V) 3 : Multi-feature joint ‘|
I (Sec-1V) ¥ 'i  training module I
ey S ; N\ i |
: Differentiable 3 : PG Routing : i (Sec-vi) :
| E = Quantization : : Q(Zs) Q(#) Q7). o : : I

1|8 5 | o===== o 57 S —
- R 1 A l’ C e : : z Qi) @ ‘ SX1EH SN : : N:é‘g::::‘:;d Minimize :
: s 1 /ﬁc 1 | i Q'(f;-) y : X s o L > loss :
! g 5 ! ° : : 'S ! )l Q(F10) CQ(2), ' : l’ - -C-’ T \\ |
| Iy - = 1 \ Q) @ @\ ¥ /ﬁ ol 0
— 5 : LS °\ : "@H‘%’ S Q(F12) Neighborhood Features | | : by B |1 [
. § ———— 1l ! ¥ s 5 |
13 [ [ — ! Sk
I -»[—H-b | St | N et ; - B A ]
! §: mia 1| Vais \ ° : : : I Y& Query vertex 1 b (ialﬂ(i:) by : | Routing ! 1|
1|3 | 42 2 ; T B 1 BfQGEWIRGEWQGE)|QGE)|b, | 1 ! ° 1B
! ‘ W - T E () Top-1 nearest vertex ' 5[0 o) b H Featureloss |1 ° o o |, :

- i g e I glioaS ) i [ 4

i i Feoe Z----"| |1 @ candidate vertices R ) I S Her © SR
* ( 7 ' |1 O Entryvertex : se@RE T e |
% Lookup Table Bl ) e ) ' > 20
3 L J i Routing Features ! |
CLq \ l\ 7

____________________________________________________
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Yue et al. Routing-Guided Learned Product Quantization for Graph-Based Approximate Nearest Neighbor Search, ICDE, 2024.



RA-LLM Learning: Query Processing

« CDFS

* Combines sparse retrieval with cluster-quided partial dense retrieval

L Query Top-k sparse retrieval results
Sparse retrieval —
Membership
Cluster selection with istribution
direct and probabilistic O -
‘guarantees lie i o9i..do;
. . . ) Dens.e embeddir;.
Partial dense retrieval fused clusters S
with sparse retrieval
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Yang et al. Cluster-based Partial Dense Retrieval Fused with Sparse Text Retrieval, SIGIR, 2024.



RA-LLM Learning: Query Processing

* Proximity

* Reusing similar query results without repeated database lookups.

@ ) Lookup

m R ——

o 314|912 —

= Fill cache -
() —> 317419 Vector
u/_\ DB
31419112 PROXIMITY cache
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Bergman, et al., Leveraging Approximate Caching for Faster Retrieval-Augmented Generation, EuroMLSys 2025.



Part 3: RA-LLM Data Management

QO Vector Generation

Q Indexing

Q Query Processing

Website of this tutorial QO RAG-Oriented VDB Pipeline
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RA-LLM Learning: RAG-Oriented VDB Pipeline

* Milvus

* Leverages a hybrid GPU-CPU engine with SIMD-optimized query processing and multi-
storage for scalability.

data science / Al applications

‘ SDK / RESTful APIs

-~ QUErY processing -, .- indexing . ] GPU Engine

vector similarity searchl: {|quantization-based idx GPU kemel-..

Query | attribute filtering [ i graph-basedindex [ §°°-pf°°essin9§
: ' @[ hybrid index

Engine | multi-vector query | i tree-basedindex

tH H
......
"""""""""
.......

. &
..............................

Storage index / data files JJ mdex / data files _u
Engine |:

taasmmssssassssannass l-md'f.' renet® e .:::::‘-_..-_.‘-,W ......................
-----------------

[ bufferpool manager ] [multl-storage (S3 /HDFS)
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Wang et al. Milvus: A Purpose-Built Vector Data Management System, SIGMOD, 2021.



RA-LLM Learning: RAG-Oriented VDB Pipeline

e Chameleon

 FPGA-based near-memory accelerators for vector search.
» Disaggregated architecture for LLM inference.

4L Prompt (context):
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Large Language &5
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9 context vector
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Jiang et al. Chameleon: a Heterogeneous and Disaggregated Accelerator System for Retrieval-Augmented Language Models, VLDB, 2024.
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RA-LLM Learning: RAG-Oriented VDB Pipeline

* Rummy

* Using cluster-balanced indexing, query plan retrofitting, and pipelined scheduling.

- Offline - BatCh ........................ ONline s, .
.’.f SIS Database Queries —i User —I—Result ..
2T Vectors r-—— GPU ------ -- Host -;

I i | Select Top-n ! :
Index Building [+ Clusters i |
Cluster Balance | | i| KC(§4.2) P

(§4.2) Query Plan i 1 Nptify i
I :i| Retrofitting (§4.1) [! Push [— MM (54.4) i
Data Loader |ii | et I '

! i [ Pipelining Scheduler Group

Profiler (§4.3.1) = (§4.3.2 §4.3.3) e Queue ¢
Original Components RUMMY Components SM
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Zhang et al., Fast Vector Query Processing for Large Datasets Beyond GPU Memory with Reordered Pipelining, USENIX 2024.



RA-LLM Learning: RAG-Oriented VDB Pipeline

« Chat2Data

* A multi-stage pipeline with adaptive query preprocessing, LLM-driven pipeline generation,
and caching.

Structured Data Analysis ———» Unstructured Query — — — b Caching ------- >
Input Online Query Inference Output
Query N DN
L =5 AN R -5
Request Pre-processor LLM Agent c%? Answering
Query A f Schedule
| Matchings : [
Structured "'5' — = |ﬁ6
a8 Result Prompt Pipeline s
Reuse Generation Generation Data analysis
A A &visualization
Unstructured : 1
Data Cached Result Models/Tools Knowledge/Tools :
Data! * : ’ VYResult

Offline Data & Knowledge Preparation

R H & X I

Data Paragraph Embedding Tools Vector Prompt Model
Collection Splitting models Database Template Fine-tuning
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Zhao, et al., Chat2Data: An Interactive Data Analysis System with RAG, Vector Databases and LLMs, VLDB, 2024.
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Part 1: Introduction of Retrieval Augmented Large Language Models (RA-
LLMSs) (Dr.Yujuan Ding)

Part 2: Architecture of RA-LLMs and Main Modules (Dr. Yujuan Ding)
Part 3: Data Management for RA-LLMs (Pangjing Wu)

Part 4: Learning Approach of RA-LLMs (Liangbo Ning)

Part 4: Applications of RA-LLMs (Shijie Wang)

Part 5: Challenges and Future Directions of RA-LLMs (Liangbo Ning)

Website of this tutorial ':> :
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